Structural Summaries as a Core Technology for
Ef cient XML Retrieval

Dissertation

zur Erlangung des akademischen Grades des
Doktors der Naturwissenschaften
an der Fakult fur Mathematik, Informatik und Statistik
der Ludwig-Maximilians-Universit Minchen

von

Felix Weigel

06. November 2006



Diese Arbeit ist als Buch mit dem TitgEf cient XML Retrieval with Structural Summaries® im Verta
Dr. Hut erschienen (Miinchen 2006, 303 Seiten, ISBN 3-8996B-6).

This work was published as a book entitled “Ef cient XML Rietral with Structural Summaries” by
Dr. Hut Verlag (Munich 2006, 303 pages, ISBN 3-89963-461-6)

Erstgutachter/Primary supervisor: Prof. Dr. Francois Bry
Ludwig-Maximilians-Universitat Miinchen

Zweitgutachter/Secondary supervisor: Prof. Dr. Klaus U. Schulz
Ludwig-Maximilians-Universitat Minchen

Externer Gutachter/External supervisor: Prof. Dr. Gerhard Weikum
Max-Planck-Institut fur Informatik, Saarbriicken

Beginn der Arbeit/Begin date: 01. Oktober 2003

Tag der Abgabe/End date: 06. November 2006

Tag der mundlichen Prifung/
Date of oral examination: 04. Dezember 2006



Structural Summaries as a
Core Technology for Ef cient
XML Retrieval




Felix Weigel



Abstract

The Extensible Markup Language (XMLg extremely popular as a generic markup language
for text documents with an explicit hierarchical structufiehe different types of XML data
found in today's document repositories, digital librariggranets and on the web range from
at text with little meaningful structure to be queried, oveuly semistructured data with a
rich and often irregular structure, to rather rigidly sttred documents with little text that
would also t a relational database system (RDBS). Not ssipgly, various ways of storing
and retrieving XML data have been investigated, includiagive XML systems,relational
engines based on RDBSs, amybrid combinations thereof.

Over the years a number of native XML indexing techniquesteamerged, the most im-
portant ones beingtructure indicesandlabelling schemes Structure indices represent the
document schem@e., the hierarchy of nested tags that occur in the doctshé@na compact
central data structure so that structural query consg@ng., path or tree patterns) can be ef-
ciently matched without accessing the documents. Lahglichemes specify ways to assign
unigue identi ers, oflabels to the document nodes so that speci c relations (e.g. /jiaeild)
between individual nodes can be inferred from their lab&sain a decentralized manner,
again without accessing the documents themselves. Sirtbestsacture indices and labelling
schemes provide compact approximate views on the docurimaotige, we collectively refer
to them asstructural summaries

This work presents new structural summaries that enabldyhéd cient and scalable XML
retrieval in native, relational and hybrid systems. The kewtribution of our approach is
threefold. (1) We introducBIRD, a very ef cient and expressive labelling scheme for XML,
and theCADG, a combined text and structure index, and combine them asdmplementary
building blocks of the same XML retrieval system. (2) We prep a purely relational variant
of BIRD and theCADG calledRCADG that is extremely fast and scales up to large document
collections. (3) We present tHRCADG Cachga hybrid system that enhances READG
with incremental query evaluation based on cached restikaudier queries. Th&RCADG
Cacheexploits schema information in thRCADGto detect cached query results that can
supply some or all matches to a new query with little or no cotafional and 1/0O effort. A
main-memory cache index ensures that reusable queryseseliguickly retrieved even in a
huge cache.

Our work shows that structural summaries signi cantly iy the ef ciency and scal-
ability of XML retrieval systems in several ways. Formeratédnal approaches have largely
ignored structural summaries. TRCADGshows that these native indexing techniques are
equally effective for XML retrieval in RDBSsBIRD, unlike some other labelling schemes,
achieves high retrieval performance with a fairly modestage overhead. To the best of our
knowledge, th&RCADG Cachés the only approach to take advantage of structural sunesari
for effectively detecting query containment or overlap. rstover, no other XML cache we
know of exploits intermediate results that are producedagproduct during the evaluation
from scratch. These are valuable cache contents that setha effectiveness of the cache at
no extra computational cost.

Extensive experiments quantify the practical bene t of @fllthe proposed techniques,
which amounts to a performance gain of several orders of iatghncompared to various
other approaches.
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Zusammenfassung

Die Extensible Markup Language (XMIst eine weit verbreitete Auszeichnungssprache fur
hierarchisch strukturierte Textdokumente. Heutzutageem sich in Dokumentensammlun-
gen, elektronischen Bibliotheken, im Intra- und Interreschiedenste Arten von XML-Doku-
menten: angefangen von Textdaten, deren ache Strukthriaaam fur die Anfrage eignet,
Uber semistrukturierte Dokumente im eigentlichen Siiiegine reiche und oft unregelmafi-
ge Struktur aufweisen, bis hin zu eher einheitlich strukttien Dokumenten mit wenig Text,
die ebenso gutin einer relationalen Datenbank gehaltetlemédnnten. So ist es nicht Uberra-
schend, wie viele unterschiedliche Arten es gibt, XML-Dwolante zu speichern, insbesondere
nativeSystemerelationaleSysteme unthybrideAnsatze, die beide kombinieren.

Im Laufe der Zeit sind eine ganze Reihe nativer Indizieruagshren fur XML entstan-
den, insbesondef@trukturindizesind Numerierungsschemat&trukturindizes reprasentieren
dasDokumentenschemd. h. die Hierarchie verschachelter XML-Etikettéags) in einer
einzigen zentralen Datenstruktur. Auf diese Weise korstarkturelle Anfragebedingungen,
etwa Pfad- oder Baummuster, ef zient und ohne Zugriff a&f Dokumente ausgewertet wer-
den. Numerierungsschemata zeichnen die Dokumentknoteinmdeutigen Kennummern aus.
Aus diesen lassen sich bestimmte Beziehungen zwischen detei(z. B. die Eltern-Kind-
Beziehung) herleiten, wiederum ohne Zugriff auf die Dokateeoder auch nur eine zentra-
le Datenstruktur. Sowohl Strukturindizes als auch Nunmarigsschemata stellen eine nahe-
rungsweise Sicht auf die Dokumentstruktur dar. Daher lobpein wir beide alStrukturaus-
zug (structural summary)

Die vorliegende Arbeit stellt neuartige Strukturauszuge mit denen XML-Daten in na-
tiven, relationalen und hybriden Systemen auf hochstiehte und skalierbare Weise durch-
sucht werden konnen. Unser Ansatz zeichnet sich in diegfaklinsicht aus. (1) Wir fuhren
BIRD ein, ein sehr ef zientes und ausdrucksstarkes Numeriesseitema, sowie den Text-
und StrukturindexCADG, und verkntipfen beide Verfahren in einem XML-Anfragesyst
(2) Es wird eine rein relationale Variante v&@iRD und demCADG namesRCADG vor-
gestellt, die selbst grole Dokumentensammlungen sehekahurchsucht. (3) Der hybride
RCADG Cacheerweitert denRCADG um eine inkrementelle Anfragekomponente auf der
Grundlage von zwischengespeicherten Ergebnissen &illderfragen. DelRCADG Cache
bedient sich der iflRCADGvorhandenen Schemainformationen, um diejenigen Anfragen
Zwischenspeicher zu nden, die alle oder zumindest einigeffér fir eine gegebene neue
Anfrage mit wenig oder gar keinem Berechnungsaufwand oderi#fen auf die Peripherie
liefern kdnnen. Mit Hilfe eines Hauptspeicherindex aufrd&wischenspeicher werden sol-
che wiederverwendbaren Anfrageergebnisse selbst danelsgefunden, wenn bereits viele
Anfragen gespeichert worden sind.

Es zeigt sich, dal3 XML-Anfragesysteme hinsichtlich ihrézienz und Skalierbarkeit er-
heblich von Strukturausziigen pro tieren, und zwar in nfetiner Hinsicht. Die bisher bekann-
ten relationalen Ansatze nutzen die Vorziige von Straktsziigen kaum aus. Am Beispiel des
RCADGwird deutlich, daf sich solche nativen Indizierungsvaratdurchaus auf die XML-
Suche in relationalen Datenbanken tbertragen laf&D ermoglicht eine schnelle Suche
bei nur maRig erhohtem Speicherbedarf, anders als maridiigere Numerierungsschema.
Soweit bekannt, ist ddRCADG Cachealas einzige Verfahren, das mit Hilfe von Struktur-
ausziigen untersucht, welche Anfrageergebnisse einantt@lten oder tberlappen. Daruiber
hinaus ist uns kein weiterer XML-Zwischenspeicher geluder auch Zwischenergebnisse
enthalt, die wahrend der Anfrageauswertung ohnehinllanfaSolche Zwischenergebnisse
erhdhen den Wirkungsgrad des Verfahrens, ohne daf3 dadatziiche Rechenleistung erfor-
derlich ware.

Nach ausgiebigen Versuchsreihen lafit sich der praktidateen der oben genannten Ver-
fahren auf einen Gewinn von mehreren Grof3enordnungen inglaieh zu verschiedenen an-
deren Ansatzen beziffern.
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CHAPTER
ONE

XML Retrieval

1.1 Motivation

The Extensible Markup Language (XMIXML] has by now become widely accepted as the standard
markup language for modelling, querying, exchanging andrgj a broad range of semistructured data
with different characteristics. At the one end of the speutrthere are text-centric documents with only
little explicit structure that is worth querying, such asbagages, Wikis, Blogs, news feeds, e-mail and
FAQ archives. At the other end of the spectrum, we have rathtabase-like XML content with a far more
rigid and meaningful structure and little text, such as pidatalogues, tax payer's data submitted via
electronic forms, bibliography servers, address books, segvice descriptions and even scienti ¢ sensor
data. In between those two extremes, XML is perhaps most aorynused for a wide variety of data
which is truly semistructured, having a more or less compled irregular structure that adds signi cant
information to the rich textual content. Examples are doents in digital libraries or in the database
of a publishing house, articles in electronic encyclopgdam-line manuals, technical documentation in
corporate intranets, linguistic databases containingguhfragments of natural language, and scienti c
taxonomies or ontologies that formalize domain knowledge $tructured way.

While generic markup languages for semistructured dath asaheStandard Generalized Markup
Language (SGMUEGMI] have been used already for a long time, most notabpitcument management
and publishing, it was only the adoption of XML for the WoNuide Web that has made the semistructured
data model so popular for all kinds of businesses and apiglica Given a steadily growing entourage of
complementary speci cations, standards and tools thaefdbe creation, retrieval and manipulation of
large amounts of XML data, the community has long since abaed the often-cited toy collections of
the early dayd[[BosakT9pP9] that contained a few kilobytemahually marked-up poetry, facing today
the many gigabytes of real-world XML data in productive syss. In other words, now that such a large
number of people using such a large amount of data are cawithat XML is a good choice for their
purposes, ef cient and scalable retrieval techniques neé@ developed in order to prove them right.

1.2 Approaches to Ef cient and Scalable XML Retrieval

Trying to tackle new problems with existing solutions is btntommon and sometimes even the best strat-
egy. Moreover, given that XML is partly used for content whis close to either at text or completely
structured data, it seems natural to nd out how far one canrg®&ML retrieval using traditional Infor-
mation Retrieval (IR) engines or relational database sys{@&DBSs). On the one hand, these two options
have the advantage of relying on rather mature technologjiding very ef cient data structures and
algorithms. On the other hand, both approaches suffer freimherent dichotomy between text and struc-
ture that is characteristic of XML, incapable of supportthg two simultaneously to the extent needed.
Neither the highly structured relational model nor the wndured at-text data model can fully capture
a rich XML hierarchy. In order to t the relational model, theerarchical, irregular structure of XML
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1.2. APPROACHES TO EFFICIENT AND SCALABLE XML RETRIEVAL

data must rst be broken down to tuples with a suitable schesna then ef ciently restored from sets
of tuples at runtime. Even simple queries involving nestiednents, possibly with interwoven text, are
not fully grasped by SQL's string matching capabilities egular expressions. Analogously, IR systems
need a more expressive data model than linear full-textpe eath the hierarchical nature of XML. Early
IR-inspired approaches to structured text retrieval, @asRAT expressiond[Salminen and Tompa 1992]
or theRegion AlgebrdlConsens and MIilo 1994], only partially overlap with todaguery languages like
XQuery[RQuery] andXPath[XPaif].

Therefore the development of dedicated XML retrieval systéas received much attention. They are
most commonly referred to amative(i.e., structured-preserving) systems, as opposed tdyprglational
approaches anbybrid systems that combine the former two. Native XML retrievagiees are built
on top of a tree or graph data model such asRieeument Object Model (DOMBOM] or the Object
Exchange Model (OEMPapakonstaniinou et al. 1995]. Native XML systems aregesi to capture the
nature of the data as closely as possible, unlike relatidatlbases or at-text IR engines where on the
contrary the XML data must be adapted to the nature of theesysA wealth of tree- or graph-speci c
data structures and algorithms have been devised to thisTéey fall into three categories:

1. structure indices index structures for retrieving instances of speci c melstag patterns in the
document$, partly inspired by earlier work on query optimization injedt-
oriented database systeins

2. labelling schemes methods of assigning XML elements unique identi ers that@de certain
structural relations (e.g., nesting or document ordesybeh these elemefits

3. structural joins join algorithms that operate on sets of XML elements to mgtances of
more or less complex tree or path patterns, such as twigseiddcumenfs

Structure indices are often callstructural summarie# the literature. In this work we deliberately
generalize this term to subsume not only structure indlmgtsalso labelling schemes. This is to emphasize
that both bene t XML retrieval by providing a reference towusttural properties of XML elements, which
therefore need not be looked up in the documents. More @igcige view structure indices agntralized
structural summariesi.e., global data structures where path patterns in theyoten be matched, and
labelling schemes agecentralized structural summarijeshich allow to infer relationships between ele-
ments from information that is local to these elements. &many contributions in the distinct categories
are largely complementary, synergies arise from combigstngcture indices, labellings schemes and join
algorithms for XML. In fact, most structural joins have bedesigned with a speci c labelling scheme in
mind.

Structural summaries in the above sense are not to be cahifuitte so-calledschemaspeci cations,
i.e., formal de nitions of the document structure such as EBDDor XML Schema[[XSDIl]. These are
grammar formalisms for specifying structural constrathts must be satis ed by all documents of a spe-
ci ¢ type. Although structural summaries also represertdocument schema, their purpose is to re ect
structural patterns or properties that are currently esg@e in the documents. As a consequence, struc-
tural summaries may change in response to modi cations efdilcument collection that introduce new
structural patterns. By contrast, when adding documerastilection that conforms to a speci ¢ DTD or
XML Schema, structural patterns that are not re ected ttaeedismissed for being invalid with respect
to the ( xed) document schema. In this sense the DTD and XMhe8ta formalisms arprescriptive
whereas the structural summaries we deal with herédeseriptive

INative XML retrieval systems include, e.g., those [by McHegal 199} ],[Naughton et al. [20p [ LT and Moon [2901],
Barbosa et al 12091 Fiebig et al- | 2q0P] Jagadish € ], an{Paparizos et al-]2403].
2Structure indices for XML have been proposed, among otheyGoldman and widom 1997 [_Mio and Sucia [1999],

[Cooper etar 12001 [ Kaushik et al. [2042p[, Jiang et alogi[Schenkel et al. [2094] afid Qun et ar. [2P03]. Chatereys some
of these approaches.

SIndex structures for object-oriented databases have bednfgward, among others, bf_Berino and Kim [1989],
[Remper and Moerkotte [TOp [ Nestorov et a [1p97] as w

4An overview of labelling schemes for XML is given in Chafi®r 3

SStructural join algorithms have been presented, e.g [ TBnget al. [2000L] [T and Moon [20p 1[A-Rhalta et ar 12402
T, Jiang et ar. TAfEfustet al. T7008[ Tam etal. T70p§L. Chen et al. [7qopaletar. T700%]

andCuetar. T200p].
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CHAPTER 1. XML RETRIEVAL

1.3 Goal and Scope of the Thesis

It is true that building a native XML retrieval system fronratch allows one to take full advantage of the
aforementioned native data structures and techniqueset#aywnow that scalability and retrieval ef ciency
are major concerns, storing and querying XML data in an RD8Bgarticularly tempting because (1) ef -
cient access methods and highly scalable storage methodsdtional data have been developed in over
thirty years; (2) query planning and optimization in theatelnal algebra is well-understood; (3) RDBSs
are already widely deployed and offer key features for tlwlpctive use, e.g., concurrency, transactions
and safety. Replicating this functionality in a home-gravative XML database requires much work. On
the other hand, so far the bene ts of native XML techniqueshsas structural summaries, seem hard to
reconcile with the rigid and at relational data model. Ircfaalmost all approaches to XML retrieval in
RDBSs are more or less oblivious of the most ef cient indexand labelling techniques for XML that
have been developed over the years.

The goal of this work is to show how innovative use of struatlsummaries can contribute to very
ef cient XML retrieval in native, relational and hybrid siesms:

New native structural summaries are proposed whose piepare especially valuable for ef cient
and scalable XML retrieval.

These structural summaries are shown to be easily combiithdther structural summaries. We
jointly integrate them into a hybrid retrieval system, wagserformance is thereby signi cantly
improved.

The same combination of structural summaries is used inelyrglational retrieval system. It turns
out that the cost of migrating the native XML retrieval teirjues to the RDBS is low, whereas the
bene tin terms of retrieval speed can amount to severalrsrdemagnitude.

We show that structural summaries are also a very effecte@®to locate reusable data in a cache
of XML query results. Adding cache functionality based omstural summaries to our relational
retrieval system again improves the performance by ordersagnitude.

The successful use of structural summaries for differenp@aes in different retrieval contexts illustrates
that structural summaries are much more versatile thaniwleatnmonly perceived. Especially the bene t
of centralized structural summaries for detecting quent@ioment and overlap in XML caching has been
largely ignored so far, as it goes far beyound their candnisa as mere structure indices. Also, the tight
integration of structural summaries with the relationaéiguengine that we achieve in our system is a
novum. It contributes to bridging the apparent gap betwegiveand relational XML retrieval.

Besides the aforementioned applications, structural sames are also very useful in two other re-
spects, which are only covered in a cursory way by this woek Gectiofi12 in PALV1). The rst applica-
tion concerns IR-based XML retrieval systems, which faegtyofold burden of adapting their storage and
relevance-ranking models to documents with a hierarclsicatture. Here structural summaries not only
help to increase the retrieval ef ciency, but also providstfaccess to different kinds of structure-speci c
ranking parameters, like path frequencies etc., that a@detefor XML relevance ranking. Earlier work
[WeigeT et al. 20094; WeigeT et al. 20044b] has studied thekiexi our structural summaries for both tasks
in combination with a variety of ranking models from XML Infoation Retrieval.

Second, it has been repeatedly pointed out in the literdihatein addition to being ef cient and scal-
able, XML retrieval systems should also guide human usetBédir quest for speci ¢ parts of the docu-
ments, whose structure they may not know a-priori. Thislehgk is clearly speci c to structured docu-
ment retrieval, and not faced by at-text IR or current welarsh enginesf_Goldman and Widom [1p97]
recognized early that centralized structural summarieg)@al representations of the document schema,
play an important role in making users acquainted with thecstire of the documents they are querying.
They proposed a graphical representation of the documbkatsz and selected samples of element content
that users could browse before starting to formulate qaei#sewhere[JWeigel 20P6] we argue that this
separate schema browsing can be tightly integrated with¢heal retrieval process and extended to cover
both the structure and the contents of the documents. THésgogprovide users with a highly interactive
and intuitive retrieval experience, where the borders betwschema browsing, query formulation, query
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evaluation and result inspection are largely blurred. Enaging users to interact with the system in such
a way of course makes sense only with a very responsivevatimgine. Actually this was the initial
motivation behind our studies of XML caching techniquesichtallow to recognize previously computed
query results that can be immediately presented to the ngesponse to a new query. Since structural
summaries also play a role in this task (see above), theyalcsupport intuitive XML retrieval in two
respects: on the one hand, by providing users with a grajeisgesentation of the document schema, and
on the other hand, by enabling a smooth continuous feedhgttielsystem during the integrated query and
browsing process that has just been sketched. Keeping id atéo the third bene t (hamely, the support
for relevance ranking), one should indeed regard strukctunr@maries as a core technology for various
aspects of XML retrieval.

Finally, a few words on the limitations of this work are in erdFirst, our techniques are based on a tree
data model thatignores cross-references in XML documeshiish may be speci ed using eith&dd/IDREF
attributes or XLink [XIInH] and XPointer[[XPainikr] constets. Especially the labelling schemes we
present make the assumption that every node in the docureer(eixcept the root) has exactly one parent
node. Second, as others before we deliberately employ aafagoery model instead of using XPath
or XQuery directly. However, our formalism covers the coeattires of most XML query languages,
including all thirteen XPath axes. Third, while updatestef tlocument collection are discussed at various
occasions throughout this work, we assume that all data tqueeied is simultaneously stored in the
retrieval system at any point in time. In particular, thislexles distributed settings and the retrieval of
streamed XML data. Finally, several general databasessbiae also apply to XML retrieval systems are
ignored here. These include, e.g., concurrency and regaeress control and privacy, and versioning of
XML data.

1.4 Structure of the Thesis

As mentioned before, this work focuses on the role of stmattsummaries for improving the ef ciency
of XML retrieval systems. The following parts of the thes@ver different aspects of this topic. PEIt Il
(pagelIV) presents various labelling schemes for XML, wisismmarize the document structure in a
decentralized way. PafJIl (padel71) reviews differenteindtructures that all belong to the class of
centralized structural summaries. Fad IV (pigk 89) shows $tructural summaries can be used for
XML retrieval in relational database systems. Bdrt V ({2g8) Heals with caching techniques for XML,
including a novel approach to detect query containment &edap with the help of centralized structural
summaries. At the end of the thesis, Balt VI (dagd 171) suimasathe contributions made and concludes
with a brief outlook on other useful aspects of structurahmaries, namely, for enhancing XML relevance
ranking and the user interaction in XML retrieval systemgaly, a short appendix lists further details of
the experiments that were carried out as part of this work.

Each of the parts just mentioned comprises two chaptersfollogeiing second chapter of the introduc-
tion compiles important preliminaries, including the datel query model to be used throughout this work
as well as th&@ hree-Level Model of XML Retrievtiat illustrates the use of structural summaries from an
abstract point of view. In Pafid 11 [@V, the rst chapter caints a compact survey of contributions to the re-
spective aspect of XML retrieval that are representativéifat part of the literature. The second chapter in
each part then proposes a new approach to the same problemewAtontributions are explained in detalil
and evaluated empirically in extensive comparative expenits. We also highlight speci ¢ weakspots of
prior approaches that are addressed by the new solutiorelbasiopen questions that remain to be solved.
The two chapters in PAII}I contain a short summary and okitie® mentioned above. The appendix also
consists of two chapters, one listing technical parameteise experimental set-up and another supplying
a detailed analysis of our experiments with different laibglschemes.
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CHAPTER
TWO

Querying XML Documents using Structural Summaries

2.1 XML Data Model

As a basis for the XML retrieval techniques to be presentéalét is convenient and common practice
to abstract from the XML serializatioR[XML] and introducere formal data model instead. Throughout
this work, we regard any (collection of) XML documents atogument tre¢disregarding cross-references
speci ed with ID/IDREFRattributes), which is de ned as follows:

De nition 2.1 (Document tree) Let T be a nite alphabet of tag names. ddbcument treés a nite or-
dered node-labelled rooted tree=DhV;r; Child, NextSihtag where V is the nite and non-empty set of
document nodes (elements) 2 V is the rootof DChild V V is a binary relation such thaw/; r; Chilci

is an unordered tree with root iNextSib 'V V is thesibling orderrelating a child to its immediate right
sibling (if any), andtag:V ! T assigns to each node2wW atagtagv) 2 T.

FigurelZ1 on the following page illustrates a single doconb®th in XML syntax i) and as a doc-
ument treeD ([@). For convenience, each nodelhis given a uniquenode label(the number inside
each node; ignore the precise labelling scheme for the mgmBEmkeep the data model simple, multiple
documents in a collection are modelled as one largelreensisting of a newly created rootand the
individual document trees whose roots are children.dfIln the sequeln = jVj denotes the cardinality
of V. The Child relation is assumed to exclude self-edges of the formd and multiple edges between
any pair of nodes iv. The sibling ordeNextSibmust respect the XML document ordELTXIML]. For any
v;w 2 V, let distancév;w) be the number of edges on the unique path connegtangdw. Furthermore,
levelv) = distancér;v) denotes the vertical position efin D (and also the number ofs ancestors),
whereadp = maxpy f leve(v)g is the height oD. Finally, letsiz€v) be the number of descendantsvof
(i.e., nodes in the subtree rootedvirexcludingyv itself), and letprgv) (postv)) denote the rank of in a
left-to-right preorder (postorder) traverdaff D. Note thatprecoincides with the XML document order.

BesidesChildandNextSih there are a number of other binary tree relations relevarXfiL retrieval.
The relations listed in Tab[ER.1 on pdge 9 ( rst column) aeveimportant fragment of the XPath language
[XBai], similar toCore XPathas de ned by Goftlob et al. [2096]. In particular, all thiegle XPath axes can
be expressed in our data model. Ehild, NextSih Followingand their inverse relation®érentPrevSib
andPrecedingrespectively), the closest XPath axes are given in thensboolumn of TablEZ]1. Similarly,

1For simplicity, we treat the termdocument nodandelementas interchangeable in the sequel. XML attributes and naavesp
nodes are treated analogously to elements, as shown later.

2This is common practice in the literature. Alternativelgcdment identi ers may be introduced to ensure that any eféroan
be mapped to the unique containing document, if needed.

3Throughout this work we assume that in any depth- rst (peor postorder, inorder) or breadth- rst tree traversatrenode
is visited exactly once. A different de nition of depth- tdraversal is sometimes encountered in the literaturee bach node is
visited twice, once before and once after its descendarits. rdsulting two ranks of equal the token positions of its opening and
closing tags in the XML serialization. In the sequel, we reethis double-visit depth- rst variant as tf@mbined pre-/postorder
traversalof the document tree.
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<?xml version=" 1.0" ?>
<people>

<person>
<name3e Smith </name>
<pr0ﬁ|e> name gender
<edu>MSc</edu> "Jeff Smith" "Sue Lee" "female”
<sex>male</sex> MSo”
</profile>
</person>

<person>
<name3ill Lee</name>
<profile>
<edu>PhD</edu>
<sex>female</sex>
</profile>
</person>

<person> c. schema tre&for D
<name®lae Lee</name>
<profile> R OR g
<sex>female</sex> wJTH #
e R ARR 4
</person>
d. ¢? and its matches i® e. cQ and its matches iD

<person>
<namesue Le/name>

a, a;
<gender>female</gender> w #1
</person> é)l]#s 2;\#% (ﬁ)
</people>

a. XML serialization f. c?n and its matches iD g. CZQn and its matches iD

a,

Figure 2.1: Different representations of a sample XML doeantrf-B) and its structural summangyj.
In @ four schema hits for the queries in Figlirel2.2 on dade 10 anershalong with their respective

matches irD: @} matches t&° (Fig.Z2a)); 1 matches t® (Fig.2Z20); gy matches t®" (Fig.Z2ZC).

Selfcorresponds to theelf axis in XPath.Siblingrelates all pairs of children of a given node, regardless
of the sibling order. This corresponds to the union of XPgiheceding-sibling  , following-sibling
andself axes. Finally, given two nodesw 2 V, NextEl(v;,w) (PrevEIfv;w)) holds iff w occurs after
(before)v in document order.

We also considgr proximity variants 6hild, NextSih NextEltand their inverse relations. For any such
relationR, letRl = ~; | ; R whereR' denotes thé-fold compositionR ~ Rof R. ThusRis equivalent
to R}. For convenience, the symbol™acts as a “don't care” upper bourfdAs shorthands, we write
R for RyandR* for R;. For instanceChild corresponds to the XPath axiescendant-or-self
and Child* to descendant. Furthermore, leR' be a shorthand foR!. Thus Child'(v;w) holds true
iff wis a descendant exacilyevels belowy, i.e., iff Child* (v;w) anddistancév;w) = i. SinceFollowing
andPrecedingre already closed under composition, there is no natueaiaretation of similar proximity
variants for these relations. Instead, we deiré-Followindgv;w) to capture the semantics of the XPath
expressionfollowing::*[ ] , relatingv to thei-th membem of the Following-image ofv (in document
order). The reverse counterpaith-Precedings de ned analogously (in reverse document order).

The remaining XPath axes (nameéttribute  andnamespacé are modelled as combinations of

4For instance, one may assume thatrepresents any xed value greater than the total nunmbefrdocument nodes.
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name description / XPath axis proximity variant .
transitive closure
Child(v; w) child Child' (v; w) Child* (v; w)
Parenfv;w) parent Paren't(v;w) Parent (v;w)
NextSit{v; w) following-sibling NextSib (v; w) NextSib* (v;w)
PrevsSilfv; w) preceding-sibling PrevSib(v;w) PrevSity (v;w)
Following(v;w) | following i-th-Followindv;w) n/a
Precedinfv;w) | preceding i-th-Precedinfy; w) n/a
Selfv;w) self n/a n/a
Sibling(v; w) unordered sibling relation n/a n/a
NextEIl{v;w) document order NextElt (v; w) NextEIt" (v;w)
PrevEIfv; w) reverse document order PrevElt(v;w) PrevEIt (v;w)

Table 2.1: Decidable relations in the document tree.

the binaryChild relation and a set = f ElementsAttributes Namespac@sof unary relations indicating
the type of any node 2 V (element, attribute and namespace node, respectively)cdfvenience, let
Root= frg be the singleton relation containing only the recsf D. Furthermore, as a counterpart to
the level function introduced before, we de neevel  V as the relation containing all nodes on levels
i 1, with Levelg = Root Similarly, as a counterpart to thiegfunction introduced before, we de ne
for each tag 2 T a relationTag V containing exactly the nodes with tag These two relations are
needed for specifying queries against the document tregisenext section).

Finally, to model the textual contents of XML documents, veengé relationsContaing, Governg V
for eachk in the setK of keywords occurring in the documerftsGiven a nodev 2 V, v 2 Governg
(“v governsk”) iff there is a textual occurrence & somewhere between the opening and the closing
tad of v. By contrasty 2 Containg (“v containsk”) iff there is a textual occurrence df somewhere
between the opening and the closing®tag v which is outside the pairs of opening and the closing tags
of all descendants of. Note that in the case of element nodes, government is asagdsut insuf cient
condition for containment. By contrast, for non-elemende® (which are leaves @ by de nition) the
two relations coincide. For instance, consider the samptaichent tree in FigurEZ2Hl on the facing
page: here the node 25 contains the keyw@&tiD” . As a consequence, node 25 and all its ancestdps in
(i.e., 24, 18 and 0) also govern that keyword. As a matter cif fae root node 0 in Figule2h governs
a couple of distinct keywords, but contains none. Note, vawehat any node is allowed to have both
children and textual content. In other words, the data misdeiible enough to capture documents with
mixed content.

The type, level, tag, keyword and root relations togethekeng the seR; of unary relations irD.
The relations listed in Tab[g2.1 constitute theRebf binary relations irD.

2.2 XML Query Model

Based on the data model introduced in the previous sectiemow de ne a concise query formalism that
captures the core features query languages for XML databaseh as XPath.Contrary to the XPath
semantics, the following de nition permits queries with ltiple result nodes. It also slightly extends the
concept ofconjunctive querieffGofflob et al. 200b] with tag and keyword disjunctions.

De nition 2.2 (Query) AqueryQ is a triplehQy; Qc; Qri where Q is a nite and non-empty set afuery
nodesQ; Qyisanon-empty set aksult nodesand Q is a nite and non-empty set afuery constraints
of the formRy(q) or Rx(q; g9 such that all of the following conditions are satis ed:

5The rich data model underlying the XML Schema speci cat@fEDd] de nes a variety of data types for element content. For
simplicity, we ignore non-textual data types such as imeg#ates, etc. in this work.

80r opening and closing quotes yifs an attribute or namespace node.

“Advanced features of XPath and XQuefy TXOQqery], such astitem, functions and data types, are less tightly related to
structural summaries and therefore beyond the scope ofvtiris. Conversely, the query model introduced here sligbttiends the
text search capabilities of these languages.

Structural Summaries as a Core Technology for Ef cient XMétfeval 9
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person
Parent,

name edu sex name gend"ervse;,x
"female” Lee female
a. queryQ° b. queryQ c. queryQ"

Figure 2.2: Sample queries against the document tree onhag# query nodes are regarded as result
nodes. Ifllandm keyword constraints denote containmenigrthe nodeyj speci es a tag disjunction.

1. gq°2 Qy;

2. R 2 Ry is aunary tree relation;

3. R, 2 Ry is a binary tree relation;

4. the resulting query graphQy; Qci is connected (but not necessarily acyclic).

Multiple keyword constraints on the same query node are ethds either conjunctive or disjunctive.
Multiple tag constraints on the same query node are impicitarked as disjunctive.

FigureZ2 illustrates three sample queries against thardent tree in FigurE2ZH] on pagdB. The
following two de nitions specify which parts of the docuntdreeD are relevant to a given query agaibst

De nition 2.3 (Matching) A matchingof a query Q= hQy; Q¢; Qi against D is a mappings : Q! V
such that all of the following conditions are satis ed:

1. my(0) 2 Ry for each unary constrain®(q) 2 Qc;
2. hmy(0); mg(q%i 2 R, for all binary constraintsRx(q; @9 2 Q.

We also writeminstead ofimy without ambiguity when Q is clear from the context. For a giweatchingm
the mimage of Q is called amatchto Q in D.

De nition 2.4 (Query result) Theresultor answerangQ) in D for a query Q= hQy; Q¢; Qri is the set of
matches frimages of Q) induced by all matchingsiof Q in D, restricted to Q.

Unless stated otherwise, we assu@e= Q, for any queryQ in the sequel. The answer @" in
FigurelZZX] e.g., consists of th@erson , name sex and gender nodes in the subtrees; as; a4 of D
in FigurelZZI0] (pagd®). The results of all three quer@% Q andQ" in FigurdlZ &l are illustrated on
the right-hand side of Figur&€S 2l E1andf]Hmgy respectively.

2.3 Structural Summaries

While earlier XML test corpora comprised only a few docunsesitseveral kilobytes eachiJBosak1P98;
BasakT99P], nowadays XML databases must scale up to dolecof many gigabytes which cannot
be expected to t main memory. One way to ensure fast querjuatian in such cases is to develop
ef cient access methods and paging strategies for the skegrstorage where the documents reside. For
instance[ Kanne and Moerkotie [2900] dnd Fiebig et al. [P0@fe gone in this direction. Alternatively,
certain query constraints may be matched in the rst placdresy an approximation, aummary of the
document tree that is much smaller and can therefore beseatesore ef ciently (e.g., in main memory).
In a second step, the remaining query constraints are ntattihectly against those selected parts of the
document tree which were recognized as relevant in the tegi.s

This work investigates the use of various summaries of trmid@nt structure, oschemafor fast
query evaluation. The following general de nition ofs&ructural summangubsumes labellings schemes,
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some of which are presented in Chapfdrs 3[@nd 4, as well atslndices for XML, to be discussed
in Chapter§b anfll 6. We shall see later that combining diffesuctural summaries with each other and
with text indices enables highly ef cient XML retrieval.

De nition 2.5 (Structural summary) Astructural summargf a documenttree D is a compact data struc-
ture from which speci ¢ structural properties of D can bedntd without access to D itself. Structural
summaries can beentralizedor decentralized A typical centralized summary of D is a tree containing
information about the set T of tags occurring in D, the lewdlsodes with these tags, and the way they are
nested. Typical decentralized summaries include lalzeithemes that identify an individual node and its
tree relations in D using a limited amount of information thglocal to that node.

One particular centralized structural summary, which Werr® asschema tre¢hroughout this work,
is fundamental to many XML index structures. It was introeldl@sDataGuideby [Goldman and WIdO
in[[@9]. As a preliminary notion, let thag pathof any nodes2 V be the sequenceagvo)= =tad\V;) of

all0 1< ). LetP be the set of distinct tag pathsin Then the functiop:V'! P maps any node2 V
to its unique tag path iB. For instance, in FiguleZHl p(25) = =people =person=profile =edu.

De nition 2.6 (Schema tree) Theschema treéor a document tree D is the nite rooted unordered node-
labelled tree S HP, p(r); Child® tagh whose nodessthema nodésire the tag paths in D and whose root
is the tag path of the root r in D. The functidgag®: P! T maps a tag path @ P to the lasttag 2 T

in p. For any two tag pathspp, 2 P, tpy;p2i 2 Child® P P iff there exists a tag 2 T such that
p2 = pi=t. If Child{py;p2), thenSibling® P P relates p to all other children of p, if any (recall that S

is unordered). Finally, the functionoc®! P (V) maps a node p in S to the set ggc V of nodes

in D with the corresponding tag path (iteccurrenceg D).

Figure[ZIc] on pagdB shows the schema tree Ebin Bl Duplicate tag paths i (such as, e.g.,
=people =person=profile ) are represented only once$ Every schema node is given a unique label
(number preceded by “#”), in this case simply its preordekren S. Since each distinct tag path
corresponds to exactly one nodeSnwe treat both as interchangeable in the sequel. For instahe
tag path=people =person=profile = and the node labelled #3 Bare identical. The level of a schema
nodep is de ned as the level of any of its occurrencedin It is easily veri ed that this is unambiguous,
given that all document nodes with the same tag path resitteeatame level ib. By contrast, since an
XML element may have both a child element and an attributh thie same name, there may be multiple
document nodes with identical tag paths but different types distinguish such nodes B we assign
each schema node a type from the Bet f ElementsAttributes Namespacesintroduced above. Any
document nodg is then represented by the unique schema node with the sgrpattaand type as

De nition E@ mirrors some of the tree relations introdudsfore, but on the s&t of tag paths rather
than on the seV of document nodes as in Sectibil2.1. THEfld® corresponds taChild and Parenf
to Parentand likewise forSibling®, Self°and the unary constraints. Note that given a pgiw, 2 V of
nodes inD, ChildY{p(v1);p(v2)) is a necessary, but insuf cient condition f@hild(v;v»). For instance,
although #3 is a child of #1 i® (see Figur§ZZ&)), not all person and profile  nodes inD are par-
ent/child pairs (see FiguleZQ)). This results from the approximative nature of the strcaitaummary.
Similarly, document order is not captured by the schema Wching these relations against the schema
tree can only Iter out some parts of the document tree whighguaranteed not to match a given query,
while other parts need to be examined by accesBimirectly. The following key de nitions distinguish
guery constraints that can be matched against the scheafaftan those which must be checked against
the document treP (or a suitable representationDj:

De nition 2.7 (S-constraint) The set of onstraintdo be matched against the schema tree comprises
1. Parenfand Child®
2. Sibling®
3. Self°

Structural Summaries as a Core Technology for Ef cient XMétfeval 11
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4. type, level, tag and root constraints
5. Containsg and Govern§ (approximate keyword constraints, see Chapler 6)
wherei j2 IN.
De nition 2.8 (D-constraint) The set of Bconstraintdo be matched against the document tree comprises
Parentaind Child
PrevSib NextSiband Sibling
PrevEltand NextElt
Precedingnd Following
Self

o o A~ w0 bdE

Containg and Governg

wherei j2 IN and k2 K.

For matchingS-constraints against the schema tree, we deme Q, ! P analogously tan(see
De nition on pagddD), and call thex-images ofQ its schema hits For instance, the quer®" in
FigureZZZX] on pagdD has two schema hi¢.§n and CZQn, shown in Figuref ZTHgy (left-hand sides).
The rst one,c?n, consists of the schema nodes #1, #2 and #5 which match tie mpgesqy, g5 andqs,

respectively. The second schema lo ,n, consists of the schema nodes #1, #2 and #6. In the example,
Q" has two schema hits because of the tag disjunction on the queieq3. But even with unambigu-
ous tags, a query involving proximity bounds as irChild,; might have multiple matchings if. As an
example, assume that a nesditedBy node is added as a child of every document node below the root
in FigureZ70] on pagdB. Then each of the schema nodes #1-#6 in HIgud&alld have an addi-
tional editedBy child. Now if g3 speci ed the single tag constraimiditedBy instead of the disjunction
gender _ sex, Q" would have six distinct schema hits (whefewould be matched in turn by each of the
six new schema nodes).

Figure{ZTHm also illustrate how each mateh2 angQ") corresponds to exactly one schema hit
of Q" (namely, the one consisting of the tag patha)inGiven any schema hit for a queryQ, letansy(c)
denote the subset ahg Q) corresponding te (its matchegor Q). We drop the subscript @nswhenQ is
clear from the context. For instancans(c?n) = fap;azg (without the profile  nodes) andins(cgn) =
f a4, as shown in Figurgs 2T}y Note that some schema hits of a qu&ynay have no matches .

For example, a (hypothetical) schema hit consisting of thabes #1, #3 and #6 in FiguteZElwould have
no matches since there is mEerson node inD with both a profile  and agender child.

2.4 The Three-Level Model of XML Retrieval

The following Three-Level Model of XML Retrievabmmarizes the role and the bene t of the document
schema in XML retrieval, based on the data and query modeddnted before. Queries, schema hits
and documents can be viewed as residing on three distingisle¥ abstraction which differ both in their
relation to the actual XML data and in their physical repreagon. This is illustrated in Figufe22.3 on
the next page. The topmost level (ilpeery levelis populated by query expressions as purely intensfonal
descriptions of some parts of the data (namely, those a sissterested in). FiguleZ.3 depicts the three
sample queries from FiguEER.2 on p&gk 10; obviously theygeeel contains an in nite number of other
possible expressions, too. Queries are created and matgduh main memory (although they may of
course be stored on disk, e.g., in a query cache as describgdapteZl0). On the bottom level (the
document levg] we have the extensiohisf these queries, i.e., their matches in the document tree. A

8By intensionwe mean an abstract description of data (e.g., query r¢sultsrms of desired properties (such as the structure
and keyword constraints speci ed by a query), whaldensiordenotes some representation of the existing data with sugegies.
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person person Qn person
Child] profile Child Parent] Child;

name gendervsex
"Lee” "female”

VATRNENT =N

Figure 2.3: TheThree-Level Model of XML Retrievatlates queries (top level) to their matches in the
document tree (bottom level) and the corresponding hithédchema tree (intermediate level). The
sample queries shown here are taken from Fifie 2.2 on[phgenedocument matches and the schema
hits are the same as in FiguleSZHgyon pagdB.

mentioned before, the documents are held in secondarygstoréinally, the schema tree resides on an
intermediate level (thechema levglbetween the queries and the documents. It is typically lsemalugh
to be kept in main memory, but may also be kept on disk (e.geyvgtored in a relational database system,
as explained in ChaptEl 8).

With this Three-Level Model of XML Retrieval and the de niths above in mind, the idea of XML
guery processing with structural summaries can be repthi@séllows. Given a quer® on the top level
in FigurelZZ3, we are looking for all matchingsmapping the query nodes @ to relevant nodes in the
document tre®d. However, matching query constraints directly on the buttevel means accessing a
large amount of data in secondary storage, which entailsresipe I/O and possibly joins. By contrast,
given the schema treé®we can match some query constraints @eonstraints) very ef ciently in a rst
step échema matching The resulting matchingsy select a number of schema hits on the intermediate
schema level as a preliminary extensiofdfEach such schema hitrepresents a seing ¢) of potential
matches, ocandidatesfor Q (recall that the schema tree is only an approximate sumnidmgaocument
structure). In a second stegacument matchingthe set of candidates is narrowed down to those which
also satisfy the remaining query constraintgJr(the D-constraints). In this way we nally obtain the
actual query extensicang Q).

Parts[dl andll of this work elaborate on the details of thiegedure. Among other things, it is
shown how labellings schemes, the second type of structuramary, facilitate document matching on
the bottom level and thus complement schema matching omteeriediate level. In PV, the schema

Structural Summaries as a Core Technology for Ef cient XMétfeval 13



2.4. THE THREE-LEVEL MODEL OF XML RETRIEVAL

level is migrated to the relational data model so that bottheflower two layers reside on disk. In Patt vV
the schema-level information is used together with the yjirgensions on the top level in order to detect
containment and overlap of query results on the documest.leFinally, at the end of this work, we
will come back to the Three-Level Model of XML Retrieval onagain, when discussing the bene ts of
structural summaries for result ranking and user intevadti Parf{\].
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CHAPTER
THREE

Labelling Schemes for XML and Tree Databases

3.1 Overview

The previous chapter has introduced the notion of strucBinamaries as a compact representation of
selected properties of the document tBeeOne instance of particular interest is the schema treestimat
marizes all tag paths occurring din a single central data structure. This chapter deals wittifarent
kind of structural summary that captures tree relationgvben document nodes. These structural sum-
maries are commonly referred tolabelling scheme$ Labelling schemes are decentralized summaries in
the sense of De nitiofZ]5 on paf€l1l. In other words, therimi@tion about tree relations between speci ¢
nodes inD is not stored in a global data structure such as the schemabtrepart of the representation of
these nodes. The following de nition stresses the decémédnature of labelling schemes:

De nition 3.1 (Labelling scheme) A labelling scheméor tree encodingfor a document tree D is a de-
centralized structural summary of a speci c set of tree tiglas in D. Each node in D is assigned a
(typically unique)node labeko that any of these relations between nodes in D can be @tférom their
labels, without access to remote parts of D or to a global espntation of the entire document tree.

As an example of a most basic labelling scheme, considerstfigranent of consecutive integer labels
in a preorder traversal of the document tree. FifurédBoh the following page (right-hand side) depicts
the preorder labelling for a small XML document shown in FeJdIal (left-hand side). It is easy to see
that the node labels (i.e., preorder ranks) encode two dféleerelations introduced in Sectionl?.1, namely,
PrevEltand NextElt(document order). In the following, Igrgv) denote the preorder rank of a document
nodev. Given two nodes andw in D, we haveNextElf; (v;w) iff pre(v) < prew) andNextEll’i(v;w) iff
i (prew) prgv)) |, and likewise forPrevElt

With these formulae, a binary constraiNextEl{q;q% in a query againsb can be matched through
some simple arithmetic calculations on the labels of pdssitatches to the query nodgsandg® The
next subsection compares different ways to match queryti@nts by inferring tree relations through
the manipulation of node labels. In any case, to take adgaméa particular labelling scheme for the
evaluation of XML queries, several conditions must be sdis

The labelling scheme in question must support the ef cieatehing of at least some of the allowed
guery constraints.

At indexing time, node labels must be created and storedspendly for all document nodes.
During query evaluation, there must be a way to retrieve tterabels of matches to query nodes.

In dynamic settings where the document contents changeiowerthe node labels must be kept up
to date.

1Synonyms for the terrrabelling scheméncludenaming schemenode identi cation schem@umbering schem@or a numeric
representation of tree relations), anele encodingon tree documents only).
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3.1. OVERVIEW

<?xml version=" 1.0" ?>
<book>
<title> XML </title>
<chapter>
<section> database</section>
<section> XML </section>
</chapter> "XML"
<chapter>

<section> _ _ ] section” section” section] section’
<figure> Information Retrieval</figure> "database”  "XML" "index"
</section>
</chapter> figure )7
<appen¢x> _ . "Information” "Retrieval”
<section> index</section>
</appendix>
</book>
a. XML serialization b. document tre® with preorder labels

Figure 3.1: Preorder labelling of a sample document tree.

These conditions can be more or less easy to ful ll in a givemieval system. Choosing a suitable
labelling scheme depends on a number of factors:

1. query language Which structural constraints are allowed? How is textwaitent retrieved?

2. nature of the data  How large is the document collection? Are the documentgketerogeneous
in structure? Do they change often? If so, is the documenttsire affected
or mainly their textual content?

3. storage How are documents represented? Is it a native, hybrid latioaal system?
How much storage space is available?

4. retrieval How are document nodes retrieved? Which index structugeasailable?
Does the system use a centralized structural summary?

Labelling schemes differ greatly in how well they t a givenery language and document collection in the
presence of speci ¢ storage requirements or retrieval adexing techniques. The following list includes
the most salient properties of labelling schemes that reebd teconciled with the demands and constraints
of the retrieval system:

1. expressivity Which tree relations can be inferred from the node labeld,ia which way?
2. ef ciency. How fast is the manipulation of node labels during queryeaigon?
3. storage How much space is occupied by the node labels on disk and mang

What is the average and the maximal label size?

4. robustness How are the node labels updated when documents changet@lchanges
affect a large number of labels?

SectioZZP below rephrases the question of expressivigyritore precise way, introducing two dis-
tinct ways of matching non-unary query constraints thaf@mdamental not only in the context of labelling
schemes, but also for all following contributions presdritethis work. The rest of this chapter reviews a
number of different labelling schemes from the literaturd aompares them in terms of their expressivity,
ef ciency for query evaluation, storage demands, and rtiess against changes to the document collec-
tion. We explain representative approaches from threandistlasses of labelling schemes in detail (see
Section§313 th=35). The classi cation is based on fundaai@ninciples underlying the different labelling
procedures. The nal comparisonin Sectfan]3.6 also hiditigome open problems and possible optimiza-
tions. To illustrate the great diversity of labelling schesithat have been developed over more than twenty
years, we explicitly include references to many approattesare not reviewed here. A more exhaustive
survey of labelling schemes for XML and tree database iseatily under way[[Weigeland Schulz 2907].
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CHAPTER 3. LABELLING SCHEMES FOR XML AND TREE DATABASES

3.2 Reconstruction and Decision of Query Constraints

It has been mentioned before that the core functionalityusryg languages for XML databases, when

abstracting from language-speci c detalils, is typicalbptured by unary predicates (e.g., node tests in
XPath) and binary tree relations. Accordingly, the datagunely models introduced in Chaplgr 2 comprise

a set of unary and binary tree relations that are used tofgpp@ry constraints to be matched against nodes
in the document tree. Algorithms for evaluating XML queridésuch kind can choose from a spectrum of

different strategies, with the following two extreme pasis?

1. We may use the unary query constraints to fetch a set ofdaiedmage nodes for every single query
node. In a second step, pairs of candidates from distinstaset combined using structural joins,
which amounts to solving a decision problem for the treetiaspeci ed by the corresponding
binary query constraint.

2. Since candidate sets for unselective unary constra@mde very large, we may alternatively fetch
only the candidate sets for more restrictive query nodes, @uery leaves with selective keywords).
Given the matches to these nodes, candidates for other qodgs are computed from their labels
in memory, without further I/O taking place. This requirke tise of a suitable labelling scheme.

The latter option is particularly interesting for binaryatonsR that arefunctional i.e., where the se®(v)

of R-successors of any given document ngdentains at most one node. Examples of functional relations
include ParentPrevSiband NextSih as well as any composition of these. The same applies tibomredaR

that are selective in the sense that database nodes tygieak only a small set of possibfesuccessors.
These are, e.g., the transitive or re exive-transitivesciees ofParent PrevSibandNextSib Given a query
containing a constrair®(q; g9 on two query nodes; o for such a relatiorR, if we already have a small
candidate set fog, then the second option permits to compute all relevantidates forqP ef ciently.
Especially when the unary constraintsaftare weak, obtaining a consistent candidate se famdq®via
decision instead might be costly.

In this section we extend the query model presented in SE2Ibwith some additional constraints in
order to capture the aforementioned differences in how taghing is realized. For each tree relatign
in Table[Z] on padd 9, 1éB%¢:V V If  0;1gbe a binary Boolean function such that for any pair
of document noded 2%(v;w) = 1 iff R(v;w) holds true. To computé2®S(v;w) one obviously needs to
know the labels of botk andw. In addition, for each functional tree relatiét(e.g.,Parenbr Parent) let
fReC: vV 1V be a unary node-valued function that computes exactly tiguerR-successor of a given

document node. ThusRee (v) returns the only elememt for which Parenf(v; w) holds, namely, theth

ancestor of/ (if it exists). Note that for computing3Cit suf ces to know a single node label, rather than
two labels as needed f6peC.

In the sequel we refer to the computationf&FC as thereconstructionof R and to the computation
of F2e¢ as thedecisionof R. Among the many labelling schemes described in the liteeatlecision is a
much more common feature than reconstruction. In fact, @setfthat is able to reconstruct a particular tree
relationR (by computingf 39 can also decid® (sincef 22%(v;w) = 1 iff fR®{v) = w). Clearly the inverse
is not true. Therefore the most expressive labelling sclseanethose with reconstruction capabilities (see
SectiorZZB). Later it will be shown that labelling schemapable of reconstructing some tree relations
indeed tend to expedite the whole evaluation process, cadpa schemes that only support decision. The
reason is that deciding a tree relation involves the fetghind joining of a second set of nodes (possibly
including false positives).

Table[Z1 lists additional query constraints symbolizihg teconstruction of different tree relations.
The counterparts ofarent, PrevSit and NextSib from Table[ZlL on padd 9 aymarent, prevSiB and
nextSiB, respectively. For instance, the functiparent is equivalent tof ,Fjaefen-,. Note that these are partial
functions because not every document node has an ancesibtiong at distancé. Furthermore, we con-
sider some functions which do not correspond to any of tharfgirelations in TablEZ211, but nevertheless

JVIcCHUgh et al. [T99B] discuss a number of different query @eatibn strategies which are more or less close to either
of the two extremes. The strategies proposed By _LTand Mooodp, [Zhang et al- [2091Grust [2go[_Bruno et al- [7p02],
PRAEITE ETal [2003], and CRERETar1Z0p2] rely enfireon decision, whereds Bremer and Gertz [A004[ 0T Pal 67aDd] em-

ploy reconstruction.

Structural Summaries as a Core Technology for Ef cient XMétfeval 19



3.2. RECONSTRUCTION AND DECISION OF QUERY CONSTRAINTS

name description domain / range
parent(v) i-th ancestor ofv (reverse document order) v ! \%
prevSib(v) i-th sibling left of v (reverse document order) AV V
nextSib(v) i-th sibling right of v (document order) AR V
i-th-childv) i-th child of v (document order) AV V
i-th-cqv;w) i-th common ancestor ofi and v (reverse document order) | V.V ! V
lea(v; w) lowest common ancestor af and v vV VvV \%
sepLevdlv; w) level of the lowest common ancestor ofand v vV VvV ! IN
distancév; w) number of edges on the path fromto v vV VvV ! IN

Table 3.1: Reconstructible relations in the document tree.

have come up in the literature. Théh child (from left to right) of an elementis computed by the function
i-th-childv). Two binary functions reconstruct common ancestors of argpair of elements. The rstone,
Ica(v;w), returns the lowest common ancestovaihdw (i.e., the last node in document order that is an an-
cestor of bottv andw). The second functiom;th-cqv;w), reconstructs a common ancestor of bo#mdw

at a speci c distancé Note that since any two elements are descendants of thersiodtuwootr, the func-
tion Ica always reconstructs an existing ancestor whereas the wéluth-camay be unde ned for some
pairs of elements and a given paramétdihe level of the lowest common ancestova@indw is computed

by the functionsepLevelv; w) (for separation levelPelegq 200p]), andlistancév;w) returns their distance
as de ned in Sectiol 2} 1. Itis easy to see thatancév;w) = levelv)+ levelw) 2 sepLevdl;w).

0. \parent!

//
~
1<
™
[
B
=y
R

a. tree relations to be decided b. tree relations to be reconstructed

Figure 3.2: Tree relations involving the nod¢hat are to be decided or reconstructed.

Figure[32 illustrates tree relations that might be decidedeconstructed for a xed node in the
document treed from Figure[37D] on pagddB. In Figule=3&) (left-hand side), each rectangular area
contains theR-image ofu for a particular relatiorR to be decided (i.e., all document nodes standing in
relation R with u). For instance, the root d is part of theParent -image ofu. Note how the images of
more general relations contain images of more speci ¢ ofibas the root node is also partu$ PrevElt -
image, which contains th@arent -image and thé’recedingmage ofu. Such containment of tree relations
is interesting when analyzing the expressivity of labellsthemes. From the observation just mentioned,
e.g., one can conclude that a labelling that decm®nt andPrevElf also decide®receding

Figure[Z20] (right-hand side) indicates which nodesDncan be reached by reconstructing selected
tree relations using the label of For instance, if a labelling scheme is capable of recoositrgparent,
then the label O of the parent ofcan be obtained from's label 5 without access . As observed above
for decision, support for reconstructing certain relasiamplies the capability for reconstructing others.
For instance, schemes that reconstpatent(v) also reconstrudca(v;w) andi-th-cqv;w), by iterating
the ancestor reconstruction of either node and interggttimresulting node sets.
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CHAPTER 3. LABELLING SCHEMES FOR XML AND TREE DATABASES

3.3 Subtree Encodings

The simplest labelling schemes (apart from ordinary prepastorder) assign every nogen D a label
representing the subtr&s, belowv, as captured by the following general de nition:

De nition 3.2 (Subtree encoding) The class ofubtree encodingaubsumes those schemes where the la-
bel of a given document node v in D encodes the position arektkeat of the subtree [»f D that is rooted

in v, by means of offsets in the sequence of nodes resultingtfaversing (at least part of) the document
tree in a speci c order.

The most common way to obtain this node sequence is a preargestorder or combined pre-/postorder
traversat of the entire document tree, but not all approaches in tlaisscfollow that pattern. While the
exact representation of the subtrees varies accordinglygi¥en nodes;w in D Child* (v;w) is always
decided by testing wheth&, containsD,.

The labelling schemes in this class all decide more or less#ime set of tree relations, but do not
support the reconstruction of the node neighbourhood (ab&[lZP on pageB9). The subtree encodings
reviewed below fall into three subclassesterval (or range) encodinggsee Sectiol3.3.1) label every
nodev with the interval spanned by the smallest and largest pezaahks inD,. The second approach
(see Sectioi33.2) uses both pre- and postorder ranks tesgay the subtree of a given node. In both
cases, only elements are labelled while keyword occurseaceignored. By contrast, a number of sim-
ilar encodings for structured text documents (see SeEf@@Bmodel subtrees as nestedionsin the
sequence of opening tags, closing tags and keywords forthend ML serialization of the document tree
(see Figur&3 &l on pagdIB). A fourth class that is omitted here contiEatencodingswhich resemble
interval-based schemes to some extgnt [Weigel and SchOif] 20

3.3.1 Interval Encoding

Among the earliest labelling schemes that appeared in tiatlure,interval encodingsvere originally
proposed for accelerating the routing in communicatiowneits. Especially the often-cited work by
[Bantoro and Khatib [19$5] has inspired a number of simplivediants for structured documents. In Fig-
ure[Z3 on pagE24 a couple of interval encodings are apmidtetsample document tree in Figlre Bl 1
on pagdIB.

Pre/Max . The scheme in Figule3d is sometimes calle®Pre/Max. Here each node is labelled
with the intervally = [ prev); maxVv)] wheremaxv) = maxf pr§w)jw 2 Dyg. As shown in the gure,
Iy contain the labels of all descendantswfwhich allows to decide the&hild* relation as follows:
we haveChild* (v;w) iff prgw) 2 1,.* Furthermore, verify thaFollowing(v;w) iff prew) > maxVv);

NextEIt" (v;w) iff prgw) > prgv); and likewise for inverse and proximity varianfs. Kannaalej1992]
sketch this scheme using postorder ranks.

Order/Size. Note, however, that when inserting new nodes into the dootiipeth the lower and the
upper bound of certain interval labels will need to be updaftéherefore, nodes are often labelled with
their preorder rank and subtree size, from which the intetganed above is easily inferred. This saves
the updating of the upper interval bound. The resulting swehedescribed b LTand Moon [2001], is
commonly referred to a®rder/Sizeencoding in the literature. As can be seen in FiguréBa® pagd2W,
for a given nodev with the labelhprev); sizv)i, we havemaxV)=prgVv)+sizgv) and thereford, =
[prelv); pre(v) + siz€V)]. [Chien et al. [2002] us®rder/Sizein a stack-based structural join algorithm.

Extended Preorder. [Crand Moon]200}] also put forward a more robust variant of @rder/Size
scheme, calledExtended Preorderwhich strives to reduce the impact of node insertions bgmasg
certain labels for future use. Others refer to this schemausasble node numberinfChien et all 2001;

3The combined pre-/postorder tree traversal is explainddamote[} on pagh 7.
4ConceptuallyChild* (v;w) is decided by testing the interval inclusitim Iy, but prw) 2 1, (or, alternatively,maxw) 2 1)
can be checked more ef ciently and is equivalent when assgimioperly nested interval bounds, as in well-formed XMcuments.
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3.3. SUBTREE ENCODINGS

YU efal Z00F]. The idea is simply to leave certain preoraeks in theOrder/Size scheme unassigned
during indexing, which may then be used later for nodes némdgrted at the resulting gap positions.
Each noder in a tree encoded usirigxtended Preordeis labelled with a paihordefv); offse{v)i where
offsetv) sizgVv). If offse{v) = siz&v) thenorde(v) = prgv) andExtended Preordecoincides with the
Order/Sizescheme in Figule=3l Greater offset values make the encoding nsparse which means that
more labels are available for subsequent node insertiomsteTis no de nitive algorithm in the literature
specifying which labels should be reserved for future ughigway. Clearly this depends on the nature of
both the documents and the updating workload. Fifurelds pag&2H illustrateixtended Preordewith
uniform gaps of size = 5 between any two (opening or closing) tags in the XML sex&lon (symbolized

document order is labelled with a pair of integkfs= hordefv;); offse{v;)i such that
8

<0 ifi=0
ordefv)= = ordefv; 1)+ s+ 1 if Parenfvi;vi 1)
ordefv; 1)+ offse(v; 1)+ s+ 1 otherwise
\_ S if sizévi)= 0
offse(vi) = ordefvj 1)+ offsefv; 1)+ s ordefv;) otherwise

wherej = maxf |j Child(vi;vi)g is the index of the rightmost chilg of v;.

SPaR. Due to its simplicity and (limited) robustne$sxtended Preordehas been adopted in a number
of systems.[Chien et T2 ZOAZ_2D06] apply the schemadltiversion document management.
Their Sparse Preorder and Ran¢®8PaR labels are pairbdnr(v); rangév)i consisting of alurable node
numberand arange which are exactly therderand offsetcomponents described above.

3.3.2 Pre-/Postorder Encoding

The Pre/Post labelling scheme, proposed rst ify Dieiz[1382] and late{Bakaldis [T981], exploits
the characteristic nesting of XML elements to decide thesatmr/descendant relation. Recall that enu-
merating all nodes in the order of their opening tags is exjeiv to a (left-to-right) preorder traversal
of the document tree, whereas visiting the nodes in the aofi¢heir closing tags yields a postorder
traversal. As shown in FiguleEZ3d@ on pagd=l, thére/Post scheme labels every nodein D with

the pairhorgv); postv)i of its pre- and postorder ranks v It is easy to see thathild* (v;w) holds iff
pre(w) > prg(v) ® postw) < postv). Intuitively, this is because in the (well-formed) XML salization,
elements nested withinare opened after the opening tagvaind closed before the closing tagvot

XPath Accelerator . [Z00P[2004] arranges the node labels in a two-dinoeaspre postplane
spanned by the pre- and postorder rank®in Figure[ZZa] on pagd¥ shows therdpostplane that
corresponds to the sample tiBén FiguredlZ:d] on pag&2W. The root node Bf labelled with the smallest
preorder rank and the greatest postorder rari,ialways resides in the upper left corner of the plane. As
shown in Figur@34l Child* , Followingand NextElt" as well as their inverse relations each correspond
to a particular area relative to the context n@dé-or instance, the descendants/ef h6;5i all lie in the
shaded rectangle whose upper left corner representsmpare this to the formal containment test above.
Similarly, thePre/Post scheme decides the other relations as follofdiowing(v; w) iff prgw) > postv);
NextElt" (v;w) iff prw) > prgv); and analogously for the inverse relations.

TheXPath Acceleratorengine developed By Grust el 4L ZD027 A004] extéPr@gPost with level and
other information in order to decide all remaining XPathssech asttribute  orpreceding-sibling
The R-Tree inde{IGuiiman T8 Bohm ef al. A000] is usechdex the points in the resulting multidi-
mensional pland_Grillst also explains how to derive a lowend@nprgw) and an upper bound gros(w)

5Note that the interval containment test for interval enngdiisnot applicable to thePre/Post scheme: as can be seen in
FigurdlZ3] there may be inner nodegor which prgv) > postv), such as the shaded nodwith the labelh6;5i . DecidingChild*
based on the resulting empty interyatgv); postv)] would not re ect the fact that does have descendants.
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CHAPTER 3. LABELLING SCHEMES FOR XML AND TREE DATABASES

for decidingChild* (v;w), which restricts the search space spanned by the ineqsttgment above. This
optimization, calledshrink-wrapping exploits an interesting property of tikee/Post encoding®

Lemma 3.3 Pre/Post level/size dependency)or any node v in the document trqergv)  postv) +
sizgv) = levelv).

Proof. Letay;dy;py denote the number of ancestor, descendant, and precedieg oév in D, respec-
tively. Note that the number of ancestors/a$ equal to its level, i.ea, = leve[v). Similarly,d, = sizgV)
(see SectiolZ11). Then we have

pre(v) if V% pre(Vd < pre(v)gj av+ Py
postv) if V9§ postv® < pos(v)gj dv+ py

FigurelZZAl on pagdD illustrates the last equality in both lines. Whid above observations develv)
andsizgVv), it follows that

pre(v)  postv)+ siz€V)

ay+py (dv+ py)+ sizgv)

; a, dy+ sizgv)
= levelv) sizdv)+ sizgVv)
= levelv)

For all leaf nodes®, sizgV¥) = 0 and therefore Lemniz3.3 becomes
prd  postV) = levelV) hp (1)

The nal inequality follows from the de nition of the heightp of the document treB (see Sectiolr211).
To obtain upper and lower bounds on the pre- and postordé&srahany descendamt of v, consider
the leftmost and rightmost leaves; w; in the subtree rooted ia. (Of course, if no such leaves exist,
Child} (w) fails for any nodew 2 V.) Given the position ofy; andw;, the following facts are obvious:

pos{w)  postv) (2) prgw)  prev) (3)

From ), [2) andd1)[@3), respectively Gllust infers thikofeing upper bound oprgw;) and lower bound
onpostw). Note that sincey; has the smallest postorder rank andhe greatest preorder rank among all
descendants of, these bounds also apply to all other descendauutsyv:

pre(w) pre(w) postv) + hp 4)
pos(w) pos{w) pre(v)  ho (5)

Thus with shrink-wrapping, the decision 6hild* is modi ed as follows:
Child* (v;w) iff  prew) 2 [prev); postv)+ hp] A postw) 2 [prgv) hp; postv)]

using [@) andp). To illustrate the bene t of this optimiiat, Figurdc3ZZa]on pag€=h depicts the restricted
area of theprdpostplane to be searched for descendants of the nadé6; 5. Note that while shrink-
wrapping also applies to thehild , attribute  anddescendant-or-self — axes, there is no analogue
for theancestor axis: for all nodesi such thatParent (v;u), the lower bound omprgu) and the upper
bound onpos(u) are xed by the document root which, by de nition, has the dlest preorder rank and
the greatest postorder rankn

While originally the XPath Acceleratorengine was based dPre/Post encoding, subsequent work
by [Grust et al. [2004] adopted a common variant of region dimgp(introduced astart/End encoding
below) which is more favourable to*BTree indexing and at the same time less sensitive agaim& no
insertions. Recently, they adopted tBeder/Size scheme[[Bancz et al. 7005a] and combined it with a
paging strategy[Boncz et al. 2005b] for further reducing tlost of updates. Besides shrink-wrapping,
[Crustetal. 0042008 20D4] discuss SBircase Joirand various other optimizations for the ef cient
decision of tree relations in the two-dimensional node @Javhich aim to reduce the range of index scans.

6The proof is omitted in thEZ2OD2 afd W04 paperEDyBrust.
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3.3. SUBTREE ENCODINGS

v v
[3,3] [4,4] [6,7] [9,9] 3,0> 4,0> <6,1>
[7,7] <7,0>

a. Pre/Max b. Order/Size

v
3,0 42> €6,5

{7,4>

c. Extended Preorder d. Pre/Post

[1,3] [20,24]

"XML"
[2.2]

"database"  "XML" "index"
[6,6] [9.9] [22,22]

[14,17]

"Information" "Retrieval"
[15,15] [16,16]

e. Start/End

Figure 3.3: Selected subtree encodings applied to the decutree in Figur€-3I] on pagdB. I3
shaded triangles symbolize subtrees of “virtual” nodes.
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3.3.3 Region Encoding

The third class of subtree encodings subsumes schemesdhatowginally designed for structured text
databases. Modelling elements and text phrases as regiainstiings) in the serialized document, these
schemes are most commonly referred toeggon encodingsUnlike thePre/Post scheme or the different
interval encodings described above, which assign labet$tb elements (rather than tags or text strings)
in a depth- rst traversal of the document trBgregion encodings are not tied to the notion of a document
tree whose nodes cover the whole textual extent of the dostundes a matter of fact, early approaches
like the PAT algebra by Salminen and Tompa [1P92] or Region Algebraby [Consens and MIdI994;
[[393{199B] abstract from the various ways to mark up stredtdocuments, assuming the set of (possibly
overlapping) regions to be somehow known at indexing tintes Thakes them amenable also to structured
text documents with little or no explicit markup, such asgreon source code, Wiki documentapB=xX

les, or plain text that complies with speci ¢ formatting owentions.

The text-centric character of region encodings has two ithate consequences. First, since not only
elements but also occurrences of keywords (or phrasesabediéd, the encodings are sensitive against
changes to the textual contents of the documents. On the loéimel, proximity constraints on keyword
occurrences (which are a common feature of query languagésxt databases) can be checked against
the labels. Note, however, that region encodings do notratbormation about the element distancelin
unlike the tree-based encodings discussed above.

Second, with their notion of independent regions which isengeneral than the tree model underlying
other subtree schemes, region encodings also captureppert) elements which do not contain one an-
other. Prohibited in well-formed XML, this “improper” néssg is common, e.g., in SGML documents and
multi-hierarchical corpora. However, it is easy to verifiat both thePre/Post and the interval encodings
described above can be applied to documents with overlgpgdaments (although this is typically not
considered in the post-SGML literature). This observaisaronsistent with the fact that all three encoding
variants are essentially alternative representationseoposition and size of a node's subtree.

Start/End . A number of region encodings have been developed over this,\tha main difference lying
in the representation of regions and the correspondingegiure for deciding region containment (i.e.,
Child* in our data model). One particularly common scheme, whiclhereceforth refer to aStart/End
encoding, labels every nodewith the intervall, = [ starfv); endv)] spanned by the rst and last visit
to v in the combined pre-/postorder traversal of the documeset tNote that each keyword occurrence is
now modelled as &xt noden its own right/ More formally, for each node in the complete sequence

starfv;) = 0 if v; is the root
YT endvi 1)+ 1 otherwise

endqv)= St if v; is a text node
YT startv)+ size(vi))+ 2 siza(vi)+ 1 otherwise

wheresizg(v;) andsize(v;) respectively denote the number of text nodes and struchadss belowy;.

The resulting labels are illustrated in Figire&8n pagd2l. According to the rst case in the de nition
of endv;) above, each keyword occurrence has identical start and @sitigns, whereas for a structural
leaf nodev denoting an empty element, we hagedv) = starfv)+ 1. (Occasionally structural leaves
are assigned identical start and end positions, [[o0 [Habreet al. 2003 Chen et al. 2005b].) The sec-
ond case covers structure nodes without children, and torsesf either text or structure nodes or both.
This is a straightforward generalization of de nitions imetliterature [Grusteial 20p4] which typically
do not consider mixed content. If nodes never have both teatséructure nodes as descendants, then

8
2 starfv) if v is a text node
endvi) = _ startvi)+ sizev)+ 1 if vi has text children

star{vi)+ 2 sizdv;)+ 1 otherwise

“Contrast this with similar data models suchz&M and Infoset [[QfQS€El], where a text node may contain multiple
keyword tokens.
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Figure[ZZn] on pagdZb depicts the two-dimensiossriendplane for the document tree in Fig-
ure[ZE] on pagd2l4. Note how all text nodedie on the diagonal wherstar{w) = endw). Below this
line the plane is empty sincgtar{v) endv) for every nodev. The effect is the same fdtre/Max in
FigurelZ:4dl on pagd b, where the diagonal borderline is marked by thetsnal leaves (since there are
no text nodes in this encoding). Compare this topihépostand prdsizeplanes on the left-hand side of
FigurdlZ g andg respectively), where the whole space is populated. Thisidewf Child* , Following
andNextElt" described for th@re/Max encoding above also applies to ®B&rt/End scheme by analogy.
Thus we haveChild™ (v;w) iff starfw) 2 I, (or, alternativelyendw) 2 1,), and so on.

3.4 Path Encodings

The largest and most diverse class of labelling schemesiosrll approaches that create node labels from
the paths leading to the nodes they designate, rather tearstibtrees as in the previous section:

De nition 3.4 (Path encoding) The class opath encodingor pre x encoding$ subsumes those schemes
where the label of a given node v encodes (at least some afipiies on the path from the document root
down to v, as a sequence sibling codesach uniquely denoting an ancestor of v on that path.

We choose the termsibling codeto emphasize that for each step on the path leading downttee label
must specify in which subtree (i.e., below which of the silnodes lying ahead) the nodés located.
The full top-down sequence of sibling codes then uniquednides v. Due to their hierarchical nature, the
labels of any path encoding respect document order iff tletiying sibling codes do. This s true, e.g., if
siblings are simply assigned ascending integers fromdefght as withDeweyencoding in FigurE3.8]
on pagd3lL. By contrast, schemes that use tag-speci c giblides cannot decidéextElt" (see below).
Creating node labels from paths has consequences regapding consumption, robustness, expressiv-
ity and runtime performance that differentiate path enegslifrom the subtree encodings described above.
First, the size of each label grows with the length of the eledgpath (@Qn) in the worst case). Therefore
path encodings typically take up more space than subtremlergs, whose label size is in(®@gn). Some
approaches come with binary encodings of the “raw” siblindeesequences that reduce the label size in
practice, even though the asymptotic behaviour is not inguto Second, since a node's label does not
re ect the size of its subtree, path encodings are inheyanthust against insertions in certain positions
(such as adding children to leaf nodes). Third, from the path nodev we can tell both the ancestors
and the descendants wf as follows. Since the root path to an ancestaf v is always a pre x of the
root path leading to, Child* (u;v) holds iff the sequence of sibling codes that form the labal &f a
pre x of the sequence of sibling codes s label. The same is true for the binary-encoded node labels
provided the codes for any set of siblings are pre x-fre@hus the decision ofhild* boils down to a
comparison of bit strings. Furthermore, by removing a sudf»a speci c length from the (raw or binary)
label ofv, we obtain the label of any ancestonofFor instance, deleting the last sibling code in the label
of v produces the label ofs parent node. This way path encodings support the reagtgin of parent,
unlike all subtree encodings. As shown later, this makesiddmental difference in query performance.
Path encodings fall into two subclasses. In contrastiiopath encodinggsee the next subsection)
where all ancestors of a node contribute to its lapektial path encodinggover only fragments of a
node's root path (see Sectibn314.2). This reduces the &ibel but in most cases also the reconstruction
capabilities compared to full path encodings.

3.4.1 Full Path Encodings

Dewey. The most well-known path labelling scheme is certaibigwey encoding, which is used in
the Dewey Decimal Classi catiol.JDIJC] for libraries and walso adopted by the early hypertext search
engineHyTime [KIMDer 1993]. Deweylabels are assigned as follows. First all children of a giwede

8A set of binary codes ipre x-freepre x-free if none of the codes is a pre x of another code in the set.

9The labelling of nodes in a hierarchy with sequences of arggsimilar to the section numbers in this paper, is cdlledey
encoding after the American librarian Melvil Dewey (185931), who used a restricted variant of this scheme for hisdyedecimal
Classi cation [DIX].
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LEVEL O LEVEL 1 BITS

15
1261 a

'0000 0001 0000 0000 0000 0101"| 24|
'0000 0001|0000 0001 0000 O101'| 24

'0000 0001 | 0000 O101' 16| ¢
'0000 0001 | 0000 0001 0000 0O101'| 24

7 bits 7 bits

'0000 0001|0000 0101" 16| d.
'0000 0001 .0 0010 00 0101'| 24

= 7 bits =4 5 bits [~ 6 bits

=3 0 bits =3 2 bits

'. o1 7| e.

! 111 0110 1° 15
Obits 8 bits

Figure 3.5: Different representations of teweylabels, “1.5” and “1.261”, and their impact on deciding
NextElt" (document order).gaIn the decimal form, document order cannot be checked iniadgraphi-
cal string comparison, but only numerically after levefjalinent. RIWith a xed number of bits per level,
the labels compare lexicographically, but may occupy ressdépace. Thus the second sibling code of the
rst label has been left-padded with a zero-byte (8 leftnintt on level 1). ggLevels with a variable num-
ber of bits must be aligned (using separators) and left-pa#dth O's ( rst label, level 1) for comparison at
runtime. @UTF-8 byte pre xes (shaded) specify the length and valugeanf the following suf x (0" :

7 bits, valueg0::127]; "110"' + 10" : 5+6 bits, value$0::2047 where[0::127] is unused). The pre xes of
the second byte in each label permit lexicographical cormpamwithout alignment. Pre xes also indicate
level boundaries for reconstructiongl The ORDPATH encoding is similar, but more compact for small
sibling codes(01' : O bits,[1::1]; “10" : 1 bit, [2::3]; "110" : 2 bits,[4::7]; "11110" : 8 bits,[24::279).

are given consecutive sibling codes in ascending order fedinto right, starting from 1, as illustrated in
Figure[Z@l on pagd_31. Th®eweylabel of a noder is then simply the top-down concatenation of all
sibling codes on the root path ¥with a dot as separator between every pair of sibling codes.

Notice that this guarantees unique node labels and alsesato decide document-order constraints,
provided the labels are not compared as strings (where 11 @6uld incorrectly occur before “1.5”) but
numerically and level-wise (see FigUredk As[Tatarinov et al. [2042] point out, this can be achieved
through two distinct types of binary label encoding: (1)o&iating a xed number of bits for each level
eliminates the need for separators, but may result in exedsbel size since the greatest sibling code on a
given level causes bits to be wasted in all labels with smail#ing codes on that level (see FiglreBl6
(2) The same level may occupy a variable number of bits inndistabels, depending on the corresponding
sibling codes in these labels (see Figlredd.5Two given labels for which the number of bits per level
is known can be split into corresponding sibling codes todmagared numerically (by dynamically left-
padding the shorter sibling code wilts, if applicable).

[[atarmov et ar. [2042] adopt this second option, using BT&s the variable-size label encoditfy.
Here sibling codes in the rand@::127] occupy one byte whereas larger sibling codes are reserved tw
bytes. As shown in Figufe23d, the sibling code boundaries in the binary label string cariniferred
from the leading bits in each byte, which are pre x-free. ldem query constraimtextElt" (v;w) could be
decided by rst cutting the binary labels @fandw into sibling codes and then comparing them pairwise,
with left-padding where necessary. But since a one-byte-8TBde (which always begins with® is
lexicographically smaller than any two-byte code (whos hit is xed to 1), labels can even be compared
without aligning and padding sibling codes, in a simple Benor bytewise) left-to-right comparison. This
speeds up structural joins of large node sets, where dodwmaer tends to be checked very frequently.

10yTF-8 is the byte-oriented encoding form of the Unicode abtr encoding (seeww.unicode.org ).
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By contrast, deciding and reconstructing tree relatiom@wothanNextElt" (u;v) requires individual
sibling codes to be manipulated, which must therefore batéxtin the (raw or binary) label strings rst.
For reconstructingarent(v), the last sibling codes are removed from the labekofbviously one must
know the sibling code boundaries in the binary label to chfdfhe right bit-string suf x. Fori-th-child(v),

a new sibling codé is appended to the label. Note, however, that while thidgi¢he label reserved for
thei-th child ofv, the existence of this child is not guaranteed. The sameaespial thei-th right sibling

of v, whose label results from incrementing the last siblingecmd/'s label byi. Similarly, a decrement
produces the label girevSiB(v) (if the last sibling code was 1, therhas no left sibling). The labels of
ancestors common to two given nodes (e.g.,/calu;V)) are obtained by reconstructing and comparing
the root paths ofi andv. The separation level af;v (see Sectiofi211) is equal to the number of sibling
codes in the label of their lowest common ancestau; V). Finally, distancéu;v) can be computed from
the level information that is inherent to the labels (seei8erE3).

Deciding query constraints witbeweylabels is done as follows.Child* (u;Vv) constraints can be
matched by reconstructing the ancestorsiahdv and testing for equality, or alternatively, by checking
whetheru's label is a pre x ofv's label such that the end of the former coincides with a |&aindary in
the latter. Child'(u;V) is decided by comparing to the result of reconstructingarent(v). Sibling(u;v)
holds true iffu andv differ only in their last sibling code. FaNextSib" (u;Vv) V's last sibling code must
be greater than's; for NextSib(u;v) the difference must be exactly Following(u;v) holds true iff
NextEIt" (u;v) ~: Child* (u;v). Deciding the proximity relationisth-Following(u;v) and NextEIf (u;v)
would requiresizgu) to be known, which cannot be reconstructed fioeweylabels (see above).

ORDPATH . TheORDPATH scheme by O'Nell et al. [2004] enhand@sweyin two respects. First, the
binary label strings are created using a Huffman chde THaffmA5P] designed to reduce the (average and
maximum) label length. Note that sin@&weyassigns ascending sibling codes from left to right, small
sibling codes close to the minimum value, 1, occur much marguently than greater ones, at least in
typical documents where the average node fan-out is lowbitrery encoding proposed By ONelL el
reduces the number of bits used for small sibling codes,eatefpense of longer labels for nodes with
large sibling codes on their path. Figdre Bl®n pagd3l depicts a sample tree with raw and encoded
ORDPATH labels. Each sibling code (separated BY Is preceded by a length component (terminated by
“ B) indicating the number of bits used for the following siimi code valué? Values up to 7 take up less
space than with UTF-8 (see the value ranges in the captiowfgturdZ3Ielon the preceding page); e.g.,
only 2 bits are needed for the most frequent value 1, compar@bits with UTF-8. For values beyond 24,
ORDPATH mostly requires more bits than UTF-8.

ORDPATH also comes with an update method, caléedeting-inby [ONeILerall, which allows for
(theoretically) unlimited node or subtree insertions at position in the document tree, without affecting
existing labels. To this end, for a newly labelled documes bnly odd sibling codes are used, as shown
in Figure[3®] whereas even codes are reserved for future insertionsllas$. There are three cases of
insertion to be handled: (1) A nodes inserted as the only child of a former laaf Thenv's label is the
label of u after appending an additional odd sibling code “1”. Foramste, a child to be inserted below
node “1.3.1" in Figurd=3.68] would be labelled “1.3.1.1". (2) A node s inserted as the new leftmost
(rightmost) child of an inner node Thenv's label is the label of the former leftmost (rightmost) chil
of u after decrementing (incrementing) the last sibling code/tlabel by 2. Note that this may create
negative sibling codes, which are also covered by the bieacpding. For instance, a newly inserted left
sibling of node “1.3.1” would be labelled “1.3.-1". (3) A ne#is inserted between two adjacent childven
andwPof u. Thenv's label is the label ofi after appending the even sibling codaue?) that falls between
w andw?®, followed by a new odd code “1”. For instance, two new sibiing?w’°between “1.3.1” and
“1.3.3" would be labelled “1.3.2.1” and “1.3.2.3", respeely. Repeated insertions on the same path may
create labels with multiple consecutive carets, such &212.1” for another sibling betweea®andw?®°
Note, however, thaDRDPATH labels always end in an odd sibling code.

n fact, [ONeleral present two alternative encodingstifmizing large or small node fan-out), both of which are skew
toward reducing the length of smaller sibling codes. Dewiven here, in FigulE23& on the preceding page, and in the experimental
evaluation in Chaptdd4 apply to the second encoding.

12The bit-string separatorsB“and “|" are used for illustration purposes only and are not presepitysical storage.
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It is easy to see that carets do not affect the decisioNe{tElt" (u;v) and Child* (u;Vv) (and hence,
Following(u; V), see above). Thus a bitwise comparison of the children afdleu = “1.3” in the previous
example correctly re ects the document order “1.3<1"1.3.2.1"< “1.3.2.2.1"< “1.3.2.3"< “1.3.3".
Also, all these labels are recognized as belonging to déseces ofu, having “1.3” as a common pre-
x. By contrast, when solving the vertical proximity prolstes Child' (u;Vv) or parent(v) (and similarly,
i-th-cqu; V) or Icau;V)) carets must be treated as zero-depth components that dadddd the proximity
counti. Similarly, Sibling(u;v) holds true iffu andv differ only in a suf x consisting of zero or more carets
followed by the last (odd) sibling code; fofextSib" (u; V) v's suf x must be bitwise greater thauls.

Unlike Dewey ORDPATH cannot decid&extSib (u; v) because careting-in blurs the distance between
siblings. For the same reasdRDPATH does not support the reconstructionmévSiB(v), nextSib(v)
andi-th-childv). Note, however, that this decrease in expressivity is caorsgied for by much greater
robustness: witORDPATH, a nodev can be inserted at any position in constant time, whereddyatwey
all following siblings ofv and their descendants must be relabelfed@his also outweighs the increased
storage consumption dPRDPATH due to the sparse encoding. The overhead compar@&kveyis
not measured by the authors but turns out not to be dramatciirown experiments (see Chapligr 4).
brie y outline how careting-in can also be ajgal to a subtree encoding similarRoe/Max.

Extended Dewey. While ORDPATH skips certain sibling codes to accommodate future nodetioas,
theExtended Deweyscheme by Tu et al- J20P5] uses sparse sibling codes that &dladetermine all tags
on the root path of a nodein D from its label. More precisely, every sibling codevia label is mapped
to the corresponding tag by a global data structure comigitiie necessary tag information frdn(see

containing allc; distinct tags of nodes iD whose parent has the tagFor instance, the root tagjook of

the sample document in FigUle_€Jon the next page has the child tatise , chapter , appendix ,
hencecpook = 3, Whereas chapter = Csecion = Cappendix = 1. Each set of child tags is assumed to be
ordered in some arbitrary way (a possible order is indichiethe tag subscripts in Figule_Lh.

to all children ofu from left to right (i.e., in document order), as follows. Anhild v of u with tagt;
(0 i< q)is assigned the smallest free sibling cede 0 such thas modc; = i. For instance, leti be the
root of the document tree shown in Figlite Bl6én the facing page. Besides, tet book, to = title
andt; = chapter ,tp = appendix . Then thetitle  child of u receives the sibling code= 0 in order
to meet the conditiosmod 3= O for title  children of a book node. The sibling codes for the two
chapter children of the root are not consecutive because both mtistysamod 3= 1. Therefore the
rst chapter node has code 1 and the second has code 4 (the snsatielssuch thas mod 3= 1). The
sibling code for theappendix child happens to be the next free integer, 5 (for a secuthel  child it
would be 6 instead). As can be seen in Fidurec}.6xt nodes are also labelled, using the xed sibling
code 1. Theroot label is the empty woed

For decodingextended Deweyabels[TIIetal. use a Finite-State Transducer (FST), asrshoFig-
ure[Z7al on pagd=3 for the sample documénin Figure[ZX] on the facing page. The FST reads a
sequence of sibling codes and outputs the correspondirgptagence. There is one state for each distinct
label inD, plus one extra state representing textual cont&@DATAN Figure[Z&). The inital state,

transition fromt tot; (0 i< ¢) which accepts all sibling codessuch thas modc; = i, and outputs;.
Furthermore, from every state representing a tag thereranaition to thePCDAT Atate which accepts
the sibling code 1 and outputsPCDATATo keep Figur€3Zd] simple, these are shown for thile |
section and figure tagsonly. As an example, the label “4.0” of nodie Figurel3&]lon the next page
enters the initial state, outputtingook, then passes through ttehapter state because 4 mod=31, and
nally reaches thesection state since 0 mod# 0. The data needed to create the FSTOads obtained
from a DTD or other schema, if available, or else collected inst pass through the documents, before
creating the node labels.

13Even thougtORDPATH supports unlimited node insertions without invalidatingséing labelsLONel et al- [2004] suggest a
periodical relabelling at least for highly dynamic docurnesilections, in order to avoid long chains of even siblimgles caused by
repeated careting-in at the same position in the documeait tr
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Figure 3.6: Selected path encodings applied to the docutresnin Figuré3.b]on pagdIB.
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Path-Based scheme. The sibling codes used by tieweybased approaches above set up a total order
among the children of any node. Therefore they cannot hamdidapping siblings to be found, e.g., in
SGML documents. By contrast, tiRath-Basedlabelling scheme by Sacks-Davis et al. [IP97] establishes
a partial sibling order by assigning consecutive leftight sibling codes to all childrewith the same tag
name!* As shown in Figur€CZ8l on the preceding page, siblings with different tag namesh(ss the
titte  and appendix nodes) may have the same sibling code (“1”) and hence idgtaicels (“1.1").

The consequences of using tag-speci ¢ sibling codes amefbld. First, thePath-Basedscheme
supports overlapping siblings as long as they are diststgad by their tag name. Second, the labels do not
re ect document order, because of the partial sibling ardrar instance, in Figule=3d the appendix
node has a smaller label than its left sibling. Only node# e same sequence of tags on their root
path can be compared. Third, since the numerical labeleaom not unique (see above), the tags of all
ancestors of a given node must be compared when deciefiig* or Sibling Child* (u;w) holds true
iff u's sequence of sibling codes is a pre x ofs sequence and's tag path is a pre x ofw's tag path.

For instance, leti be the rst chapter in Figure[3&d] on the previous page and hatbe the section
labelled “1.1.2”, which is directly below. Without the second condition concerning the tag pathsef th
two nodesw could be mistaken for a descendant of titte  node or theappendix node because both
have the same label asnamely, “1.1".

To make sure that all necessary information for decidififd™ is available during query evaluation,
[Racks-Daviserdl. keep the tag paths together with the radddd in an inverted index. In each posting for
a given keyword (sayXML" ), the labels of nodes containing that keyword are groupetthély tag path
which is stored once for each group. For instance, #ML" posting for Figurd-3d] on the preceding
page would contain two singleton groups, one for the petbok=title  (containing the label “1.1.1")
and another for the pathbook=chapter =section (containing the label “1.1.2.1"). Mind the redundant
storage of the path pre x=book, which can be avoided with other data structures (see thesuésec-
tion). Also note that unlike elements, text nodes (eachesgmting a single keyword occurrence) have
consecutive sibling codes, in order to support text distaneeries. Thus the occurrence'Betrieval” in
Figure[Zd] has the sibling code 2 for being the second keyword occueranthe figure node, not 1
for being the rst occurrence dRetrieval” in that node.

3.4.2 Partial Path Encodings

The PID scheme by Bremer and Geriz [2P06] relies on tag-speci drgjptodes like thePath-Based
encoding above, and also has the same expressivity. Howeuses several compression techniques and
a binary encoding for reducing the storage consumptiomlésafs. Given a tag patp in D, let thearity
of p be the maximum number of siblings with pathin D. First,[Bremerand Geltz observe that when
assigning tag-speci c sibling codes0, all nodes with a tag path whose arity is 1 have the xed code 0
For instance, consider the tag pgtk =book=chapter =section =figure that occurs only once in the
documenttre® in FigurdlZtelon the previous page. Since there are never two siblingstiétpattp, the
arity of pis 1. For convenience, in Figute_ERhe arity of any tag path is indicated as a subscript to the las
tag in that path (thudigure has the subscript 1). In fact, nodes whose tag path is eitheok=chapter
or =hook=chapter =section are the only nodes i whose subscript is greater than 1 (i.e., whose sibling
codes are not xed). All other sibling codes can be omittezhfrthe labels without loss of information
(see below), provided that (1) we record during the labgltime tag paths with an arity 1 and (2) we
know the tag path of every node. Recall from the descriptibthe Path-Basedscheme above that tag
path information is required anyway with tag-speci c sitgi codes, both for ensuring node uniqueness
and for decidingChild* constraints. The following paragraphs explain how tRéD scheme realizes the
two requirements that enable a very ef cient label compoess

In order to avoid the redundant storage of duplicate tag pegtxes, as with thePath-Basedscheme,
Bremerand Gerlz separate the node labels from the tag iatmand keep the latter in a centralized
structural summary (in this casePataGuidg. The summary for the sample documeénin Figure[3l
on the preceding page is shown in Figirel@an the next page. EvefyataGuidenode has two properties:
the arity of the tag path it represents (subscripts in Fiflif®l), and a unique path label (in this case,

14This tag-speci ¢ sibling coding is calleBame-Sibling Order Encodirty [Tafannov et ar- 12042].
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Figure 3.7: Global data structures used by selected lagesichemes in Figule_3.6 on pdgd 3 The
Finite-State Transducer (FST) for tlkxtended Deweygcheme, applied to the document ti2en Fig-
ure[Z&] The input is a sequence of sibling codedimetermining a unique path in the transducer. The
output is the sequence of states (tags) along this pBElStructural summaryataGuidg for the PID-
encoded tre® in FigurdfZXe] DataGuidenodes have preorder labels. Tag subscripts specify thenmuai
number of siblings with a speci ¢ tag path .

preorder labels are used, although the particular lalgefidheme does not matter). The label of a tag path
in the DataGuideis referenced by all document nodes with that tag path: #i® label of a document
nodevin Dis a pair(p(v); pogV)) where the rstcomponentis the path label of the unij@aGuidenode
representing the tag pathafWith upward pointers in thBataGuide the tags and arities along the entire
root path of any document node are thus available withoutrddnt storage. The second label component,
pogV), is theposition pathof v, i.e., the sequence of non- xed sibling codesuwsroot path. For instance,
the nodev with the PID label (#3;h1;0i) in Figure[ZXE] on pagd3l has the position pdth Oi and
references thBataGuidenode #3. Note that the corresponding tag path atbook=chapter =section
comprises three steps whergas{v) contains only two sibling codes. This is because one of teesiors

of v has a xed sibling code that has been omitted during labglimorder to save space. Obviously, we
need to know which code was dropped when usiadabel in decision or reconstruction operations. For
instance, we cannot compuyparent(v) if we ignore whether the second sibling codegiogp) belongs

to v (in which case it has to be removed) ot parent (in which case it must be kept).

To align pogv) with the tag path represented Imfv), the arities ofDataGuidenodes are used as
follows. Fromp(v) = #3 and its ancestors in tiizataGuidewe can tell that the sibling code fois book
ancestor has been omitted: as indicated by the tag sub&ddpbook in Figure[3A] the arity of the tag
path =book is 1, therefore thédbook node inD has the xed sibling code “0”. In other words, the original
position path ofv before the compression wég; 1;0i (compare this to th®ath-Basedabelht;2; 1i of
the same node in Figure[Z&] on pagdCAL}°> Given this information, the (compresse®ID label of
V's parent is easily reconstructed parent(v) = ( #2;hli), where #2 is the parent of #3 in tiataGuide
andhli results from deleting the sibling code “0” @fin pogv) = h;0i.

The way PID decidesChild* constraints is quite close to thRath-Basedscheme. Given thePID
labels of two nodes andv, Child* (u;v) holds iff pogu) is a pre x of pogv) and Child® (p(u); p(v))
holds true in thebataGuide Note that the pre x test is applied to the compressed pmsitiaths, without
the need to restore omitted sibling codes. As a matter of fatid labels are not even manipulated as raw
sequences, but as packed bit strings consisting of xedtlehinary sibling codes. No level separators are
used since the number of bits needed for the sibling codepafticular tag patlp is xed to the base 2
logarithm of the arity of, which is stored in th®ataGuide If Child®* (p(u); p(v)) holds true, then the
sibling codes irpogu) andpogv) are pre x-free and the twoPID labels can be compared in their binary
form. Otherwiseu does not contaiv anyway. Moreover, given the lengths of sibling codes spati

15Note that the sibling code “0” in the last stepmdgV) is not xed — e.g., thesection node left ofv has code “1” — and hence
cannot be omitted.
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by the DataGuidenodes, the binary label of any nodlecan be decomposed for reconstruction without
extra bits for length components or padding, as in Fifrkod.pagd2B. To sum up_Bremerand Qertz
show how the use of a centralized structural summary foirgiaglobal document information permits
effective compression and fast manipulation of node labethe same time. In practicd?ID labels are
very compact (see the experimental results in Chdjbter thowdh the worst-case label size is sti{ 1),

as for all path encodings.

3.5 Multiplicative Encodings

Finally, we would like to mention two labelling schemes waacision or reconstruction capabilities are
based on arithmetic properties of node labels in trees whilglaly regular structure, such as binary trees or
completek-ary trees. In such a regular tree, labels can be assignéasspeci c relations between nodes
can be inferred from their labels alone, by simple numericwations. The idea is to nd a mapping
from a given irregularly structured document ti2eo a regular tre®, such that some of the arithmetic
properties irD; carry over toD:

De nition 3.5 (Multiplicative encoding) The class oimultiplicative encodingsubsumes schemes where
the label of a given document node v in D numerically encoddsin tree relations involving v, without
direct reference to nodes in the neighbourhood of v. To thiste document tree D is (not necessarily
physically) mapped to an internal representatiop With certain structural regularities that generally do
not hold in D, such as xed node fan-outs or subtree sizessé& negularities entail arithmetic (typically
multiplicative) invariants on the labels of nodes in Ehat are in a speci c tree relation. The mappimg
from D to Dy is such that tree relations between nodes in D can be decideztonstructed by exploiting
the invariants of their counterparts in,D

Labelling with multiplicative encodings conceptually aives three consecutive steps. First, the doc-
ument treeD to be labelled is analyzed in order to determine a suitatigrrial representatioDd, of D.
In the second step, labels are created for the nodBs irFinally, each node i is assigned the label of
its unique counterpart iB, . Note, however, that the labelling B, andD might happen simultaneously,
i.e., steps two and three may be merged. In fact, the muwiéifie approaches reviewed below do not even
fully represenD, physically in memory or on disk. Once a suitable mappinfgom nodes irD to nodes
in D, is found, they simple traverd2 and assign every node the label that it would hav@,in

It has been mentioned above that every multiplicative eimgpiblies on speci ¢ structural regularities
in D, to decide or reconstruct tree relationsin Since in most realistic casé® is not as regularly
structured a®,, however, not all desirable properties of the label®jncarry over toD. Therefore the
rst of two major challenges in devising a good multiplicagilabelling scheme is to nd a way of mapping
anygiven document treB to an internal representati@) such that the desired expressivity of the scheme
is guaranteed. The second challenge concerns the storagerspeded for the resulting label®inAs will
become apparent in the rest of this section, the structagallarity ofD, typically cause®, to contain
many nodes that have no counterparDir(so-calledvirtual nodes a term coined bj Lee etal. [1T996]).
In more formal terms, the mapping from nodes inD to nodes inD, is generally not surjectivé® In
practice this means that a potentially large portion of #rege of possible labels is not used in the labelling
of D, being reserved for virtual nodes. Conversely, a much tar@ege of label values may be needed
for indexing a given document trézthan when using a less sparse encoding such asQ¥dpy/Sizeor
Pre/Post (see Sectiorls3.3.1 ahd313.2, respectively). On the ot lthese labelling schemes are also
far less expressive than some multiplicative encoding® tfdde-off between expressivity and label size
is further discussed in SectifnB.6.

Virtual Nodes . The earliest multiplicative labelling scheme we know of haen proposed liyTee eflal.
in[[398. We refer to it as th¥irtual Nodesscheme in the remainder of this work. As a very expressive
but also very space-hungry approach, it is a good examplbéoaforementioned trade-off faced by some
multiplicative encoding. Besides, the arithmetics beliitisl scheme is interesting in its own right.

16By contrast, the mapping clearly is injective because otherwise the node label3 would not be unique, unless they contain
extra components besides the labels fidm
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Figure 3.8: The multiplicative encodingrtual Nodesapplied to the document in Figure=hllon pagdTB.
Shaded circles reached by dashed lines symbolize “virnuadies. Note the breadth- rst label order.

When labelling a given document tr@&using theVirtual Nodesscheme, the shape of the internal
representatiod, of D depends on thenaximal fan-outin D, i.e., the greatest number of children of
any node irD. In the sequel, lelip denote the maximal fan-out D. Once the value dfp is determined
(usually, in a rst traversal of the document treB)is mapped to &p-ary treeD, , as shown in Figule.¥.
Intuitively, D, is obtained by adding virtual nodesn for eachv in D, r (v) = v; if v does not comply
with the de nition of akp-ary tree, the missing nodes are added as rightmost virhilren tov. The
example illustrates that the number of virtual node®inmay be exponential in the height bfin the
worst case.

The nodes in thé&p-ary treeD, (including virtual nodes) are labelled with consecutiveeger num-
bers 1 in a left-to-right breadth- rst traversal dd,. As shown in Figur€3]8, the nine nodesDnare
given labels in the rang|::54], which illustrates the sparseness of Wietual Nodesscheme. On the
other hand, a number of tree relations can be decided andseuooted using these labels. The following
lemmata explain the reconstructionieth-childandparent (the proofs have been omitted By Lee gt al. in
the[I93b paper):

Lemma 3.6 (Virtual Nodes child reconstruction) Let D be a document tree with maximal fan-ogt k
and let b be the Ip-ary tree that is used for labelling D with thértual Nodesscheme. Besides, let v be
a node in D and lebrdefv) be the label of vin . If v has at least i children in P (i > 0), then the i-th
child wof vin D has the labebrdefw) = kp (ordefv) 1)+ i+ 1.

Proof. Forany nodelin D;, let p, denote the number of nodes precedirig a left-to-right breadth- rst
traversal oD, . First of all, from the wayirtual Nodeslabels are assigned, beginning with the label 1, it
follows thatordefu) = py+ 1 for any nodeu in D, . In particular, this is true for the desired child node
of v. So it remains to be shown thay, = kp (ordefv) 1) + i.

Obviouslypy = p%+ pd9wherepQ’is the number of left siblings afi, which are children ofv's parent,
andpY, denotes the number of nodes precedintihat are not children of. Given thatw is thei-th child
of v, there aré 1 left siblings ofw, i.e.,pl%= i 1. The numbep, is determined as follows. Since node
labels are assigned consecutively in a left-to-right biteast traversal ofD, , all nodes preceding that
are not children ofr are either predecessorswbr children of predecessors af We know that there are
ordefv) 1 predecessors afin D, (see above) and that each of them kgshildren (none of them is
a leaf, otherwises could not have a child nods by de nition of D, as akp-ary tree). Hence there are
ko (ordefv) 1) children of predecessorswfn D, . However, the only predecessonahat is not also a
child of a predecessor ofis the root ofD; . It follows thatp?, = kp (ordefv) 1)+ 1. We conclude that

P = o ol
kp (ordefv) 1)+ 1+ i 1
kp (ordefv) 1)+ i

1By ak-ary tree we mean a tree in which every node is either a leaf or an inoge with exactlyk children, and where no inner
node is visited after a leaf node in the left-to-right bréadst traversal of the tree.
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The formulain LemmBZ316 can be used to reconstirtietchild(v) for any nodev in D, with an impor-
tant restriction: the result is correct only for nodes tinateled have at leasthildren inD. Notice that this
condition is even stricter than the one for that is mentioned in the lemma. After all, even if iki child
of vin D, exists, we ignore whether it has a counterpaiDijn.e., it might be a virtual node. In this case
the formula computes the label that is reserved foii tiechild of vin D, should it ever exist.

LemmalZ¥ shows how to reconstryerent(v) for any nodev in D except the root (which is easily
recognized by its xed label 1). Higher ancestors are olediby repeated parent reconstruction. Note that
there is no additional restriction arhere because of the way hdis mapped t®, (see FigurE3]8): one
can show that for any nodein D, , if v belongs tdD then so do all its ancestors.

Lemma 3.7 (Virtual Nodes parent reconstruction) Let D be a document tree with maximal fan-ogt k
and Dy the lp-ary tree that is used for labelling D with thértual Nodesscheme. Besides, let v be a node
in D and Ietordq(v) be thg label of vin B. If v is not the root of I, then the parent u of v in Dhas the

label ordefu) = %p +1

Proof. As in the proof of Lemm§3l6, we de ng, as the number of nodes precedinm a I?ft-to-rigm
breadth- rsttraversal oD, , and similarly fop, andv. Recall thabrdefu) = py+ 1, hencep, = %g’)z

remains to be shown. First, assume thét the leftmost child of its parent. Then the number of pre-
decessors of that are not children afi is ordefv) 1. By the same argument as in the proof above, the
parents of these nodes are exactly pheredecessors af in D, . Among theordefv) 1 predecessors
of v, the root oD, is the only node that does not have a parei;in so we are looking for thp, parents

of ordefv) 2 nodes. Given that exactkp children share the same parent, there mugijbe ‘m’elf#?
D
parents.
In general, ifv is thei-th child of u (1 i kp), then the number of predecessorsvothat are

not childrerkofu isordefv) 1 (i 1), and accordinglyy, = %ﬁ“”. However, this is equal
to 29 2 since(i 1) ko 1.

PBiTree. Unlike Virtual Nodes which is fairly expressive, theerfect Binary TregPBiTree) encoding
by[Wang et al. [2003a] only decidé%arent constraints. The document trBeis mapped (“binarized”) to
a complete binary treB, 18 using an injective homomorphismsuch that for any paiu;v of document
nodes,Parent (v;u) in D iff Parent (v, ;u,) in D,. As with other multiplicative schemes, this may entail
the creation of numerous virtual nodes needed to niakeomplete. (Again, the binarization need not
take place physically.)

The label of a node in D is the inorder rank of (v) in D, . In the binary tree with its highly regular
structure, ancestor recon&truction is possible. The &mceta noder (v) at heighth in D, is computed

asandgr (v);h)= 2" £h(+V)1 + 2" The ancestor reconstruction Dy allows to decideParent in D, as

follows: Parent (v;u) holds true for nodes;v in D iff r (u) = andr (v);h) for someh. By contrast,
decidingParenf(v;u) for a speci ¢ proximityi is impossible because the binarization does not preserve
the node levels and distances in the original fteeTo check whetheu andv are at a speci ¢ distance

in D, we would need to know the height ofu) in the binarized tree b—»but there is no way to infehn
fromi. By the same argumerR®BiTree does not support the reconstructiorpafrent in D.

3.6 Summary and Discussion

Labelling schemes are structural summaries that can nixobnstraints on individual document nodes
in a decentralized fashion, without accessing larger pafrthe data. As such they are a fundamental
building block for many different structural joins algdmnihs and a valuable complement to centralized
structural summaries like the schema tree introduced iticdZ33. This section has provided an overview
of selected representative labelling schemes for XML daemnts1 As mentioned before, there is a wealth

188y acomplete k-ary treave mean a tree in which every node is either a leaf or an inge with exactlyk children, and where
all leaf nodes are at the same level.
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of contributions that have been made in more than twentysy®dth a particular raise of activity during
the last ve to six years. An exhaustive survey is still miggin the literature but currently under way
[Weigeland Schulz 2097]. It applies an extended versioheftassi cation above to about thirty distinct
labelling schemes (see Taklel3.2 on dage 39).

To compare and evaluate the various approaches, four ¢aestic properties and possible optimiza-
tion goals have been suggested. Bipressivityof a labelling scheme indicates whi€hconstraints can
be matched using that scheme, and in which way. In this comtexhave proposed the terrdecision
andreconstructiorto denote two very different matching techniques that aeégpable in distinct retrieval
situations. The impact on the matching performance is dearih Section[Z® and Sectidnd.5. Besides,
theruntime performancef alternative labelling schemes varies for a given denisioreconstruction op-
eration, which can affect the performance of the query msoe too. Thepace consumptioon disk and
in memory depends on the average and maximal label sizeslly-updatability(or robustnesgdeals with
how well a given scheme can re ect structural or textual mzations of the underlying documents. Node
insertions are particularly dif cult to handle for certattasses of labelling scheme (see below).

As often, these major characteristics turn out to represemicting optimization goals. The rest of
this chapter brie y compares the selected approaches atoveach of the four elds, in an attempt to
highlight the different priorities of the individual labiglg schemes (and also classes of schemes) in the
trade-off between space consumption, expressivity, eficy, and robustness.

Space consumption. In the literature on labelling schemes, storage issuesoanetimes regarded either
from a more theoretical or from a more practical point of vi@@pending on the intended application
scenario and also the community that a particular approactes from. On the one hand, it is important
to explore the asymptotic worst-case bounds on the labe] aizd much work has been devoted to ob-
taining ever tighter upper bounds, mostly by experts in talel of Discrete Mathematics (among others,
[PeTeg [200p][ Raplan and Milo [20p([_Abiteboul et al. [2epJAIStrup et al. [200R]). However, some of
these labelling schemes are rather complicated and thierafdikely to be widely deployed. Also the
signi cance of theoretical bounds for practical use is tiedi: thus some of the highly space-optimized
schemes have been reported to perform worse than simplerfi&aplan et al. 2042], because the worst-
case bounds tend to overestimate the space that is actoaymed when labelling real-world documents.

On the practical side, many techniques for reducing theespasumption have been developed, even
though they may not improve the asymptotic behaviour. Theskeniques target either the average size
or the maximal size of the labels that are created for a giveuchent collection, depending on whether
individual labels are stored using a variable or a xed nundfdits, respectively. For path encodings with
their worst-case label size of(@), various binary encodings have been put forward, includimgskew
Huffman codes used b RDPATH that reserve shorter bit strings for the most frequentrsiptiodes.
Even for the less specialized UTF-8 encoding applie®éweyand Extended Dewe)Cu et al: [200p]
report space savings of up to 50% compared to raw labels.ké&ltiiese approaches, th@ID scheme
does not encode the number of bits used for each sibling aotteeilabels, but stores this information
in a centralized structural summary once for all nodes withdgame tag path. This way the label size is
reduced considerably. Some more space is saved by omittitesof singleton siblings in the labels, which
effectively compresses the labels. Compared®RDPATH, PID encoding reduces the space consumption
by up to 50% with variable-size labels, and even more for -sizk labels (see Sectifa .6 in the next
chapter). In some cases the average and occasionally evenakimum size of PID labels is smaller
than for preorder rankEJBremer and Geriz A406; Weigel exGu5d].

Extended DeweyPath-Basedand PID also exemplify alternative approaches to combining node la
bels with element tags using some sort of global data strectutside the labels. THeath-Basedscheme
keeps all distinct tag paths together with the node labedsimverted index, which causes redundant stor-
age but saves pointers. By contrd&sttended Dewegnd PID labels reference the corresponding tag paths
in a centralized structural summary (FSTOataGuide respectively). While PID uses explicit pointers to
DataGuidenodesExtended Deweghooses sparse sibling codes representing FST statesh @fipcoach
takes up less space depends on the structure of the docurteftects both the size of thBataGuide
(hence the length of the pointers) and the sparseness dbtimgsodes. In general the FST has the same
number of edges but fewer nodes thanBte@aGuide On the other hand, whilExtended Dewegupports
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recursive DTDs, it cannot handle tags that occur below iffetag paths in the documents, unlikelD.
A modi ed FST with states representing tag paths rather #iagleton tags would grow to the same size
as theDataGuide

Although subtree encodings enjoy a modest upper label simadof logn), there are differences
to observe. For instancg_Grust et al. [004] point out thith & xed label size, region encodings like
Start/End can represent only half as many nodesPas/Post. Intuitively, this is because node labels
[starfv); end V)] with starfv) > endv) are prohibited (see the unused lower part of the two-dinoeradi
label space in FigureEZ3E] on pagdd5). On the other hand, tBeder/Size scheme is no sparser than
Pre/Post (compare FigureE32l and) but more robust against changes of the document tree (see th
paragraph on updatability below).

Expressivity. Table[Z2P on the facing page summarizes the expressivithiefabelling schemes dis-
cussed in this chapter. Roughly speaking, one can obseoveltisters in the table: one the one hand, there
are very expressive schemes like most multiplicative eimgsdand the path encodings closeliewey
(upper half of Tabl§312). On the other hand, many other aagves are much more focused on speci c
decision or reconstruction problems. In particular, sed&ncodings (lower part of Tallle13.2) only decide
Parent and NextElf" constraints, but ignore sibling decision as well as anymstraction besides sub-
tree size. Combined with the fact that they are concise,ifiad¢cision problems and easy to implement,
this makes them a good choice for the set-at-a-time ideation of ancestor/descendant pairs in structural
joins.

The group of path encodings (middle part of TdhId 3.2) faite three subgroups each with a different
expressivity pro le. The most expressive approaches with decision and reconstruction capabilities are
those based on some form@éweyencoding (rows down to and includikgxtended Dewejn Table[Z.P).

A second cluster subsumes a number of path encodings thatoareompatible with document order,
which prevents the decision and reconstruction of mostzbatal tree relations. These includes schemes
with tag-speci ¢ sibling codes, like th@ath-Basedand PID labellings, as well as so-callddyered
encodings (marked with an™in Table[32). Layering is discussed in Sectlan4.5.2 beldvike the
layered schemes, the remaining path encodings mostly stamthe graph theory and network routing
communities and are mainly designed to minimize the lalzd and derive tight asymptotic bounds, at
the expense of even more restricted expressivity. Whileaniaeing a better worst-case label size, they
tend to be far too complicated for productive use and areetbes primarily of theoretical interest. Note
that due to their top-down approach to node labelling (seti&d3.3), all path encodings ignore the size
of speci ¢ subtrees in the documents (last column in TEEW.3The only exception, theCA scheme by
[PeTeqT200p], is in fact a combined path and subtree encoding

Finally, the rst two of the multiplicative encodings (upppart of TabldZ3R) are highly expressive
owing to the strong tree regularities they exploit (seei8rELR). Note that th¥irtual Nodesscheme does
not recognize document order because is assigns node Iakzelsreadth- rst traversal of the document
tree. TheBIRD scheme is presented in the next chapter. In contrast to fubsgnesPBiTree encoding
supports only the decision &farent because of the lossy mapping into its internal tree reptatien (see
Sectior33b). Like path encodings, the multiplicative snhe are incapable of reconstructisige due to
their sparseness.

Runtime performance. Labelling schemes not only differ with respect to the chateree relations
that they decide or reconstruct, but also in how fast thi®ised For instance, ancestor reconstruction with
Virtual Nodesor Deweybased schemes may take time linear in the length of the dbed (depending
on the binary label encoding), whered2lD andBIRD compute the ancestor labels at any height in quasi-
constanttime. The asymptotic behaviour of these labedlaigemes when faced with various reconstruction
and decision problems is analyzed in earlier wprk JWeigele2005k].

Note, however, that assessing the ef ciency of a labellipgraach is complex, and hardly possible
when taking only theoretical properties into account, bseanany factors can have a more or less tangible
in uence on the runtime performance of the query engine. sTbur experiments in the next chapter (see
Section§ 2612 addZ®.3) show that in practice, using ioaction rather than decision has a huge impact
while the difference between distinct reconstruction rodhis often negligible.
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Table 3.2: Expressivity of different labelling schemesi®pls in the individual columns indicate whether
a speci c tree relation is decided or reconstructed by aipaer labelling scheme (see the key below the
table for the meaning of the symbols). Shaded columns lgghiiee relations that are of special interest for
XPath or XQuery processors. The table includes many appesawt discussed in this work. For a detailed
analysis and comparison of all labelling schemes, see tglete survey[[Weigel and schulz 2907].
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3.6. SUMMARY AND DISCUSSION

Updatability. Modifying a document collection that has been indexed uaispgeci c labelling scheme
may affect the existing labels assigned to individual doentmodes. The impact of a document update
typically depends on any combination of (1) the labellingesoe used (e.g., path versus subtree encoding
with or without text labelling), (2) the kind of update (imen versus removal of a document, element, or
text passage), (3) the location of the update (e.g., in aledé of the document tree), and (4) the extent of
the update (e.g., how many nodes are added at a given p@sititnile the removal of documents, elements
or text passages is often handled simply by leaving labedssigned, adding new content is more critical.

In some scenarios, updates occur either rarely (like incsatabases containing, e.g., medical, juridi-
cal, geographical or historical information), or new data ast collected and then added to the database
in a bulk update once in a while (e.g., in digital archivesgliistic corpora, encyclopedias and dictionar-
ies, product catalogues, or digital libraries). Under saoicbhumstances, robustness is a minor concern,
whereas storage demands and runtime performance are muehimportant. A straightforward solution
is to reindex the entire document collection from time togin©n the other hand, in dynamic databases
whose contents change frequently, like news repositaaigsgion servers, or ight booking services, such
a strategy is clearly infeasible. Here node insertions hestonencrementallyi.e., without affecting too
many of the existing node labels.

The class boundaries between subtree encodings, pathiegsahd multiplicative encodings also
mark fundamental differences with respect to updatabitis/observed by Yu et al- [20P5], subtree encod-
ings propagate topological changes bottom-up throughdbardent tre® because the label (i.e., interval
or region) of any document node is contained in the labellafsahncestors iD. For instance, if a newly
inserted node causes the parent interval to over ow, thenrtlight propagate up to the root Bt The
situation is even worse for multiplicative encodings, wehan over ow might propagate to disparate re-
gions inD or even the entire tree (e.g., considértual Nodeslabelling when the maximal fan-out &f
increases).

By contrast, path encodings propagate label updates tay+-tioall descendants, which inherit a pre x
of the path label from their ancestor. As a consequence,gratbdings can more easily accommodate an
unknown number of future node insertions. Tisweyencoding naturally supports the adding of new
rightmost siblings (in other words, unordered insertiomghout the need for reassigning existing labels,
provided labels can occupy a variable number of bits. Otlaén pncodings use placeholder labels, either
one below each node (for unordered insertions, as sugglegfiédplan et al. [20J2]) or one between any
two siblings (for ordered insertions at arbitrary posidn D, as suggested Jy_O'Neil et al. [Z404] for
ORDPATH).

With xed-size subtree or multiplicative encodings, thesiest way to prepare for a limited number of
node insertions to come is to leave a certain number of lab®lssigned during indexing. This technique
was proposed y Tiand Moon [2001] fextended Preordelamong others. Note, however, that the size of
the gaps must be xed at indexing time, unlike the placehddsed with path encodings. If variable-size
labels are admissible, oating-point rather than integemibers may be used as interval bounds in order
to make subtree encodings more robust. This idea was alteathd at by Santoro and Khatib [1385] and
was later adopted y Chien et al. [2P01] §nd Jagadish etGi]2too.

Alternatively, theRelative Regiorscheme by Kha efal. [20P1] encodes the interval bounds of any
nodev in D relative to the interval bounds of the parendf v. Similar encodings have been described by
[[atarinov et al. [7002] l(ocal Orde) and[Sacks-Davis et al. [TI97P&th-Based. However, this means
thatParent (v;u) can no longer be decided from the labely ahdu alone, which spoils the local character
of the labelling and may entail extra I/O during the queryleaton.

RKhaefal also suggest de ning the interval bounds in terisyte offsets rather than preorder node
ranks. The same idea is pursued by Yoshikawa et al. ]2001E that this not only reduces the robustness
of the labelling, but also prevents proximity matching imte of the token distance. In the literature on
structural joins for XML retrieval, where region encodinggbeen most in uential (see above), the original
representation using token positions is predominant.
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CHAPTER
FOUR

TheBIRD Labelling Scheme

4.1 Overview

To assess the cost and bene t of labelling schemes for XM& piteceding chapter has surveyed a choice
of approaches with different features and weaknesses. Wepnesent a new labelling scheme called
BIRD (the acronym oBalanced Index-based numbering scheme for Reconstruetiah Decisioh that
combines great expressivity and ef ciency with modest af@r needs and reasonable robustn8sRD

is the rstin a sequence of interrelated contributions tgbesented throughout this work. Together with
the CADGindex (Parfdl), it serves as a building block to tR&CADGretrieval engine (PafdV), whose
evaluation algorithm draws much of its power from the retamsion capabilities of th&IRD scheme.
The bene ts ofBIRD also carry over to incremental query evaluation withR@ADG Caché€ParfM).

Before explaining8IRD in detall, let us brie y recapitulate on the role of labelijischemes for XML
retrieval. Given more and more large collections of XML doants, ef ciency and scalability are a
major concerns. Matching query constraints directly indbeuments is prohibitively expensive especially
when using general-purpose storage infrastructure, stiah DBS or a standard le system. Centralized
structural summaries like the schema tree introduced ipteh@ partially shift the burden to the schema
level, where weaker query conditions (so-caldonstraintscan be processed very fast. However, while
this typically rules out some false positives, the resuitte schema-matching stage must be checked once
more on the document level against the exact query contréhre D-constrainty. Labelling schemes
as decentralized structural summaries can assist in tlsisndent-matching stage, supplying information
about the tree relations between individual document ntidtesigh their labels. Rephrasing De nitigB.1
on pagdl7 a little more precisely, one can say that labedlafgemes specify conventions for assigning
unique labels to the nodes in the document tree that allovetide or reconstruct speci D-constraints
ef ciently without access to the entire document tree, vishsaves 1/0 and possibly join operations.

Following the terminology introduced in the previous cleapBIRD belongs to the small class of
multiplicative encodings (see Sectibnl3.5). Recall fromrdimn EXlon page3k that unlike subtree or
path encodings which derive the label of an element respgtirom its descendants or ancestors, mul-
tiplicative labelling schemes exploit certain regulastin the document structure to encode tree relations
numerically in the labels. In the case BIRD, each document node is given a x&ekightat indexing
time, and labels are assigned in such a way that the labelesf éode is a multiple of its weight. As
shown later, this allows to reconstruct the ancestorsingjpland children of any given document node
and to decide almost all tree relations in our data model.sBIRD is among the few most expressive
labelling schemes known to the literature (see TEQle 3.2agdEP). In particulaBIRD labels respect the
document order, which greatly facilitates sort, join andgeeoperations on node sets (see Sefigh 4.6). Of
course using only labels that are multiples of speci ¢ wésgbhaves many possible label values unused. As
other multiplicative labelling schemeB|RD is in fact a rather sparse encoding that reserves many labels
to so-called “virtual” nodes, i.e., additional documentlas that do not exist physically (and hence cannot
be queried), but are assigned node labels nonethelesst é}igtience is assumed solely for the sake of
establishing structural regularities that are not manifethe original document tree.
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4.1. OVERVIEW

figure | #4] 1

a. document tre® b. schema tre&
Figure 4.1: The multiplicative encodirg/RD applied to the document in Figure_hllon pagds.

For illustration, consider the document tree shown in Fe{diIal Each noder is annotated with its
BIRD label b(v) (in bold face) and with its weight/(v) (in parentheses). For instance, the shaded mode
in the gure has the labeb(v) = 20 and the weighiv(v) = 2. Weights are not stored with the labels, but
in a centralized structural summary such as the schemantféigredlZ_] All nodes ingg with the same
tag path a¥ have the same weight, which is attached to the corresposdimgma node(v) in[l (large
numbers). Decision problems for any XPath axis can be sdlasdd on the following observations. First,
given two nodes andw in the document treay is a descendant ofiff b(v) < b(w) < b(v)+ w(v). Thus
node 21 is a descendantwbecause 2& 21< 20+ 2. To decideNextSib* (v;w), we test ifb(v) < b(w)
and the two nodeg w have the same parent node (parents are reconstructed |eeg. Feollowing(v; w)
holds true iffb(w)  b(v)+ w(V). For instance, node 25 followssince 25 20+ 2. Furthermore, given
the BIRD label b(v) of a nodev and the weighw(u) of any ancestou of v (say, its parent node), we
can reconstruct thBIRD label ofu, which isb(u)= b(v) (b(v) modw(u)).> The parent of in Fig-
urelZ7al e.g., has the weight 6, hence the label reconstructiodyd (20 mod §= 20 2= 18. This
brie y illustrates how theBIRD labelling is used to decide the tree relations in our dataghfod two given
document nodes and to reconstruct part of the tree neighbodr(here, the root path) of a single given
document node. The decision and reconstruction of otheré&lations is discussed below.

We shall see that thRIRD scheme supports the decisioratif XPath axes, as well as the reconstruction
of all functional XPath axes (i.e., those containing at noo& node by de nition, such as tiparent axis).
Involving only trivial arithmetic calculations such as #eosshown above, the decision and reconstruction is
very ef cient, provided that fast access to tRERD weights is available. To this end, the weights are stored
in a centralized structural summary (e.g., the schema mteeduced in Chaptdl 1) that is typically small
enough to reside in main memory. Matters of storage consomate discussed below, where we introduce
various variants oBIRD labelling schemes that offer distinct compromises betwlerexpressivity of
the scheme and the size of the resultBIRD labels. The storage requirements are also in uenced by
the choice of the structural summary (see Sediloh 4.8). imséinseBIRD labelling actually de nes a
family of possible schemes. Our experimental evaluatiee GectiofLZ]l6) shows thBtRD outperforms
various other tree labelling schemes in terms of runtiméoperance and expressivity, and that its storage
behaviour and updatability are competitive on documeriectibns up to the gigabyte range.

The next section explains how to cre®HRD labels and weights for a given document tree to be la-
belled. The algorithms described there cover differentavas of BIRD encoding. Sectiof 4.3 presents a
series of lemmata that show how to reconstruct tree relatimm BIRD labels and weights. The deci-
sion of query constraints is covered by Secliol 4.4. Thesestutions formally prove the expressivity of
the BIRD scheme that was claimed earlier (see TP 3.2 on[pdge 39)dliHg document updates with
BIRD is discussed in Sectidn3.5, featuring two variants of thestwe that promises increased robustness.
SectioZBF reports on the outcome of our experimental atialu and comparison of a number of differ-
ent labelling schemes for XML data. Sectionl4.7 summaribescontributions made by the competing
schemes. We conclude in Sectlon]4.8 with an outlook on fudp&mizations and open questions.

IFor integers;j (j 6 0), leti modj denote the unique integer i moduloj suchthat0 | < j.
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CHAPTER 4. THEBIRD LABELLING SCHEME

4.2 The Family of BIRD Labelling Schemes

This section deals with how to cred@¢RD labels and weights at indexing time. Runtime operationgfer
decision and reconstruction of query constraints are ealierthe next two sections. As mentioned above,
a centralized structural summary is used for providing kjaiccess t@IRD weights during query evalua-
tion. In the sequel, we assume that the weights are storéeischema tree, as shown in Figlird 4.1 on the
facing page. For a discussion of other structural summéretscan be used witBIRD, see Sectiol 4l 8.

Let D be a document tree to be labelled, andSdte its schema tree. As illustrated in the examples
above, we have to make sure that for any given noitkeD, the weights o/ and all its ancestors iD can
be obtained fron®. Also, it has already been mentioned that for any noufeD, theBIRD label b(v) of v
must be a multiple of its weight(v). We thus enforce the following two invariants during thedbibg:

1. Weight invariant All document nodes with the same tag path have the SIR® weight. For
any nodev in D, its weightw(V) is stored in the nodp(v) in S.

2. Label invariant During the labelling oD, the BIRD label b(v) of any nodev in D is deter-
mined to be the smallest unassigned multiplev¢¥) in document order.

Let w(p) denote theBIRD weight stored in a given a schema ngala S. The rst invariant states that
for every document node w(v) = w(p(v)). Intuitively, the weight ofv must be large enough to subsume
the interval spanned by a@IRD labels in the subtree dd that is rooted inv. Note that in general this
interval is larger than the numbeizgV) of nodes in that subtree becaw&sedescendants are subject to the
label invariant above. Also note that distinct documentesodith the same tag path may have different
intervals. To comply with the weight invariant, we theref@hoosev(p(v)) to be the largest interval for
any document node with the same tag patlv.aghis idea is expressed formally in the weight de nition
below (see the next subsection).

Labelling a document tre@ with BIRD is done in three phases. FirBtjs traversed once to determine
for each document nodethe number of children of, which is later used to determine the aforementioned
subtree interval of. In the second phase, the schema 8égtraversed bottom-up to compute and store
the weightw(p) of every schema nodein S. Finally, in the third phas® is traversed again in document
order to assigBIRD weights to all document nodes i based on the weights B

4.2.1 CreatingBIRD Weights

To facilitate the labelling process, we only consitelancedvariants of theBIRD scheme. Here the
weights for schema nodes are uni ed among all children (angkchildren, etc.) of a given schema node
in S2 The degree of balancing is controlled by the paramieter

Let p denote a node 5, and letb 1. By theb-step ancestoof p, we mean the unique ancestor
of p in Sthat is reached frorp in exactlyb parent steps. As a matter of fact, thetep ancestor gf is
de ned if and only ifleve(p) b. Since the weightvy(p) of p in ab-balancedBIRD scheme is based on
the maximal interval size among the siblings, cousins, dgansins, etc. gb in S, depending on the value
of b, the following de nition of b-equivalent nodeis needed. Intuitively, two nodes are 1-equivalent iff
they are siblings (i.e., share the same parent), 2-equivifehey are siblings or cousins (i.e., share the
same grandparent), and so on.

De nition 4.1 ( b-equivalence) Let S be a schema tree with set of nodes P. The equivalentiensla
(b 1) onthe set P of nodes in S are inductively de ned as follows:

1. forall p;p°2 P, p 1 pPiff the 1-step ancestors (i.e., parents) of p arfthpe de ned and coincide.

2. Letb 1. Forallp;p°2 P,p p+1pCiffp b p° orthe b+ 1-step ancestors of p and are de ned
and coincide.

Ifp b p° we say that p andfare b-equivalent By [p], we mean the equivalence class of the node p with
respectto p.

2There also exists an unbalanced variant that producesesmadights and labels, but has disadvantages in terms oéssipity
and memory consumption during label creation (see Selcii@n 4
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4.2. THE FAMILY OFBIRD LABELLING SCHEMES

The following two de nitions are key to the bottom-up crematiof balance®IRD weights inS:

De nition 4.2 (Child count) Let D be a document tree with set of nodes V, and I2tW be a node
in D. Thechild countchildCountv) of v is the number of children of v in D, i.echildCounfv) =
fw2V j Child(v,w)g;.

De nition 4.3 (Balanced BIRD weight) Let D be a document tree with set of nodes V, and let S be the
schema tree for D with set of nodes P. Besides, letlb The bbalancedBIRD pre-weightvvg(p) and the
b-balance®IRD weightwy(p) of a schema node? P are recursively de ned as follows:

Wp) = wp(pY) maxpy f childCountv)+ 1 j p(v)= pg  iff p has a child §
biP) = 1 otherwise
wp(p) = maxepfw)(p) i p° bpo:

Finally, for every V2 V, the bbalance®IRD weightof v is de ned aswy (V) := wy(p(V)).

Note that the maximum operation in the de nition vf, leads to uni ed weights for alb-equivalent
schema nodes i8 (balancing). It also guarantees the well-de nedness ofvm&;htsvvg since any two
childrenp® p®f a schema nodp have the samb-balanced weightsvy(p9 = wy(p%. The nal clause
conforms to the weight invariant on pdgd 43.

1-balanced weights are also callgtild-balancedwveights. Ifb equals the heightp of the document
tree D, thenwy(p) is called thetotally balanced weighof the schema node. In the remainder of this
chapterS, denotes the variant of the schema tBaghere theb-balanced weighiv,(p) is attached to each
schema nodp, as illustrated fob = 1 in FigurdZP on the next page.

Example: Child-balanced BIRD weights. Consider the document tré& shown in FigurdeZZ] and
the corresponding schema tr8gin Figure[Z2h] on the facing page, to which the child-balan@&&D
has been applied (i.e.,=L 1). Each nod® in S; is annotated with its child-balanced weighit(p) and,
for convenience, the pre-weigw.‘f(p) (in parenthesis). Ip has children, then FiguleZZR also depicts
the number mayy f childCoun¢v)+ 1 j p(v) = pgthatis used in De nitiodlZ13 above (written above the
line next top). Note that only the weights/; are stored physically in the schema tree.

To understand how the depicted pre-weights and weigl8same computed, consider the leftmost path
in FigurdZ2h]l The weighting procedure runs bottom-up and begins withetheds, = =r =a=c=b=c and
p. = =r =a=c=b=b, which respectively represent the document nodes 115 ahihTi(larger numbersin
FigurdZ2a)). Their pre-weightis xed tav)(p;) = wl(pz) = 1 according to the rst part of De nitiorZ13.
To compute the nal weightvy(p;) of p1, we must determine the greatest pre-weight of all schemasod
that are 1-equivalent tp;. Since[pi]r = [p2]1 = fp1;p20, we obtainwi(p1) = wi(p2) = 1 (second part
of De nition 3). We next consider the parent nopg= =r =a=c=b of p; andp,, which represents the
documentnodes 111, 114 and 28DinThe nodes 111 and 282 have no children,dhildCoun¢114) = 2
(see FigurdZAD. Therefore in the calculation a#(ps), the child weightw;(p;) is multiplied by a
factor 2+ 1= 3 according to the rst part of De nitiolZ]3. The resultinggaweight ofps is W‘f(pg) = 3.
In the next step, the nal weighty1(ps) is computed: The bottom-up algorithm has already compured t
pre-weight of the siblingps = =r =a=c=c andps = =r=a=c=d of p3, which is 1 because they are leaves.
The weight of each of the three siblingg ps andps is the maximum of their pre-weights, i.evs(ps) =
wi(ps) = wi(ps) = 3 according to the second part of De nitif@}¥.3. On the higlesels, pre-weights
and weights are computed in exactly the same way until wehrrecroot=r of S;. Its 1-balance®IRD
weight is 450.

4.2.2 CreatingBIRD Labels

We now describe thb-balancedBIRD schemewhich assigns an integéi,(v) to each node in D, given
the schema treg for D that containd-balanced weights as described above (see De nfiich 418thé
special case where= 1, the scheme is called tlwhild-balancedBIRD schemellf b= hp represents the
height of the document tree, we refer to it as tiblly balancedBIRD scheme

3For convenience, the example refers to document nodes inyBiHRD labels, although the label computation is only explained
later (see the next subsection).
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Figure 4.2: Child-balanceBIRD labelling b= 1). EA sample document treB. For any document
nodev shown in the gure, the large number denotes the child-b@dBIRD label b;(v) of v, whereas
the small number in parentheses denotes the upper bouxd sfibtree interval, i.e.bi(v) + wy(v).
The 1-balanced schema tr& for D in gg For any schema node shown in the gure, the large
number denotes the child-balancBtRD weight wi(p) of p, whereas the small number in parenthe-
ses denotes the corresponding pre-weigﬁ(p) of p. For each non-leaf nodp in S, the number
max,v f childCoun¢v)+ 1 j p(v) = pgis indicated (see De nitiofit4l13 on the preceding page). N
only BIRD labels and weights (i.e., large numbergiandh) are stored physically.
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4.2. THE FAMILY OFBIRD LABELLING SCHEMES

child weight
balancing

name gender : :
"Jeff Smith" "Sue Lee" "female" L e NI :

a. document tre® with child-balancedBIRD labels b. schema treeS; for D

Figure 4.3: Child-balanceBIRD labelling applied to the sample document in Fiduré 2.1 oreffhg

De nition 4.4 (Balanced BIRD label) Let D be a document tree with root r, and lgj e the schema
tree for D with b-balanced weights as de ned above, for a ed 1. The bbalance®BIRD label by(v)
of a given document node v in D is recursively de ned as falow v= r, then by(Vv) is any multiple
of wp(p(r)) (e.g.,bp(v) := 0). Otherwise let u denote the parent of v in D, andigtu) be the b-balanced
BIRD label of u. If vis the leftmost child of u, thén(v) is the smallest multiple of;,(p(Vv)) thatis greater
thanbp(u). Otherwise let w be the immediate left sibling of v in D, anidblgw) be the b-balanceBIRD
label of w. Therby(v) := bp(w)+ wp(p(Vv)).

The recursive de nition of théBIRD labels above translates naturally into a labelling algonithat
traverse®d in pre-left order (i.e., document order) during the thirdlté aforementioned labelling phases.
This ensures that the label invariant on page 43 is obseseed emmBZ]6 below). Note that De nitibok.4
does not distinguish between speci ¢ values of the balapgarameteb. Instead theb-balancing is
implied by the weights irs. Therefore exactly the same labelling algorithm is usedfeating the labels
of anyb-balance®BIRD scheme.

Example: Child-balancedBIRD labels. In FigurelZZalon the preceding page, each document node
is annotated with its 1-balanc&IRD label b;(v) (large number). The labelling starts with O for the root
node, and traverses the document tree top-down left-td;r&$ described above. Note that for dny 1
the BIRD labels and weights are de ned in such a way that all label&iénsubtree rooted in a document
nodev are contained in the intervby(v); bp(v)+ wp(v)[. This important relation between labels and
weights is established by Lemfia4.5 below. For convenigheeypper bound of the subtree interval is
depicted as the small number in parentheses next to eachmbitgirdlZ2a] Note that only the labels are
stored physically, whereas the intervals are calculatet the labels and weights at runtime.

Example: Totally balancedBIRD labels. FigurdZZalon the next page shows the same document tree
as Figur§ZAlon the preceding page, but wiiRD labels computed for a balancing parametel of 4.
Note that sinceD has heightip = 4, the labelling shown in FiguleZZa] is the totally balance®IRD
scheme foD. Each database nodds annotated with its labed4(v) (large number) and with the upper
boundby(v) + wy(V) of its subtree interval. The 4-balancBtRD weights for the nodes iD are given as
annotations to the corresponding nodes in the schem&iresee Figur&ZA)).

Example: Document tree and schema tree from Chaptefl2. Figure[Z3B shows the document trbe
and child-balanced schema tregsfor the XML fragment in FigurdZZ&] on pagdB. The document
tree in FigurdZ3] differ from the one in FigurEZZHlin that preorder labels have been replaced with
child-balance®IRD labels. The schema tree in Figlre B3 the same as in Figule_ZX] except that
child-balancedBIRD weights have been added to the nodes.

The following two lemmata show thBIRD weights de ne subtree intervals for the labels of document
nodes and their descendantddn This observation is important because it guarantees tlpieness of
the node labels iD. In addition, it shows that the labelling functidnis compatible with the document
orderNextElt" in D, in the sense tha¥iextElt" (v;w) impliesb(v) < b(w) for any two nodes;w in D.
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Figure 4.4: Totally balance8IRD labelling b= hp = 4). E A sample document treB. For any
document node shown in the gure, the large number denotes the totally ihega BIRD label ba(V)

of v, whereas the small number in parentheses denotes the upped lof v's subtree interval, i.e.,
ba(V) + wy(Vv). The 4-balanced schema tr&g for D in Eg For any schema node shown in the
gure, the large number denotes the totally balanB&#eD weight ws(p) of p, whereas the small number
in parentheses denotes the corresponding pre-weigfis) of p. For each non-leaf nodein S, the number
max,v f childCountv)+ 1 j p(v) = pgis indicated (see De nitiofZ]3 on pafiel44). Note that dBIRD
labels and weights (i.e., large numbergiandh]) are stored physically.
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Lemma 4.5 BIRD label order) Let D be a document tree with set of nodes V, and leth Besides,
let v be a node in D, and lety.::; vy denote the sequence of all children of v in document ordealf,
letw:= wyp(p(vy)) = = Wp(p(Vm)). Then we have

bp(v) < bp(vi) < < bp(vm) < bp(vm)+ w bp(v) + wp(V)

Proof. Clearlyw 1 (see De nition[ZB on page}4). Hence the inequalitigéy) < bp(vi) < <
bp(Vim) < bp(vm) + w follow from De nition EEZlon pagdb, and only the nal ineqlity byp(vm)+ w
bp(v) + wp(v) remains to be proved.

Letp:= p(v) and letp®:= p(v1) = = p(vm). Obviouslyw = wy(pY. Since according to De ni-
tionEE3 by(vi+ 1) = bp(vi)+ wforalll i< m, we havebp(vim)+ w  bp(v)+ w (m+ 1). Furthermore,
sincevy;:::;vm are child nodes of, w (m+ 1) w maxyfchildCounfw)+ 1 p(w)= pg. With
the rst part of De nition 3, it follows thatw (m+ 1)  wi(p), which in turn is no larger thamy(p),
according to the second part of De nitifa}.3. Putting ittalether, we have proved that

bp(vm) + w bp(v)+ w (m+ 1) bi(v)+ wp(p) bp(v) + wi(p)
The nal inequality in Lemmd&Zl5 follows directly fromvy(p) = wp(V).

Lemma 4.6 BIRD labelling function) Let D be a document tree with set of nodes V and root r, and
letb 1. Regardless of the initial assignmentmf(r), both of the following statements are true:

1. Forallv2 V, by(v) modwy(p(v)) = O.

2. The labelling functiorby, is injective and compatible with the document order in D.
Proof. The statemerfil1 follows immediately from De niti@go}.4 artdtemenEP from Lemnia4.5.

The nal lemma in this subsection shows how the growth of niadeels is limited by the height and
branching degree of the document tree:

Lemma 4.7 BIRD label size) Let D be a document tree with heigh,hmaximal fan-out k, set of
nodes V and root r. Besides, let bl. Suppose that r is assigned the b-balanB&&D label by(r) := 0.
Thenbp(v) (kp+ 1)™ forallv2 V.

Proof. Let S, be the schema tree f@ with b-balancedBIRD weights as de ned above. Besides, for
any schema nodein S, let heigh{p) denote the height gf in S, de ned in the obvious way. A simple
induction starting from leaves of the schema tree showshail pin Sy, wp(p) (ko + 1)"¢9"P) | Since
heightp(r)) = hp, we havewy(p(r)) (ko + 1)™. The result follows from Lemmala3.5 afhdW.6.

4.3 Reconstruction of Tree Relations withBIRD

We now examine the runtime manipulatiorBIRD labels during query evaluation. This section deals with
the reconstruction of various tree relations fr&RD labels and weights that are stored in a centralized
structural summary. Solving decision problems WBIIRD is discussed in the next section.

In the sequel, leD be a document tree, and I8 be the schema tree f@ with b-balancedBIRD
weights, fora xedb 1. Besides, lep be the mapping from document node$ito schema nodes i&,,
as de ned in Chaptdd?2.

Lemma 4.8 BIRD ancestor reconstruction) Suppose that for some document node v in D we are given
its BIRD label b,(v) and the schema nodep p(v) in §,. Leti 1. Then using the weights in, 8/e can
solve the following tasks without access to D:

Decide if there exists an ancestor u of v that is reached frawtivexactly (at least) i parent steps.

In the af rmative case, get thBIRD label by(u) and the schema nog®u) corresponding to u.
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Proof. Obviously,v has an ancestar that can be reached with exactlparent steps ifp has such an
ancestorp? in S,. By traversing the root path gfin S, upwards, we may decide this question, ndipd
in the af rmative case. By Lemma4.6 on the facing pabg(u) is a multiple ofwy(pY. It follows from
LemmdZD thabp(u) is the greatest multiple af(pY that is smaller thamp(v). As mentioned before,
the BIRD label ofu can be calculated ds,(u) = bp(v)  (bp(v) modwy(p9).

Lemma 4.9 BIRD child reconstruction) Suppose that for some document node v we are giv&iRBb
label bp(v) and the schema nodep p(v) in §. Leti 1. Then using the weights in, /e can compute
the BIRD label by(v;) of the i-th child y of v, assuming that this child exists, without access to D.

Proof. From S, we fetch the uniform weighiv := wy(p% of any childp®of p. By De nition EE4 on
pagddb, ifi = 1 thenby(Vv;) is the smallest multiple ofv that is larger thamy(v), and fori > 1 we have
bp(vi) = bp(v))+ w (i 1).

Note that in general, we cannot directly compute the schemde p(vi) that corresponds to thieth
child v; of v, unless we have further information (e.g., in the schemaSgeve would need the tag of).
In any case, however, that we know the weighwo$inceb 1, i.e., we use a child-balanced labelling
scheme.

Lemma 4.10 BIRD left-sibling reconstruction) Suppose that for some document node v we are given
its BIRD label by(v) and the schema nodep p(v) in §,. Leti 1. Then using the weights in, S/e can
solve the following tasks without access to D:

Decide if v has exactly (at least) i siblings that precede gacument order.

If v has at least i preceding siblings, get the numbeg{v;) of the i-th preceding siblingj\of v.

Proof. We may assume thahas a parent node(otherwiser has no siblings). Leb,(u) denote itBIRD

label, calculated as described in Lemind 4.8 on the facing.p@gsides, letv := wy(p). By LemmdZpb
on the preceding pagehas at leasit preceding siblings ifby(u) < by(v) i w. From De nition[Z£3 on
pagddb, it follows that has exactly preceding siblings ifbp(v) (i+1) w  bp(u) < bp(v) i w. If

thei-th preceding sibling; of v exists, it has th&IRD label by(vi) = bp(v) i w.

As for thei-th child (see above), we cannot directly compute the schesda corresponding to thieh
left siblingv; of v, unless we have further information. The nodesndv have the same weight sinbe 1.

Lemma 4.11 BIRD right-sibling reconstruction) Suppose that for some document node v we are given
its BIRD label by(v) and the schema nodep p(v) in . Leti 1. Then using the weights in, 8/e can
compute the numbdr,(v;) of the i-th right sibling y of v, assuming that it exists, without access to D.

Proof. Similar to Lemmd4Z10 above.

Note that while we can decide whether a given document rdtes a speci ¢ ancestor or left sibling
(see LemmatB4 8 alldZ110, respectively), the same is refdrwchildren and right siblings (see Lem-
matdZP anlZ1 1, respectively). Intuitively, this is hesmthe only way to nd out about the existence of
such a node is to reconstruct tBERD label that it would have if it existed, and then to check wiethe
assumption that this label is indeed assigned to the nodesstipn causes a con ict, e.g., because there is
no corresponding schema node or because there is overlapheisubtree interval of nodes whose label
is already known. However, since the labelling is done inuthoent order, these cases are easy to detect
for nodes on reverse axes but much harder for nodes on foravasl (in the XPath terminology). As far
as LemmathiZ]9 addZ]11 are concerned, we can only checkdhtlueor right sibling to be reconstructed
would tinto the subtree intervdlby(v); by(v) + wy(V)[ of the assumed parent nodeBut it is impossible
to decide whether it actually exists or whether it is only @ual node.

The following lemma summarizes the reconstruction cajfiggsilof balancedBIRD schemes, which
are also listed in the rst row of Tab[EZ3.2 on pdgd 39.
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parent(v) We proceed as in Lemnia3.8 on pfgk 48.
parent

i-th-childv) We proceed as in Lemnfia®.9 on the previous page.
child

prevSib(v) We proceed as in LemniaZ]110 on the preceding page.
preceding-sibling

nextSiB(v) We proceed as in LemniaZ]11 on the previous page.
following-sibling

i-th-cqv;w) Starting fromv, we visit all nodes on the root path @fbottom-up. An-

cestors ofv are reconstructed iteratively using the procedure desdrib
Lemma[ZB on padgeh8. For each naden V's root path (includingy it-
self), we decide ifChild (u;w) holds true (see LemniaZ]14 in Secionl 4.4
below), until either thed-th decision test succeeds or the rootlbfs re-
constructed. In the rst case, the last reconstructed doces v equals
i-th-c4v;w). Otherwise the value afth-c4v;w) is unde ned.

lea(v; w) The value ofica(v;w) is computed asth-c{v;w) fori= 1 (see above).

sepLevdlv; w) Letu:= lcav;w), computed as described above, andofet p(u) be the
schema node correspondinguolt is easy to see that eithg?= p or p®is
obtained during the ancestor reconstruction as describedrnmdZB on
pagdZB. The separation lexsdpLevelv;w) of v andw is the level ofpin
the schema tree.

distancév; w) Let leve[v) andleve(w) be the levels off andw in D, respectively. Fur-
thermore, letsepLevdlv;w) be the separation level ofandw, which is
computed as described above. Tlistancév;w) = level(v) + leve[w)

2 seplLevdlv;w).

Table 4.1: Relations reconstructible using dnipalancedBIRD scheme wheré 1. Given theBIRD
label by(v) of a document node as well as the schema noge p(v) holding the weight corresponding
tov, all binary functional relations are reconstructible witih access to the document level. Analogously,
givenbp(v), p and theBIRD label b,(w) of a second document noue all ternary functional relations are
reconstructible without accessio For distancethe level ofw must be known, too. For each reconstruc-
tion problemf (v) or f(v;w), the reconstruction procedure is sketched as part of thef pfd.emmdZIP,
and the corresponding XPath axis is given, if applicabléhwias context node. For exampearent(v)
denotes thé-th ancestor of node which is on theparent axis.

Lemma 4.12 BIRD reconstruction) Let D be a document tree, and lgf Be the schema tree for D that
contains the b-balanced weights of the nodes in D, for a xed b Suppose we are given tiB#RD
label by(v) of the document node v in D and the schema nodeggv) in S, that corresponds to v. Lt
be any of the following functional relationgarent, i-th-child, prevSiB, nextSiB. Then, using the weights
in S, we can reconstruct the value Hfv) without access to D.

Furthermore, assume that in addition tg,(v) and p we are also given thBIRD label by(w) of a
second document node w in D. Now Rebe any of the following relations:-th-cg Ica sepLevel Then,
using the weights ingSve can reconstruct the value bfv) without access to D.

Finally, assume that in addition tby(v), bp(w) and p we are also given the levive(w) of w
in D (e.g., becaus@(w) is known, too). Then, using the weights v can reconstruct the distance
distancév;w) of v.and w in D without access to D.

Proof. See TablgZ]1.

The remainder of this subsection discusses some propgpgesc to totally balance®IRD labelling.
An attractive feature of totally balanc&IRD labelling is the following.
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a. reconstruction with single node labels b. reconstruction with pairs of node labels
Figure 4.5: Reconstruction of nodes in a document Deaf heighthp that is labelled with the totally
balancedBIRD scheme. g The part ofD that can be reconstructed given the labgl(v) and the

weight wy,(v) of the nodev in D. The part ofD that can be reconstructed fromusing pairs of
BIRD labels (preorder and inverse postorder).

Lemma 4.13 BIRD totally balanced reconstruction) Let D be a document tree of height.hBesides,
let p be a schema node iR Swith a child . Thenwn, (p) is a multiple ofvth(p%.

Furthermore, letbn,(v) be theBIRD label of some document node v in D with childrag:v:; v, in
document order, and lev := W, (vq) = = Why(Vm) be the balanced weight of the children of v. Then
we havebn, (Vi) = bpy(V)+ i wiorallvi (1 i m).

Proof. The rst statement is simply a consequence of the fact tHatcilema nodes at the same level of
the schema tree are assigned the same weightgy By De nition EE3, each balanced pre-weigt'vﬁD

on the parent level is a multiple of this weight. Hence theesaaids for the maximum of the pre-weights,
which produces the weight on the parent level. The seconehsent follows easily.

Note that LemmBZ]3 generally does not apply to labellifgstes that are not totally balanced, i.e.,
whereb < hp. FigurdZP on padeds illustrates this for 1 andhp = 4. As a counterexample for the rst
statement in the lemma, consider the schema rd® in FigurdZ2h] whose weight 75 is not a multiple
of the weight 4 of its children itg;. In the document treB shown in Figur§Z.Z] the leftmost child 375
of the root and its four children illustrate that the secotadesnent in LemmBZ1 3 does not apply.

The following is a simple consequence of Lemimak.13. Givendeu with the totally balance®&IRD
labelbp, (V), the labelbn, (w) of any descendamt of v, speci ed in the form Wis thei-th child of the: :: of
thej-th child of v, can be computed without accesspusing the totally balance®IRD weights stored
in Sy,. Note, again, that fob < hp) we cannot guarantee the existence of this node withousaiwgD.

From the totally balanceBIRD labelbn, (V) of a nodevin D we can reconstruct the weight,, (p(v)),
given the list of the uniform weights of all levels of the sofetreeS,,. In fact wn,(p(v)) is the largest
weightw stored in our list such thati, (v) modw = 0. (As a by-product, the level ofis also obtained
this way.) Hence, fob = hp Lemmatd{ZH 219 arld 411 0 can be re ned in the sense that wetdueed to
know the schema nogecorresponding te.

The higher the balancing degrbethe fewer nodes in the structural summary are needed fongto
weights. Fotb = hp, anhp-tuple of weights suf ces for the reconstruction of nodedéh In special cases,
however, it might be convenient to store the weights redotigan all nodes of the summary. This is
true, e.g., when using the schema tree which serves bothightvimdex and as path index during query
evaluation.

The results obtained for the totally balanced enumeratatrer®e are summarized in FigUre_als
Given theBIRD label by, (v) of a document node, we immediately know how many ancestarsf v
there are, and we can compute the lalmis(u) of all these ancestors without accessing the document
level. Furthermore we can deduce the number of precedihgildingsw for each of these nodes as well
as their labeldn, (w). In the remaining regions of the tree (indicated by smalbdotFigurdZZa) we
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know the label reserved for each node, yet we cannot decidehvidbels correspond to existing nodes
and which ones are unassigned. This picture can be gerestdlirough the use of a symmetric second
labelling based on aimverse postorder traversalf the document tree. The inverse postorder behaves like
a “right-to-left preorder”. If each document node is assiga pair of labels according to a preorder)(

and a “right-to-left preorder” () traversal oD, then for a given node with the Iabelshbﬁ1D (V); by (Wi

we can compute the number of preceding and following silslioity as well as their respective label pairs.

4.4 Decision of Tree Relations witlBIRD

In this section we explain how to decide speci c tree relasiovithout access to the document level, using
the BIRD labelling scheme. In the sequel we assume thiatbalancedBIRD scheme is applied to the
document tre®, whereb 1. As before, le§, denote the schema tree forthat contains thé-balanced
BIRD weights, and lep be the mapping from document nodedirto schema nodes i&,, as de ned in
ChaptefP.

The rst row in Table[ZP on padeB9 lists the set of tree reladithat can be decided using balanced
BIRD labelling. Comparing this to Tab[eZ2.1 on pdgde 9 revealsdhatge subset of the relations in our
data model is covered. In fact, the only relations that cabealecided byIRD (besidesSelf which is
trivial to decide) ard-th-Followingand NextElt as well as their reverse counterparts. Unlike the other
proximity relations (e.g.Parent or NextSibl), deciding any of these requires knowledge about the size of
speci ¢ subtrees oD, which is spoilt by the sparseness of BERD labels (as for all multiplicative and
most path encodings, by the way).

In the following we constructively prove that all other tregations can be decided usiB¢RD. The fol-
lowing sixteen relatiorfsare mentioned explicitlyChild, Child* , Child , NextSih NextSib", NextSib ,
Following, the respective inverse relatior&ipling, and Self For any such relatioR and two document
nodesv;w in D, we writeD | R(v;w) iff in D the relationR holds betweew andw i.e., if fRe(v;w) = 1.

For instanceD E Child(v;w) iff wis a child ofvin D.

The following lemma shows that using any balan@RD scheme, a superset of all XPath axées
decidable without any 1/0 operation. The XPath axes comedimg to the aforementioned relations are
given in TabldZR on the facing page.

Lemma 4.14 BIRD decision) Let D be a document tree, and lgfl$ the schema tree for D that contains
the b-balanced weights of the nodes in D, for a xed i. Suppose we are given

theBIRD label by(v) of the document node v in D,
the schema node® p(v) in S, that corresponds to v,
theBIRD label by(w) of a second document node w in D.

Let R be any of the following relations:Child, Child*, Child , Parent Parent, Parent, NextSih
NextSib" , NextSib , PrevSih PrevSib , PrevSib, Sibling, Following, PrecedingSelf Then, using the
weights in § we can decide if = R(v;w) (or if D F R(w;V)) without access to D.

Proof. See Tabl€Z]2 on the next page.

4.5 Handling Document Updates withBIRD

In this section we sketch two different update strategieslustrate that theBIRD scheme is not only
appropriate for static document collections, but capabladapt to different kinds of dynamic data. The
second strategy below is also interesting from a theoilgtisiat of view since it generalizes the update
technique of path encodings (see Sediiah 3.4).

4Further proximity variants such &ﬂrenk are handled similarly. They are also included in an altéregiresentation dBIRD's
decision and reconstruction capabilities, to be introduoeChapte[B.
5We do not consider thattribute  andnamespaceaxes here, which can be treated similarly tochiédd axis, see Sectidid. 1.
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D F Child(v;w)
child

We check ifp has any child, sayp® usingS,. In the negative case,
w is not a child ofv. In the positive case lev := wy(p%. ThenD
Child(v;w) iff bp(w) is a multiple ofw andbp(V) < bp(w) < bp(v) +
Wp(p). The weightswy,(p) andwy(p) are obtained fronS,.

D E Child* (v;w)
descendant

We retrievewy(p) usingS. ThenD E Child* (v;w) iff bp(v) <
bp(w) < bu(V) + wi(p).

D F Child (v;w)
descendant-or-self

The relation holds ifD | Child* (v;w) or bp(V) = bp(w).

D F Parentv;,w)
parent

We proceed as in Lemnia®.8 on pge 48, withl, and compare thé¢
resultingBIRD label tobp(w).

D E Parent (v;w)
ancestor

We iterate the procedure in Leminal4.8ifer 1 until reaching eithew
(positive result) or a nodewherebp(u) < bp(w) (negative result).

D F Parent(v;w)
ancestor-or-self

The relation holds ifD | Parent (w;V) or by(v) = bp(w).

D F NextSil{v;w)

We obtain wy(p) and p's parentp? from S, and compute the laf
bel bp(u) of the parentu of vin D (see Lemm&Z11 on paf€l49
D F NextSi{v;w) holds iff bp(w) = bp(V) + wp(p) and bp(w) <
bi(u) + wr(p9.

~

D E NextSib" (v;w)
following-sibling

We obtainw,(p), p° and bp(u) as above (se® F NextSitv;w)).
D F NextSib* (v;w) holds iff bp(w)  bp(V) is positive and a multiple
of wyy(p) and if bp(w) < bp(u) + wip(p9.

D F NextSib (v;w)

The relation holds ifD | NextSib" (v;w) or by(V) = bp(w).

D F PrevSilgv; w)

We proceed as in LemniaZ]10 on pAgE 49, Wwithl, and compare th¢
resultingBIRD label toby(w).

D PrevSib (v;w)
preceding-sibling

We obtainwy(p) and p's parentp® from S, and compute the lat
bel by(u) of the parentu of v in D (see LemmdZl8 on pad€el4§
D [ PrevSib (v;w) holds iff by(v)  bp(w) is positive and a multi
ple of wy(p) and if bp(u) < bp(w).

~

D F PrevSib (v;w)

The relation holds ifD | PrevSilf (v;w) or by(v) = bp(w).

D F Sibling(v; w)

The relation holds ifD  PrevSib (v;w) or D E NextSib" (v;w) or
D F Selfv;w) (see below).

D F Followingv;w)
following

The relation holds iffby(V) + wp(p)  bp(w), by LemmalZb on
pagdZB and Lemnia3.6 on pdgad 48. The weigk(lp) is obtained
from S,.

D F Precedinfv; w)

The relation holds iffby(w) < bp(v) and w is not an ancestof

preceding of v. The latter problem is decided as described above [sge
Parent (v;w)/ancestor ).
D F Sellv,w) The relation holds ifbp,(v) = bp(w).
self

Table 4.2: Relations decidable using ampalancedBIRD scheme wherb 1. Given theBIRD labels
by(v) and bp(w) of two document nodeg;w as well as the schema noge= p(v) holding the weight
corresponding ta, all relations are decidable without access to the docureset. For each decision
problemR(v;w), the decision procedure is sketched as part of the proof wirha[ZTH on the preceding
page, and the corresponding XPath axis is given wils context node. For exampl€hild(v;w) means
w is a child ofv and therefore on thehild axis.
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45.1 SparseBIRD Labelling

It has been mentioned before that as a multiplicative emgp&ilRD labels virtual nodes, causing certain
labels to be left unassigned. This amount of unused labpisaly grows with the balancing facttx For
instance, reconsider the document tree in Fiurk 4.2 onEH@dkeat is labelled using the child-balanced
BIRD schemel§= 1). Here 75 labels are reserved for the subtree rooted atdthe with the label 150
(the second child of the root, in document order) althoughdghbtree contains only two nodes. This is
because the node 150 inherits the weight 75 via child batgnftom its left sibling, 75, whose subtree
is much larger. When inserting nodes in the subtree belove 1&@, the odds are that the corresponding
labels are still unassigned such that no relabelling is se0g. In other words, the sparse encoding makes
BIRD inherently robust against a certain amount of node ing&stio speci ¢ positions. The same phe-
nomenon is exploited by Tirand Moon [2(01] for thé&xtended Preordetabelling, and also applies to
other approaches such as region encodings (see SEcCfion 3.3)

Of course, inserting a node in a subtree whose label spagbasisted causes an over ow. As a result,
the weights not only of the over owing node, but also of itblgigs in the schema tree change (again due
to child balancing). This update may propagate up througlstthema tree and thus spoil the weights of
all other document nodes in the worst case. Because overcawse a periodical relabelling of the entire
document collection, the update strategy just describappsicable only when the data is known to remain
reasonably homogeneous over time, with only little differe in the size of subtrees below the same tag
path. To reduce the over ow risk further, one may also detibely leave some extra labels unassigned, as
suggested biyTTand Mobn, at the expense of an increasedlidabel size (see below).

In many applications node insertions do not occur at anyipasitions in the document tree, but only at
the end of the collection (i.e., after the last node in doaotroeder). This further reduces the over ow risk.
As a special case, consider collections of bibliographte tike DBLP [BBLH] or the largeinternet Movie
Database(IMDb) [[MDE] (see also Sectiofi.I3 2 in the appendix), where thi lodi insertions happen
when adding entire documents (e.g., in the casi@ib, new les describing movies, actors, directors,
or producers). This does not alter the nodes in existing wecits (unless the new document changes
the weights of one or more tag paths due to balancing, in wtésle the labels of at least all nodes with
that path throughout the database are affected). Henceidbreollections of more or less homogeneous
documents with updates at the document level only, incrémhepdates are not mandatory. Secfiod 4.6
below provides experimental evidence for this.

4.5.2 Layered BIRD Labelling

We now sketch a second strategy for decoupling existingddbmm labels assigned to newly added nodes.
This strategy is henceforth referred to lagering® The idea is to partition the document tree into a
hierarchy of horizontal regions, tayers which are then labelled independently. The complitgeted
label of a given document nodeon layer’; (i 0) is then composed ofs label on layer'; as well as
the labels of selected ancestorsvain higher layers in the hierarchy. As an extreme case, cenaghin
the path encodings presented in Secfial 3.4 that label acyndent nodes with a sequence of sibling
codes each representing the position of an ancestoonfa speci ¢ document level. Path encodings such
asDeweycan be regarded as special layered schemes where each dagesponds to one level in the
document tree, so that each component in the layered labelsofust the sibling code of the ancestor
of v on the corresponding document level. It has been obseriedebthat when using path encoding,
the label ofv stays the same no matter how many nodes are inserted intabitrees rooted irv. This is
precisely because all layers (i.e., document levels indhge) are labelled separately. The same idea can
be generalized so that multiple levels of the document treesabsumed by the same layer and therefore
represented by the same component of a layered node lalielloass.

Figure[Z3a] on the next page depicts the same document Bress Figurd.ZAl on pagd2b, but
with two layers™o and”; that cover the ve levels oD. Consequently, the layerdgIRD labels consist
of two components. The upper layeg, covers the three topmost levelsh Nodes on these levels

6A formal unied de nition of what we call layering is given in the aforementioned survey of labelling schemes
[Veigel and Schulz 2097]. There we also show that many vaniatof the same technique have been proposed indepenteftie,
mostly for reducing the maximal node label size.
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Figure 4.6: Child-balancddayered BIRDOabelling with two layers; ¢ (top) and ; (bottom). EaA sample
document tred. For any document nodeon the upper layerg, the layered label is simply the child-
balance®BIRD label b1(v) of v that results from labelling only the upper part®f Nodes on the lower
layer™ 1 inherit the label of their lowest ancestor on layg( rst label component, beforg™). In addition,
subtrees on the lower layéi are labelled independently, again with the child-balanB&ID scheme
(second label component, aftgt): [RIThe 1-balanced schema tr8efor D ingg For any schema node

in S; that represents document nodes on layér 2 f 0; 1g), the child-balance&IRD weightwi(p) of p

is shown that results from labelling only subtreedDobn layer’;. Note that schema nodes representing
leaves on either layer iD have the minimal weight, 1 (according to De nitig@¥.3 on pf#A), even if
they are not leaves i§;.
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have as rst label component ordinary child-balan&R&D labels and as an implicit second component 0
(omitted in the gure). By contrast, document nodes on tlvedolayer, 1, inherit the rst label component
from their lowest ancestor on the upper levgl while the second component results from independently
labelling their respective subtree of) again with the child-balanceélRD scheme. For instance, consider
the node 7 on the upper layer in Figlte&l§left-hand side). All descendants of node 7 reside on the
lower layer, and therefore have 7 as their rst label compun&he second component of their labels is
independent of the upper-layer component, which allowsitalle node insertions gracefully. For instance,
any number of children may be added below the node 7 (withréalabels “712”, “7j15", ..., according

to the child-balanceB8IRD scheme on1) without affecting the labels of any nodes ty or any of their
descendants on the lower layer. In fact, over ows may onlgusdnside a document subtree on a given
layer (e.qg., if a right sibling of node 71" has to be added). But since any number of subtrees isadlow
on any layer, théayered BIRDscheme still supports arbitrary many insertions (thougtahall positions

in the document tree).

The BIRD weights on each layer are easy to determine using the batfpprocedure described in
SectionZZI1. A new layer is introduced in the scheme as ssoa suitable position for future node
insertions is reached (e.g., right above thevie level in thelMDb collection). Theoretically any number
of layers may be created, up to the extreme case where eaomdatlevel is on a different layer, and
theLayered BIRDscheme coincides witBewey Layering also helps to prevent individual weights from
growing too large: when the desired upper bound is reaclhedcurrent layer is closed, and weighting
restarts with a leaf value of 1. In fact, any layer may evemspdy part of a level in the document tree, and
different tag paths may cross a different number of layehsisTthe labels of two document nodesndw
on the same level iD need not even consist of the same number of componentsvengy be part of a
much richer subtree requiring more layers tanThe exact number and position of the layer boundaries
in the schema tree determines both the size of the resuléggred BIRDlabels and the positions iD
where unlimited insertions are supported. Like path enugslitheLayered BIRDscheme likely bene ts
from a suitable binary encoding of the node labels (see @dBIZ]) for storing the variable-sized layered
labels in a compact form.

Finally, all decision and reconstruction operations onirady BIRD labels are easily adapted to the
layered variant. As a matter of fact, in each such operatioy one component of hayered BIRDabel
needs to be manipulated as in the unlayered case, wheredbhealcomponents are either removed from
the label or simply ignored. For instance, in order to retms thei-th ancestou := parent(v) of a
document node in D, one rst goes ug levels in the schema tree, starting frgr{v), to determine the
weight of u. Whenever a layer boundary is crossed during the bottonrayefsal, the corresponding
component in the layered label ofis removed. The label af on the target layer is computed from the
corresponding component i's label as usual, for the remaining number i of levels covered by that
layer. All higher-layer label components remain unchanged

Assume, e.g., thatis the node “710” in Figure[Z&&al on the previous page. If= 1, then no layer
boundary is traversed, and the label of the pavesftv is “7j9”, becaus€10 (10 mod 3)= 9. Fori = 2,
the boundary from; to "¢ is crossed. Hence the second component in the layered I@Hdgl™ of v
is removed. The label of nodeon layer'q is “7” since 7 (7 mod 1) = 7, according to the ordinary
BIRD reconstruction ong. (Note that hera is the lowest ancestor afon the upper layer, whose label
is inherited.) Similarly, all higher ancestors wfare reconstructedpareng(“7j10”) = “5” because 7
(7 mod 9 = 5, andparent(*7j10”) = “0” because 7 (7 mod 3Q = 0. Verify in Figure[ZTal that the
nodes on the root path ef= “7j10” in D are indeed “P”, “7”, “5” and “0”.

For decidingChild* (u;Vv), we check whether the relation holds for the label companefit andv
on u's layer and whether all preceding components are equal ih lagered labels. Comparing nodes
according to the document order is done component-wisghtdtavn direction, as with path encodings.

4.6 Experimental Evaluation

This section reports on our experimental evaluation andpasison of the following four labelling schemes:
BIRD (non-layered child-balanced, i.da,= 1), ORDPATH by [O'Nell et al. [200%] (see Sectidn33.1),
PID by [Bremer and Geriz [20P6] (see Sectlon 3.4.2) ¥irtial Nodesby [Cee et al: [1996] (see Sec-
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tion[Z3). We applied each scheme to the three documenttolsCities DBLP andXMark 1100(see
SectiorZIZP in the appendix), which differ considerablgiite and structural complexity (in terms of the
number and length of the tag paths occurring in the docurpelite implemented the four schemes to
be compared as described in the original literature. In\Wita the analysis of labelling schemes in the
previous chapter, the following optimization goals arersireed: storage consumption (see Sediion#.6.1);
runtime performance, both for individual reconstructionl @ecision operations (see Secfiond.6.2) and for
entire queries (see Sectibn216.3), and updatability (se@[ZEH). Differences in the expressivity of
all schemes are discussed in Secfiolh 4.7.

As testbed we use the native XML databace[[Menss el al 2009 Meuss et al 2003 Meuss P000].
X2 is implemented in Java and uses a RDBS back-PostfireSQ). where the XML documents are stored
in relational form (details are explained in Chajiller 6). iDgthe query evaluationX 2 manipulates trees in
main memory, which are restored from sets of document ne&delsé¢d from the RDBS. All tests are carried
out sequentially on the same machine, whose performancaatheistics are listed in SectifnIB.1 of the
appendix (Test Environment A). The database cache of theSRiBRlisabled. Apart from the processes
for X2 and the RDBS, the test computer is idle during the experisment

4.6.1 Storage Consumption

The storage consumption of the four labelling schemes otestldocument collections are given in Ta-
bledZ3}Hzon pagd®B. The rst three columns after the scheme nameiodh&aminimum, maximum,
and average number of bits used for a single node label, cegply. The remaining columns list the
storage needed for all labels together, both as an absdlite in MB (kB for Cities) in columns ve
and seven, and relative to the corresponding result olatdaregpreorder labelling (columns six and eight),
which is the baseline in our experiments. The relative \&@le computed on bit counts, whereas the
absolute values are rounded to the nearest MB (KECites).

We apply two different methods to compute the total storagesamed by a given labelling scheme.
On the one hand, we sum up the exact bit counts needed forltbks lassuming that labels can be stored
with variable size. This produces the absolute (relatia)ies in the fth (sixth) column, which follow
the average label sizes in column four. On the other hanslpirhaps more realistic to assume that when
stored in the database, all labels assigned to nodes inedacument collection take up the same space.
The total storage taken up by such xed-size labels is thalpco of the maximum label size, as given
in column three, and the total number of nodes in the cobedtsee SectionI3.2). The resulting values
appear in columns seven (absolute) and eight (again relatithe values obtained for preorder labelling).

We found that thdIRD scheme almost always takes up considerably less spac©RBFATH and
especiallyvirtual Nodes the two schemes which are closesBt&D in terms of expressivity (see Talllel3.2
on pagd3P). When assigning xed-size labBIRD reduces the space consumption by nearly a factor 2
for ORDPATH and between:2 and 45 for Virtual Nodes The reason is that fdBIRD the maximum
label size is much closer to the average size tha®@RDPATH andVirtual Nodes which therefore incur
a signi cant storage overhead for xed-size labels. Fori@hle-size labels this factor decreases,BilRD
labels still are clearly smaller than those of other schemes

As the only approach (except preorder) with smaller labeds BIRD, the PID scheme optimizes
storage at the expense of expressivity, as shown in TallerBpagd™I. RemarkablyPID occupies less
space than the preorder scheme in our experiments, at lbastagsuming variable-size labels. In the un-
derlying trade-off between expressivity and space consiemghe PID scheme chooses an intermediate
position between schemes with high expressivity and seocagsumption, such a&rtual Nodes on the
one hand and schemes with low expressivity and storage ogign, such as the subtree encodings in
SectiorZ3B, on the other hand.

In further experiments with more deeply nested, text-agedrlocument collections, such as thi=X
benchmark corpu§TINHX] that consists of extremely hetermpus and layout-polluted research papers,
we observed that on avera@RD labels grow larger tha@RDPATH labels (97 versus 60 bit§/irtual
Nodes78 bits), whereas their maximum size is still smaller thaat tf ORDPATH (98 versus 135 bits;
Virtual Nodes217 bits). One reason is that with a maximum path length otli& multiplicative effect
on the label size (see Lemfiak.7 on pEge 48) becomes more alumifvhat is worse, in heterogeneous
collections such aBNEX the child-balancing blows up the weights of tag paths thed I® subtrees which
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ID size (bits) total storage (kB)
scheme min. | max.| avg variable ID size xed ID size
' ' "| absolute | % pre | absolute | % pre
BIRD 1 24 | 22 104 161 113 150
ORDPATH 2 49 33 151 232 223 305
|w/o careting-in 2 41 27 123 189 186 255
Virtual Nodes 1 58 37 168 261 264 363
PID 1 14 11 50 78 64 88
preorder 1 16 14 65 100 73 100
a. Cities
ID size (bits) total storage (MB)
scheme min. | max.| avg variable ID size xed ID size
' ' "| absolute | % pre | absolute | % pre
BIRD 1 37 36 25 170 25 161
ORDPATH 2 53 37 26 186 36 240
|w/o careting-in 2 52 36 25 179 35 233
Virtual Nodes 1 95 37 25 174 64 413
PID 1 28 21 14 99 19 122
preorder 1 23 21 14 100 15 100
b. DBLP
ID size (bits) total storage (MB)
scheme min. | max.| avg variable ID size xed ID size
' ' "| absolute | % pre | absolute | % pre
BIRD 1 44 43 113 188 113 177
ORDPATH 2 86 | 48 124 207 221 345
|w/o careting-in 2 7 43 111 185 198 309
Virtual Nodes 1 198 | 81 210 350 508 794
PID 1 29 20 54 90 74 116
preorder 1 25 23 60 100 64 100

c. XMark 1100

Table 4.3: Storage consumption of different labelling sels on the three document collectidbisies
DBLP andXMark 1100(see SectioR I3 2 in the appendix for details).

greatly vary in size, thus causing many labels to be resefwedirtual nodes. Obviously, this could
be avoided if equal weights were assigned to nodes with dasimumber of descendants, rather than
with equal tag paths. The corresponding structural sumrhalging the weights clearly would differ
signi cantly from the schema tree. But as mentioned in Sedi],BIRD can be combined with other
index structures providing ef cient access to the weiglais,long as speci c requirements are met (see
SectioTZB below).

Preliminary experiments show that for théEX collection, the maximum label size may thus be re-
duced to 64 bits, i.e., below the performance-critical ltarg discussed in the next section, although the
resulting weight index is huge. The exact size of the labelsell as of the structural summary serving as
weight index depends on which document nodes share the saigbtyi.e., are regarded as equivalent in
terms of their subtree sizes. The ner the underlying edeivee relation, the better the weights re ect the
actual subtree sizes, but the more nodes are needed indlctusti summary to represent those weights.
Methods to optimize this trade-off between label size anidjlaténdex size remain to be developed.
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Figure 4.7: Ef ciency of ancestor reconstructiog bl Reconstruction oparent from different leveld,
for xed proximity i. &3, @ Reconstruction oparent from a xed levell, for different proximities.

4.6.2 Efciency of Decision and Reconstruction

The rst set of runtime experiments measure the ef ciencydetision and reconstruction with different
labelling schemes. Figur€sh.7 dndl4.8 plot the computditioe needed for various reconstruction and
decision problems on thBBLP and theXMark 1100collection. Results foCities are not shown, but
reveal similar tendencies. All four schemes (excludingopder, for obvious reasons) were tested with
the same set of synthetically generated problems. Sincepbed of individual operations cannot be
measured with suf cient con dence, the gures represerd gttcumulated time (in milliseconds) needed
for 50,000 repetitions of each decision or reconstructidote that this subsumes all necessary operations
including, e.g., access to the schema tredi&®D or PID and label comparison during decision.

Reconstruction. FiguredZA] [b] show the time needed to reconstruct the parents of nodefferedi
levels (abscissa). FAPBLP @) and XMark 1100@@), PID is almost as fast aBIRD, whereasORD-
PATH andVirtual Nodesare slower by at least a factor 4. GiMark 110Q the difference betwedlIRD
andORDPATH is up to one order of magnitude. Clearly the performance ¢fi B(RD and PID is in-
dependent of the level of the source node. BRDPATH, the computation time grows with the depth of
the source node. The reason is tB&DPATH bit strings must be parsed top-down (i.e., from left to rjght
down to the level of the source node. The deeper the soureeistmtated in the document tree, the longer
the parsing takes. We observe the same effecVidual Nodeson DBLP and XMark 1100although in
theory its ancestor reconstruction works in constant tisee (below). Presumably the representation of
numbers of arbitrary size, needed fdrtual Nodeshere because of the sheer length of the node labels,
creates an overhead for arithmetic operations on labeksal&ince breadth- rst labels grow larger on
deeper levels, this explains why the performanc¥iaiual Nodesdegradates in Figur€sZaland The
effect is not observed for th@ities collection where th&/irtual Nodeslabels take up at most 64 bits (not
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Figure 4.8: Ef ciency of ancestor decisionga ] Decision of Parent from different levels, for xed
proximity i. i3] Decision ofParentfrom a xed levell, for different proximitied.

shown in the gure).

FiguredZ£] andd] on pagd 3 illustrate the orthogonal situation: heaeent is reconstructed from
source nodes ata xed level in the tree (level 7BBLP, level 13 forXMark 1100, with varying distancée
(abscissa). As in Figur€sZalandl BIRD and PID are signi cantly faster tha®@RDPATH andVirtual
Nodes(nearly one order of magnitude; mind the different scalggandd) and reveal no dependency on
the number of levels to be traversed. Both schemes climb wgihaip the schema tree and then directly
reconstruct the desired node label, which takes pragficalhstant time. By contrast, thértual Nodes
scheme reconstructs all ancestors iteratively and thexefoffers from a linear degradation for bigger
distances. ORDPATH's bit shift operations are indifferent to proximity.

Decision. The plots in FigurgZl8 are based on a similar setting as timBeure[ZY on the previous

page, but this time for the decision of ti@hild' relation. We observe the same dependencies on the level
of the source node and the distance to the target node astiadbiestruction test8IRD is as fast as for
reconstruction (3 ms for 50,000 iterations), whereB#D is one order of magnitude slower. @BLP,
BIRD outperform®©ORDPATH andVirtual Nodesby a factor 30 and 40, respectively (up to 100Vantual
Nodeswith a level difference of 7). OXMark 110Q the difference is nearly two orders of magnitude (up
to 400 forVirtual Nodeswith a level difference of 13).

The complete reporf TWeIgeT et al. 2095c] on our experimentgers a more detailed analysis of the
asymptotic behaviour of different labelling schemes,udahg the ones evaluated here, when faced with

speci ¢ reconstruction and decision problems.
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PATH JOIN STRATEGY PATH JOIN STRATEGY
el lela s ALWAYS FIRST NEVER L] e ALWAYS FIRST NEVER
BIRD 4353 4107 7913 BIRD 617 597 4817
ORDPATH 4759 4170 8176 ORDPATH 1534 1535 12343
Q0 pPID 4817 4415 8557 Q0 [uPID 662 577 5320
\Virtual Nodes 9244| 19829| 33120 \Virtual Nodes 1723 5760 295084
Preorder 122235 4015 7892 Preorder 23925 7569 20613
BIRD 125 249 138 BIRD 2634 2591 6745
ORDPATH 158 270 162 ORDPATH 6248 6293 20068
Q1 [uPID 139 268 156 Q1 [uPID 2908 2855 8231
\Virtual Nodes 260 4324 6472 \Virtual Nodes 6913 636649| 4749424
Preorder 4559 4587 6288 Preorder 92430 97455| 188456
BIRD 4337 4241 11693 BIRD 14385 14072 19529
ORDPATH 4625 4431 12249 ORDPATH 37149 36355 49827
Q2 [uPID 4773 4625 12902 Q2 |uPID 14919 14978 20668
\Virtual Nodes 9074 10232| 320639 \Virtual Nodes 36854 65589 82331
Preorder 114915 5871 16156 Preorder 567524 13799 18282
BIRD 170 150 174 BIRD 30 37 9957
ORDPATH 270 171 191 ORDPATH 98 86| 25733
Q3 pPID 266 147 191 Q3 [uPID 36 42 11102
\Virtual Nodes 483 331 10154 \Virtual Nodes 86 89| 228493
Preorder 4398 4239 8244 Preorder 1047 1057 14521
a. DBLP b. XMark 1100

Table 4.4: Ef ciency of query evaluation with different lalting schemes on the two document collections
DBLP andXMark 1100(see SectioRZI3.2 in the appendix).

4.6.3 Ef ciency of Query Evaluation

Experimental set-up. To quantify to what extent the differences in decision antbnstruction speed
observed in SectidnZ.8.2 affect the overall performanceiitire queries, we evaluated a couple of sam-
ple tree queries using the same labelling schemes as in ¢weps section, both against tRBLP and

the XMark 1100collection. The four test queries run against each cothectire shown in TabldsTZal
andTZ0] on pagd T34 in the appendix, respectively. To avoid artefdige to le system cache effects,
the best and the worst result of six consecutive iteratidesach query were discarded. The remaining four
iterations of the same query (occasionally fewer for sonmgdunning queries) were then averaged. Ta-
bledZZ]andhllist the total evaluation times (without pro ling). A secdiset of runs of the same queries
was carried out to measure the contribution of individuarystages. ChaptEr]l4 in the appendix contains
a detailed analysis of this additional experiment, inalgthe complete pro ling results (see Tab[esTd12
andIZZDblon pagdId5).

Due to the restricted tree query language supported by thiewa systemX?, the test queries only
involve the decision oChild' and the reconstruction giarent. Note that all query nodes are result nodes,
i.e., an answer to a query comprises the matches to all nodles query tree, not just one focussed node as
in XPath. The same evaluation algorithm is used for all latgschemes; just the reconstruction, decision,
and comparison operations vary. The only exception is tttames which do not preserve preorder (i.e.,

PID andVirtual Nodeg cannot bene t from certain optimizations (see below). Abkaseline, we use
preorder labels with brute-force reconstruction and deeisreconstructing théth ancestor of a node
requiresi look-ups in a parent/child table in the RDBS that maps thenier label of any node to the
preorder label of its parent node.

In order to estimate the bene ts of reconstruction operetifwhich are not supported by all labelling
schemes, see above), we implemented and tested the@#thgein strategies ALWAYBIRST, andNEVER
which differ in their use of reconstruction gfarent. Details about the strategies are given elsewhere
[WeigeT et al. 2009c]. In shorALWAY Smeans that the matches of any branching node in the query tree
are joined with those of its child nodes by reconstructing @incestors of the child matches and testing
whether they are contained in the branching node's set ofmeat Since our retrieval engiXe evaluates
gueries bottom-up, the rst child of any branching query aatbes not undergo the path join (which
would fail for the empty set of parent matches), but simplygargates its matches up to the parent node
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by reconstruction. The same is true for the second straf#B% T, which treats only subsequent children
differently. Here the path join decides for each pair of rhatto the branching node and its child node
whether theChild* relation holds. No test for set containment is needed, aneises respecting document
order may bene t from optimizations saving the decisiondome pairs of nodes, using common structural
join algorithms. The third strategldEVER does not take advantage of reconstruction at all, not ewen f
the rst child of a given branching node. Instead of propaggaimatches upward in the query tree, all nodes
in the documents with a path matching the path of the bragchdate are retrieved and then joined with
the matches of its rst child query node by decidi@dild* . Subsequent children are handled as described
for the FIRSTstrategy.

Summary. The following key results sum up the outcome of our experiméagain, see Chapier14 in
the appendix for additional details of the analysis):

Result 1 TheBIRD labelling scheme performs best for virtually all querieslgrath join strategies, both
on the DBLP and the XMark 1100 collection.

The overall performance in all tests against BLP and XMark 1100collections is given in Ta-
bles[ZZa] andd] on pagd@l. Each of the three rightmost columns correspandsé of the three path
join strategies explained abovBIRD almost always outperforms the other schemes, beaten ong/lmn

PID (DBLP: Q3FIRST, XMark 1100 QO FIRST) and twice by preordedBLP: QO FIRSTandNEVER
XMark 1100 Q2 FIRSTandNEVER. The most ef cient schemes comparedBtRD are PID (DBLP:
factor 1:6; XMark 1100 factor 1:2) andORDPATH (DBLP: factor 1:6; XMark 1100 factor 3:3).

In terms of absolute numbers, the greatest difference leetBdRD and PID is 1.2 seconds oBBLP and

1.5 seconds oXMark 1100 ORDPATH is onDBLP up to 0.6 seconds slower and ®Mark 1100up to

30 seconds. The distancelMtatual Nodesis considerablelBLP: factor 58; XMark 1100 factor 704
compared tdBIRD). In extreme case¥irtual Nodesis one order of magnitude slower than the baseline,
preorder, and even more compared to the other schemesjadlypeben reconstruction is disabled (e.qg.,
Q1 NEVERIn Table[ZZ)). The exact performance differences vary dramaticallyhie time spent on
label comparisons (see also the following results). In teahabsolute numbers, the greatest difference
betweerBIRD andVirtual Nodesis more than one hour. As could be expected, brute-forcenstiaaction
and decision with preorder labels is usually very slow, ey when other schemes bene t from exten-
sive use of in-memory reconstruction. Evaluation with pdeo labels takes up to 40 times or 10 minutes
longer than withBIRD labels.

Result 2 The ef ciency of label comparisons has a greater impact aaverall performance than recon-
struction and decision, and can be affected by the label size

A detailed pro ling of different evaluation ingredientsgs ChaptdiZl4) proves that most of the query
evaluation time is spent on comparing node labels, bothnduiiecision and, most prominently, when
manipulating the sets of potential matches fetched or r€tcocted before. While decision and reconstruc-
tion contribute up to one second to the total evaluation tilaeel comparison easily takes two orders of
magnitude longer. Accordingly, the time spent on recomrsion and decision differs by one second or
less among the schemes (ignoring cases wk@taal Nodesmust perform far more decision operations
than the other schemes, see Rddult 4), whereas the ef cafralpel comparison can make a difference of
20 seconds and more. As the difference betwéietual Nodesand the other schemes @&BLP shows,
the size of the labels can have a huge impact on the perfoeradrad! label operations (most notably, the
frequent comparisons): as the only scheme whose labelstdo the native 64-bit data types provided
by most high-level programming languag¥#itual Nodessuffers from a considerable overhead even for
the strategyALWAY Sa second handicap dirtual Nodesfor the other two strategies is subsumed under
Resul{?).ORDPATH is subject to the same effect &iMark 1100where its labels grow larger than 64 bits,
too. While the impact of the label size depends on the unihgrlgomputer architecture as well as the data
structures used, schemes exceeding a certain label sizalwélys incur some runtime overhead, not to
speak of the disk space they occupy.
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Result 3 Reconstruction is of paramount importance to ef cient quevaluation because it saves label
fetching and comparison.

The comparison of the three path join strategd&8VAYSFIRSTandNEVERalso clearly shows that
reconstruction is key to ef cient query evaluation. Penfiance decreases dramatically for all schemes and
almost all queries when reconstruction is disabled (si§el¥EVER as opposed t6IRSTand ALWAY $.

The fact that the huge overhead incurredNEyVERIs mainly due to label comparisons rather than node
fetching illustrates that our results do not only apply téivearetrieval systems lik&?2 but also, perhaps
to a lesser extent, to other engines where fetching is cngapeh as purely relational system$IRD,
ORDPATHand PID preferFIRSTwith its mixture of reconstruction and decision, owing teitref cient
decision techniquesVirtual Nodes by contrast, suffers from a massive join overhead for thistagy,
caused by the breadth- rst order of its labels (see R&3ultwith its different join algorithm ALWAYS
bringsVirtual Nodesa little closer to the other three schemes.

Result 4 Labelling schemes preserving document order bene t gyeadim path join optimizations.

The path join strategies involving decision, i.EIRSTandNEVER locate ancestor/descendant pairs
in sets of matches to two given query nodes. Processing khlesksets in document order has the advan-
tage that not all possible label pairs (i.e., the full Caaegproduct) need to be checked, which may save
many decision (and, consequently, comparison) operatamexplained in the complete report on the ex-
periments[[WeIgeT et al. 200bc]. Obviously schemes BkeD, ORDPATH and preorder bene t from this
optimization wherea¥irtual Nodes whose labels are assigned in a breadth- rst traversalefittument
tree, typically must decide ancestorship for many morel ladies. The resulting overhead explains why for
FIRSTandNEVER Virtual Nodesis far less competitive than féxLWAYSThe PID scheme, although
violating the document order between arbitrary nodes,se8 amenable to the optimization provided that
only sets of nodes with the same tag path are joined (becawsegthese nodes, the document order is
preserved). Since our test systXifalways retrieves and joins nodes belonging to the same schede,
this condition is satis ed andPID can be handled as if it were fully compatible with documeaeor

4.6.4 Updatability

In SectiollZR]l an update scenario is outlined where mattem@re documents are successively added
to a collection that was originally labelled with a delibiig sparseBIRD scheme. The question is how
often an over ow of some of the weights established during fédst indexing occurs, which triggers a
relabelling of the entire collection (recall that no layeriis available in this setting). To answer this
guestion empirically for a large collection of real-worldté, we carry out the following experiment.

An XML version of thelnternet Movie Database (IMDKB.4 GB on disk, see Secti@IB.2 for details)
is labelled with two variants of the child-balancBtRD scheme that differ in their degree of sparseness.
Nearly 2,000,000 documents are indexed consecutively imlch of 1,000 documents (about 4-6 MB
per chunk). Figur&Zl9 on the following page shd®D's over ow behaviour and space consumption
as more and more documents are added. In a rst experimerfjtace insertions are anticipated, i.e.,
the weight of a given tag path is always just as large as it lnegb accommodate the greatest known
subtree below that pathBIRD” in Figure[Z3al and[Z0)). We then label the collection once again, this
time reserving extra labels for 100 potential child nodeitisns below any over owing node during the
weight computation BIRD+ 100" in FigurdZ @] andZD0)).

Each point in the plot in FiguleZa] (left-hand side) illustrates how many times at least oneyhiei
in the schema tree must be changed while adding anotherd@@dtuments, thus causing a relabelling
of the collection. The two large peaks at the beginning iadichat the ordinarBIRD weights become
reasonably stable only after indexing the rst 400,000 doeuts, or 20% of the data. Up to that point, a
large number of over ows occur in the rst experiment (dadtiee). However, this improves signi cantly
when applying the extra-sparse encoding (solid line). Nuaein these early stages of the evolution of the
collection, relabelling is much cheaper than later on raftany documents have been added. In the sequel,
the need for relabelling dwindles rather quickly, espégifdr BIRD + 100 which triggers only one more
weight update before adding 1,300,000 documents withgubger ow.
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Figure 4.9: Effect of updates to thiDb collection with different labelling schemegaNumber of weight
over ows that occur while labelling a chunk of 100,000 docmts with child-balanceBIRD schemes of
different sparsenesdi] Growth of the maximum label size for different labelling sahes while adding
documents ot the collection.

In Figure[ZZh] we observe an early saturation of the label sizes (the marimeas mostly reached
after indexing less than 20% of the documents) and a very hsvadl space consumption f&IRD (at
most 45 bits per label, for a collection of more than 83,000,0odes). Obviously reserving extra labels
to increase the robustness of the scheme is not expensigeniis bf storage: the greatd3RD label in
the extra-sparse encodingBfRD+ 100", at most 54 bits per label) still occupies far less thdrbits, a
critical boundary in our runtime experiments (see Sedii@@¥above). Although with a height of ve
the document tree for thiDb collection is fairly shallow ORDPATH labels grow rapidly beyond the
64-bit line (maximum label size 73 bit). This is true even éovariant ofORDPATH with smaller labels
(“ORDPATH w/o caret” in FigurdZB®l maximum label size 68 bit). Here the sparse encodiageging-
in) for future updates is disabled, at the expense of limitegthtgbility. The resultin@ RDPATH variant is
similar toDewey but enjoys binarfDRDPATH encoding. However, the labels are still considerably large
than with either variant of thBIRD scheme.

4.7 Summary and Discussion

This chapter has introduced tBalanced Index-based numbering scheme for Reconstru@iah Deci-
sion(BIRD). BIRD is a multiplicative labelling scheme optimized towardd fgery evaluation through
ef cient reconstruction and decision of query constrainExperiments show th&IRD scales up well
to large collections containing gigabytes of XML documeimsterms of both the runtime performance
and the space occupied by the node labels. We have also slleteheral variants &IRD labelling that
target distinct optimization goals. Thbsbalance®IRD with b > 1 extends the reconstruction capability
beyondi-th-child to descendants on deeper levels. As an extreme casetallg balancedabelling re-
constructs large parts of the document tree while miningizie number of distinct weights to be stored in
a structural summary. On the other hand, increasing thebialg parametel causes the node labels and
weights to grow larger unless the structure of the docunismstremely homogeneous.

A decrease in space ef ciency is also the price to pay for gre@pdatability. We have sketched two
ways to makdIRD more robust against node insertions: a sparse variantigraim ofExtended Preorder
[[CandMoon 2001 that deliberately reserves labels foufatnodes to be added; and th&yered BIRD
labelling which replaces singleton labels with top-dowbebsequences, similar to path encoding. The
sparseBIRD scheme performs quite well on the lai@#Db collection, preventing many weight over ows
with only a very modest storage overhead. However, deediedeand heterogeneous collections such as
INEX are still much of a challenge to the scalabilityBiRD.
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Figure 4.10: Visualization of the positions that differétielling schemes occupy in the trade-off between
expressivity, runtime ef ciency, storage consumptiondarpdatability. Each of the rst three criteria
is represented by a distinct dimension in the three-dinoerasitrade-off space shown. Updatability is
symbolized by the colours of the points in the plot: darkdoucs indicate a more robust labelling scheme.
Time and space ef ciency re ect our experimental resultst the theoretical worst-case complexity.

Comparison of labelling schemes. FigurdZID presents a tentative visualization of the ti@ftlbetween

the different optimization goals mentioned before. Theaiiteto positiorBIRD and its competitors in the
form of a ranking along distinct axes that respectively espnt expressivity (vertical), space ef ciency
(left) and runtime performance (right). Intuitively spakene can see that the various approaches head in
different directions to solve the problem of “good” XML ldbieg. Let us brie y highlight the characteris-
tics of each labelling scheme, symbolized by its positiothintrade-off space. Preorder labelling (white)
is at the lower end of the expressivity and performance dsioeis, but of course very space-ef cielx-
tended Preorde(red, see Sectidiz3.3.1) gains a little expressivity (amtberuntime ef ciency) through

the use of a second label component, which doubles the la®el Gompared to preorder afiktended
Preorder PID (blue, see Sectidi-33.2) adds important reconstructipatitties but lacks support for
deciding document order; still we assume that the bene hefformer outweighs the downside of the latter
(see below for a short discussion on how to rank the diffesgtgria). In terms of time and space ef ciency,
the performance of PID is unsurpassed in our experimer@RDPATH (brown, see Sectidi3.3.1) is more
expressive thanPID (most notably because it respects document order), buitessand space-ef cient.
Finally, Virtual Nodes(yellow, see Sectioid.5) arBIRD (green) are the most expressive schemes tested.
While BIRD is as fast as PID and has smaller labels th&@RDPATH, Virtual Nodesis fairly inef cient

in both respects.

However, notice that the above representation of tradetwdf the following limitations. First, the
important criterion of updatability is not represented igesmetric fashion, unlike the other three opti-
mization goals just mentioned. Instead, darker coloursigure[ZID indicate a more robust approach.
Obviously,ORDPATH is most advanced in terms of updatability. Second, the tbheensional trade-off
space shown in FiguleZ]10 is topological, but not metricothrer words, the relative position of two ap-
proaches to each other indicates which one is better in tef@mspeci c criterion, but it does not indicate
how much. Finally, the topology in the two horizontal dimiems (i.e., time and space ef ciency) is based
on our experimental results (see SectibnsHET14.6.F&0d 4bove), not on the theoretical complexity
of the underlying problems. OtherwisBIRD would be close td/irtual Nodesin the storage dimension
because the labels of both schemes grow exponentially indigt of the document tre (the base being
the maximal fan-out iD, see LemmBZ17 on pafiel48). Similarl2ID would be close tORDPATH in
the storage dimension because despite the good compreateoachieved by PID, its worst-case label
size is still linear in the number of nodesin
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Weighting comparison criteria.  As the discussion above illustrates, the decision whicéllady scheme

to use for a particular application depends on a number &réifit criteria and factors to be weighted
against each other. Most prominently, the importance afisbiess depends on whether the document col-
lection to be labelled is frequently updated and if so, inakhivay (see Section 3.6). Similar constraints
and preferences may apply to the storage available, th@mergerformance e.g. on large collections,
and the support for handling speci c tree relations. Fotdnse, the fact that in generaPID and Vir-

tual Nodeslabels do not re ect the document order can be an importasgdiiantage especially for the
evaluation of XPath and XQuery, whose semantics strongld lam node sets being sorted in document
order. Lack of support for document order deeply affectsetreduation algorithm and seriously limits the
use of most common structural join algorithms. However i§ iguaranteed that at any time during the
query evaluation only labels are compared that belong to@is with the same tag path, then tHD
scheme may actually be a good choice, beca#db labels of such nodes do respect document order (see
Section 3.4.2).

Further criteria to be taken into account when choosingtalsigi labelling scheme include the indexing
performance (e.g., how many traversals of the documentneaeeded for labelling), speci ¢ mappings
to physical storage [Bremer and Gertz 2006] or other lafglichemes [Wang et al. 2003a], or whether
global data structures such as the schema tree or an FST naadfSavoille and Peleg 2003; Peleg 1999].
Also, manipulating node labels in a restricted environn{enth as standard SQL without user-de ned
extensions) may be an issue (see Chapter 7). For instamoe ggaproaches require full regular expressions
[Yoshikawa et al. 2001] or bitwise parsing [O'Neil et al. 20Pwhich may or may not be supported by the
runtime environment.

As a general nding, however, the experiments in Sectiorstidv that the ability of a labelling scheme
to reconstruct certain query constraints (most notgtyent) is key to ef cient XML query evaluation.
This is con rmed in different settings by Christophides f2003] and by Lu et al. [2005]. Consequently,
while the subtree encodings reviewed in Section 3.3 produd! node labels that can be used in struc-
tural joins to decideChild* constraints, they are usually outperformed by schemesBIiR® that exploit
the power of reconstruction. We empirically support thaml in further experiments to be presented later
(see Chapter 8), whe®RD competes with th@re/Post labelling (see Section 3.3.2) in a relational en-
vironment. The same effect can be expected for other scheftteseconstruction support, e.dpeweyor
ORDPATH. As the use 0ORDPATH in a commercial RDBS [O'Neil et al. 2004] shows, these apphes
are of great practical interest. The plaeweyscheme is easy to implement and fairly robust, but needs
of course a binary label encoding to prevent excess label 8RDPATH is particularly attractive due to
its support for unlimited updates, which in a highly dynasetting will outweigh by far the loss of a little
expressivity and space ef ciency.

4.8 Optimizations and Open Problems

Layered BIRD and unbalancedBIRD labelling. The comparison and experimental evaluation of mul-
tiple labelling schemes above has shown that the childAcald, non-layereBIRD scheme is highly ef-
cient and expressive. The practical performance and benéthe Layered BIRDabelling outlined in
Section 4.5.2 remains to be evaluated. As a matter of face isealso arunbalancedvariant of BIRD
labelling, which emerges naturally when xing a balanciagtor ofb = 0. Additional work omitted here
shows that the unbalanced labelling scheme creates laimbisgights that are smaller and less likely to be
affected by node insertions. Intuitively, this is explair®y the fact that without balancing fewer document
nodes are forced to have the same weight and hence labebr¢haultiples of a speci ¢ number. While
a weight over ow in any balanceBIRD scheme invalidates the weights and labels of all documedeg$io
that are represented by a sibling, cousin, ... of the scheu@ causing the over ow, the unbalandgdRD
labelling restricts this to those elements with exactlyghme schema node.

However, without balancing certain tree relations suchtaschildor nextSiB can no longer be recon-
structed. Furthermore, the creation of unbalanced labgts but to be more complex than in the balanced
case. In particular, the memory consumption during labglis probably prohibitively high because for

7In fact we exploit this feature, to the bene t ofPID, in our experiments with th&?2 system, whose query kernel processes
node sets that were fetched for speci c tag paths.
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each element visited in the rst pass through the documest tthe sequence of tags of its children must
be recorded, rather than only the number of children as indhent labelling procedure. This issue would
need to be solved before the unbalanB¥&D scheme might become a more space-ef cient and robust
alternative to the balanc&IRD labelling described above.

Structural summaries of document subtrees. By contrast, there are other ways how BIRD scheme
could be optimized to obtain labels that are smaller and malyest against modi cations of the document
tree (most notable, node insertions at arbitrary posijiods suggested by the position BIRD in the
trade-off space in Figure 4.10 on page 65, these are the efeEtienges faced by our approach. A possible
technique for reducing the size BfRD labels and weights has been hinted at in Section 4.6.1. Were
sketched an alternative structural summary which is difiefrom the schema tree that we used as weight
index throughout this chapter. Currently all document sogigh the same tag path are assigned the same
weight, as stated by the rst invariant on page 43. Obviouklg may cause many labels to be reserved
for virtual nodes, namely, when some document nodes witkengiath have a large subtree (and hence, a
large weight) while other document nodes with the same t#ywauld only need a much smaller weight.
The sample document in Figure 4.3on page 46 illustrates this effect: although the node wigBHRD
label 36 (the rightmost child of the document root) has owly thildren, which would require BIRD of 3

(see Section 4.2.1), the actual weight of the node 36 is 9r&@#son is that other document nodes with the
same tag path as node 36 (hamely, its three siblings 9, 18 @rallhave larger subtrees which do not t

a weight of 3.

It therefore seems promising to decouple the weights frantaly paths by using a structural summary
in which every node represents element with a similar seldize, rather than elements with the same tag
path. As a matter of facBIRD can be used with a variety of structural summaries coverdatbyition 2.5
on page 11. The only restriction is that ttéild relation on document nodes must be preserved by the
structural summary in the obvious sense, so that ancesightsere available when reconstructparent.
Clearly this is true for the schema tree: recall from Secfidhthat given two document nodasandv
with respective tag pathg(u) andp(v), if we have aD-constraintChild(u;V) in the document tree then
the corresponding-constraintChild{p(u); p(v)) holds true in the schema tree. An open question is
which other structural summaries could be used that satfiefyabove condition and at the same time
treat elements as equivalent that have subtrees of a sisikior structure. Note that this could not only
help to decrease labels and weights, but also nBAR® labelling more robust: after all, weight changes
caused by over ows would no longer propagate to all documeies with the same tag path, regardless
of their subtree size. Instead only nodes with a speci c sérsubtree would be affected. Depending
on how heterogeneous the document structure is, this mag thaamany node labels that are currently
invalidated for no reason remain unchanged.

Structural Summaries as a Core Technology for Ef cient XMétfeval 67



4.8. OPTIMIZATIONS AND OPEN PROBLEMS

68 Felix Weigel



Part Il

Index Structures for XML

69






CHAPTER
FIVE

Index Structures for Structured Documents

5.1 Overview

This chapter surveys existing techniques for indexing Ila¢hstructure and the textual contents of XML
documents. The various table- or tree-shaped data stesguesented here are all instancesenftralized
structural summarieésee De nition 2.5 on page 11). As such they could in prineipé complemented by
decentralized summaries as those discussed before (spee@haand 4). From the wealth of centralized
approaches to capturing the structure of XML documentg;, arfiéw representative indexing schemes can
be reviewed in the scope of this thesis. For a more detaileceguthe reader is referred to earlier work
[Weigel 2002].

5.2 Inverted Files

The most basic document indices aneerted les (also calledinverted list3. These table-like index
structures are standard in Information Retrieval on “ adladiments (i.e., documents without markup) but
have also been used for semistructured data like XML doctsneither stand-alone or in combination
with more complex structure indices (see below).

A typical inverted le is shown in Figure 5.4. on the following page. It indexes the textual contents
of the document treB in Figure 2.1b. on page 8, as follows: each row in the tablefostingin the le)
maps a unique keywoltd2 K (left column) to the places whekeoccurs in the documents (right column)—
much in the same way as the keyword index in the backmattéisftiesis. In the example, each keyword
occurrence is given as the unigue node label of the contaliement; multiple occurrences kin the
same element are not distinguished. However, dependirgeamiderlying data and query model, the index
could be either coarser (identifying only the documentsnetkeoccurs, as in at-text retrieval) or more
ne-grained (indicating the exact position k6 occurrences in a given element, as needed when evaluating
queries with text distance constraints). In addition, thggical organization of the postings may vary;
e.g., the table shown in Figure @lcould also be in rst normal form. In Information Retrievaiiically
not all distinct keywords are indexed, the most frequensdse-calledstop worddike conjunctions and
prepositions) being left out to keep the index smaller. lyn&eywords are often normalized (e.g., by
stemming and conversion to lower-case) in order to map atphmlogical and orthographical variants of
a term to the same set of occurrences.

Inverted les are also used to index tag occurrences in &ired documents. Figure Slon the
following page depicts such a tag index for the documentlirée Figure 2.1b. on page 8. Each distinct
tagt 2 T is mapped to the set of nodes with taig D. Note that the two inverted les in Figures Zat-b.
together support simple queries agaiDst-or instance, to select alamenodes containing the keyword
“Lee”, one would look uglee” in the rst table andnamein the second one, and then intersect the
two resulting node sets. This produces the query réQ1iit30; 39g which is correct, as can be veri ed in
Figure 2.1b.
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"female"” | 26,34,42 /people 0
"Jeff" 12 /people/person 9,18,27,36
"Jill" 21 /people/person/name 12,21,30,39
"Lee" 21,30,39 /people/person/profile 15,24,33
"Mae" 30 Ipeople/person/profile/edu] 16,25
"male" 17 /people/person/profile/sex| 17,26,34
"MSc” 16 Ipeople/person/gender 42
"PhD" 25
"Smith” 12 c. inverted path le
"Sue" 39

a. inverted text le

10/18/24/26
10/27/33/34

"female” | Ipeople/person/profile/sex

edu 16,25 Ipeople/person/gender
| gender | 42 10/36/42

name | 12,21,30,39 Jeff Ipeople/person/name
people | 0 ] 10/9/12

person | 9,18,27,36 "Jill" Ipeople/person/name
profile | 15,24,33 10/18/21

sex 17,26,34

b. inverted tag le d. inverted text/path le

Figure 5.1: Inverted les for the document tree in Figurel2.@n page 8.

By contrast, locating the occurrences of an entire tag pathetp= =tj (wherej > 0) in D with an
inverted tag le is cumbersome and often inef cient. Alltsig(0 | j) in pmust be looked up separately

must then check whetheZhild(vi; v+ 1) holds true for all 0 | < j. Tuples for which this fails do not
represent element pathsin For instance, lep be the tag pathepeople =person=namein Figure 2.1b.
on page 8. Looking up the three tageople , person and namein the table in Figure 5.b. produces
the tuples0;9;12i andhD;9;21i, among many others. Thehild test reveals that the rst tuple is indeed
an occurrence gf in D, whereas the second is not a valid element path (becausen@iaschild of 9).

The Childtest is a special case of a so-calgdictural join[Zhang et al. 2001; Al-Khalifa et al. 2002;
Bruno et al. 2002; Chien et al. 2002], where two node sets angpared to nd all pairs of nodes in a
particular tree relation (most commonighild or Child*). Many relations can be decided ef ciently
for a given node pair when a suitable labelling scheme idabai (see Chapters 3 and 4). But even if
sophisticated algorithms are used, joining large nodersesbe expensive in terms of runtime. In this
case the size of the node sets to be joined depends on howtb&endividual tags in the path occur
in the documents. Consider the tag pagheople =person=nameagain, and assume there are only few
person names in the data, but manmgme nodes occur below other tags, such=gmople =group=name
or =people=relation =nameand so on. Then th&hild join will involve a large set ofname nodes,
most of which are not part of the query result (for not beingdrhn of person nodes). This is because
the tag index fails to capture information about the nestifiggs.

A second drawback of indexing singleton tags rather thapa#igs is that the number of structural joins
needed to rule out invalid tuples grows with the length ofgbery path—even when the matches to most
qguery nodes are not needed to answer the query. In the exalmpe, unless th@eople and person
nodes have been explicitly marked as result nodes, theediesitswer is just a list ohamenodes (which
of course must have person and apeople ancestor, but we do not need to know their node labels). An
index locating all nodes reached by a speci ¢ tag path withouching the ancestors of these nodes can
save many structural joins. Such path index structuresraepted in the next two sections.

5.3 Atomic Path Indexing

To reduce the number of structural joins needed for matdaiggaths, index structures have been proposed
that map an entire tag path to the set of noDesith that path. Each tag path is represented as a single
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Figure 5.2: Two-dimensional path bitmap for the documes# tn Figure 2.b. on page 8.

text string (like those used for illustration throughousttext) that contains all the tags on that path in top-
down order. Note that pre xes shared by distinct tag pateslaplicated in their respective strings: e.g., the
common pre x of =people =person=nameand =people =person=profile is stored redundantly. We
refer to this agtomic path indexingince tag paths are treated as monolithic objects (rathardbquences
of tags, as with theompositionapath representation described below).

5.3.1 Inverted Path Files

A simple way to index tag paths is to put them in an inverted dither as keys or as values. Figure&.1

on the facing page depicts a table similar to the or®,ibut with entire tag paths in the rst column. Given
such an index, query paths involving orGhild steps can be easily matched. In fact, the paths could be
represented physically as 4 Blree or a Trie [Fredkin 1960] to accelerate the look-up. Bygtcast, query
paths withChild* or Child steps or missing tag constraints require special stringsmreg techniques
that allow to ignore steps in the indexed tag paths. Detaflggaven in Section 7.4.1 fokRel an atomic
path index by Yoshikawa et al. [2001].

To match both tag paths and keyword constraints withoutrigato intersect node sets looked up in
separate text and path indices (such as those in Figures &tic.), Sacks-Davis et al. [1997] combine
both into a single table, shown in Figure 8.IThis inverted text/path le differs from the original invied
text le in two respects. First, the occurrences in the selcmriumn are no longer singleton node labels, but
sequences of labels representing element paths in the @mtsinfor instance, while the posting fée-
male” in Figure 5.1a. contains the node label 26, among others, the correspopdsting in Figure 5.4d.
contains the element patfi=18=24=26 instead. Second, the occurrences in a given posting auped by
distinct tag paths, which are stored with each group. InEduld., the“female” posting comprises two
groups: the rst one contains two occurrences of the tag pathople =person=profile =sex (namely,
the element paths leading to nodes 26 and 34), whereas thedsgooup contains only one occurrence
of another tag paths=people =person=gender . Again, special string-matching techniques are needed to
handle query paths with descendant steps or tag wildcasaseationed above.

5.3.2 Path Bitmaps

In at-text Boolean Information Retrieval, keyword occances in documents are traditionally indexed
using a two-dimensional bitmap called thecument/term matrixmagine the bitmap as a table with one
column for each document and one row for each distinct kegivitgrm) occurring in these documents.
Given any combination of a keywoidand a documend, the bitmap valuédk;di in the corresponding
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Figure 5.3: Different operations on a three-dimensiondi pitmap BitCube).

table cell indicates whether or nlbbccurs ind (valuesl andO, respectively).

The same idea can be applied to structured documents byirggarsingle column for each distinct tag
path, rather than each document. Figure 5.2 on the precedigg depicts the resulting two-dimensional
bitmap for the documenttré2in Figure 2.1b. on page 8. Note that since all combinations of keywords and
tag paths are materialized, the bitmap is generally sp&mdnstance, in the two leftmost columns no bit is
set because thpeople and person nodes inD do not contain text. By contrast, from the third column
we can tell that six distinct keyword occur iname nodes. Bit vector operations such as conjunction
and disjunction permit to test simple Boolean keyword caists against tag paths: e.g., the only tag
path leading to occurrences of bdfiemale” and“male” is =people =person=profile =sex (bitwise
conjunction of théfemale” and“male” rows in Figure 5.2). However, there is no way to determinenfro
the bitmap whether there is any single noddithat contains these two keywords together, because no
pointers to individual occurrences of keywords and/or tathg are given. In terms of the Three-Level
Model of XML Retrieval introduced in Section 2.4, the twaydinsional bitmap only indexes information
on the schema level, but not the document level.

It seems natural to add a third dimension to the bitmap whégtwres information on the document
level. TheBitCube proposed by Yoon et al. [2001] is such a three-dimensiortaldp, consisting of a
keyword axis, a document axis and an element (or elemen} gaith As with the document/term matrix
above, we substitute tag paths to documents in order to havieii schema information re ected in the
index structure. Thus for any triph; p;vi consisting of a keywor#, a tag patlp and a document node
a bitmap value ol indicates that nodewith pathp contains an occurrence kf Like the two-dimensional
path bitmap, théBitCube may be extremely sparse. For instance, a bitmap val@ei®ttored for every
tuplek® p;vi consisting ofp andv and any keywordthat doesiotoccur inv.

Figure 5.3 illustrates different ways to look up informatio theBitCube In a., a vertical slice of the
cube is read which contains all valudsp;vi for a xed tag pathp. This basically produces a tag path-
speci c inverted text le (compare this to Figure 5alon page 72). Analogously, a horizontal slice of the
BitCube, as shown in Figure 518, corresponds to a keyword-speci c inverted path le (segUfe 5.1c.),
or a single posting in the combined text/path le by Sacks+Bat al. (see Figure 5d.). Finally, a com-
bination of both operations produces a vector containihglements (or, alternatively, element paths) that
have a speci c tag path and contain a speci ¢ keyword, asaegiin Figure 5.8.

5.4 Compositional Path Indexing

A variety of path indices have been proposed which are molessrclose to the schema tree introduced in
the previous chapter (see De nition 2.6 on page 11). Asfitated in Figure 2.&. on page 8, each distinct
tag path occurring in the document trBeis materialized as a sequence of nodes in the schem&tree
rather than an atomic string valié he most obvious advantage of titismpositionapath representation
is that pre xes shared by multiple tag paths are stored onlgeo For instance, the sanpeople and

1in fact, given the alphabék of tag symbols, the schema tr&can be viewed as a Trie [Fredkin 1960] created from a set of
words overT that represent all distinct tag paths.

74 Felix Weigel



CHAPTER 5. INDEX STRUCTURES FOR STRUCTURED DOCUMENTS

person nodes inSare part of the tag pathspeople =person=nameand =people =person=profile
among others. For highly heterogeneous collections wheresthema tree grows large, this decrease in
redundancy — compared to atomic path indexing — can save spate. Another bene t of compositional
path indexing for query evaluation against a recursivemehis discussed later (see Section 7.4.1).

Note that since the schema tree does not capture docunvehifiéormation (recall the Three-Level
Model of XML Retrieval illustrated in Figure 2.3 on page 18yditional pointers are needed to locate the
occurrences of tag paths in the data. Besides, in order tohrkayyword constraints, the textual contents of
the documents need to be indexed, too. In the sequel we remuple of alternative ways to realize this.

5.4.1 DataGuide

The perhaps best-known compositional path index for seunaisired data is th®ataGuide developed

in 1997 by Goldman and Widom for theore retrieval system [McHugh et al. 1997]. For tree data, the
DataGuidelooks exactly like the schema tr&shown in Figure 2.&. on page 8. As mentioned before,
in all but very few arti cial casesSis small enough to t main memor§. Thus schema matching in the
DataGuideis done by following paths in a memory-resident tree stmggttypically starting from the root
node. Query paths with unspeci ¢ tags or with steps invajvidhild* or Child cause backtracking i8
since multiple matches might be found. For instance, thettXBaery /people/person/profile/*
matches two tag paths B represented by the nodes #4 and #5 in Figure 2h page 8, respectively.

To locate occurrences of tag paths in the documents, Gol@amaihvidom combine th®ataGuide
with an inverted path le similar to the one shown in Figur& &.on page 72. The only difference is thatin
the left column of the table, the tag paths are representeleogumbers of the correspondibDgtaGuide
nodes, rather than strings. Thus the rst row maps the tag#@to element 0, the second row maps #1 to
elements 9, 18, 27, 36, and so on (the tag path numbers conggpDataGuidenodes in Figure 2.&. on
page 8). Together the two index structures allow to matchyqp@ths where only the leaf node is a result
node, as in the XPath expressiepeople =person =namewhich returns onlynamenodes. Note that the
DataGuidedoes not provide matches to higher nodes on the query path ftee correspondingerson
nodes).

Combining theDataGuidewith an inverted text le like the one shown in Figure ®lon page 72
permits to match path queries with keyword constraints.iff&ance, to obtain all elementslinthat have
the tag path=people =person=nameand contain the keywortlee” , one would proceed in four steps:

1. Search the given tag path in tBataGuidein Figure 2.1c. on page 8. This selects the schema
node #2 (in this case, a singleton node since the query patprises onlyChild steps with no tag
wildcards).

2. Look up the schema node #2 in the inverted path le (seergi§ulc. on page 72). This produces
the element sdt12;21; 30;39g as matches to the structure part of the query.

3. Look up the given keyword in the inverted text le in Figusela. on page 72. This produces the
element set 21; 30; 39g as matches to the text part of the query.

4. Compute the intersection of both element sets (if the keghwonstraint speci ed government rather
than containment, a structural join of the two sets wouldéeded instead). This yield21; 30; 39
as the query result.

Note that steps 2 and 3 are independent of each other and ttmukfore be executed in reverse order.
Step 4 can be expensive for large node sets, especially wtencaural join is required (see above).

A number of other compositional path indices for XML have i@eoposed, most of which resemble
the DataGuideto some extent. The remainder of this section brie y reviewfew characteristic ap-
proaches. For a more detailed survey and comparison, saggV2€02]. Further XML index structures
have been proposed by Chung et al. [2002], Kaushik et al.Z80&hin et al. [1998], Wang et al. [2003Db]
as well as Rao and Moon [2004], among others.

2In theory the schema tré@can grow as large as the document tBeebut only if no tag path occurs twice id. Typically
even highly heterogeneous tree collections suchfresbanTreebank] odNEX [INEX] contain considerable structural redundancy.
Examples of graph documents where BretaGuide has exponential size are given in previous work [Weigel 2002
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5.4.2 IndexFabric

TheIndexFabricby Cooper et al. [2001] aims to eliminate step 4 above, whezedsults of two separate
index look-ups for a tag path and a keyword are joined to ptedhe nal query answer. To this end,
the inverted path and keyword les are combined with the sthéreeS into one large disk-based tree
structure, theéndexFabricas follows. For a given tag pathin the documents, lé€, be the set of distinct
keywords occurring in any element with paghlf Ky is not empty, then new branches are added bglow
in Swhich represent the keywords i€y, as a Trie [Fredkin 1960]. The nodes in these additional brasic
represent sets of elements with patthat contain a particular keyword i,. This way not only the query
path, but also the keyword constraints can be matched bywisi paths in théndexFabric

For instance, for the tag path= =people =person=namein the document tre® (see Figure 2.b.
on page 8), we havi, = f“jeff” ;"jill” ;“lee” ;*mae”;“smith” ;“sue”g. The IndexFabricfor D would
therefore contain (among others) a patheople =person=namel=e=e representing the elements 21, 30
and 39 (which have the tag patipeople =person=nameand contain the keywortiee” , see above).
Similarly, =people =person=names=m=i=t=h would represent 12, andpeople =person=names-=u=e
would represent 39. Note that these two paths innldexFabriovould share a pre x of four steps, includ-
ing thes node: like tag paths, keywords below the same tag path avegsesented in a compositional
fashion (namely, as a Trie) to reduce redundancy.

In terms of the Three-Level Model of XML Retrieval (see Fig2.3 on page 13), tHadexFabriccom-
bines information from both the schema level (the tag pathd)the document level (the path and keyword
occurrences). Clearly the resulting index structure islémge to be held in main memory. Cooper et al.
therefore propose a paging strategy for partitioningltiteexFabricon disk in order to restrict the num-
ber of page faults during index look-ups. Besides, to sask sibace all non-branching parts of paths in
the IndexFabricare contracted, which reduces the number of nodes in the ltesever, the compressed
IndexFabriconly indexes leaf nodes iD or nodes which contain keywords, and therefore fails to @nsw
certain path queries.

5.4.3 Signature File Hierarchy

The Signature File Hierarchypy Chen and Aberer [1998; 1999] pursues a different strateglleviate

the burden of joining path and keyword occurrences in steged page 75). Recall that since query paths
with Child* or Child steps and/or unspeci ed labels may have more than one matble ischema tres,
entire subtrees d must be searched in a backtracking procedure. In the cofitbéssearch, multiple
schemanodes may be selected, all of which undergo the ecm#rtook-up in the inverted path le (step 2).
However, it might happen that some schema rpdees not contribute any occurrences to the query result,
because no element with the tag pptbontains the query keyword. In this case the occurrencesaoé

in vain fetched from the inverted path le in step 2 and inemted with element sets from the inverted text
le in step 4.

In order to rule out such false positives early during theamiaig, Chen and Aberer use a well-known
Information Retrieval technique to give approximate hiadgo which tag paths i8 have occurrences that
contain a speci ¢ query keyword, as follows. Assume thatdeeywordk 2 K occurring in the documents
is mapped to a bit string with a xed length and a xed numberits set. This bit string is called the
keyword signaturef k. For any noder in the document tre®, let K, be the set of distinct keywords
occurring inv. A keyword signature for the nodeis then created by superimposing the signatures of all
keywords inKy by bitwise disjunction. Note that given the keyword sigmatofv and the signature of any
keywordk 2 K, the following implication holds: i’ contain, then all bits set in the signatureloére also
set inv's keyword signature (we also say that the signature gfiali es for the signature ok). However,
the inverse is in general not true: even'd signature quali es fok's signaturey may not contairk, since
the bit patterns in the signatures of distinct keywords am&d byv may happen to overlap and together
cover all bits that are set in the signature<of

These observations can help to avoid needless look-upsargin steps 2 and 4. From the contrapo-
sition of the implication above, it follows that given thgsatures of a set of document nodes and a query
keywordk, we may recognize for some (though perhaps not all) nodegtbg surely danot containk
(namely, those whose signatures contain unset bits thaeaiek's signature). To exploit this during path
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matching, Chen and Aberer creat8ignature File Hierarchipy annotating the schema tree with keyword
signatures and information from the inverted path le, dfofes. First, every keyworét 2 K to be indexed

or queried is mapped to a xed-length signature (usuallysidu@e signature will be recreated fréewhen-
ever needed, so that the mapping need not be stored physigch schema nogein Sholds asignature

le listing all elementss with the tag pattp, along with their keyword signatures. These are created by
merging the signatures of the keywords they contain, agitestin the previous paragraph.

A signature le serves two purposes: on the one hand, it Ex#te elements with a particular tag
path, thus replacing the inverted path le. On the other hatnprovides an approximate summary of the
keywords contained in these elements. Given the signafuhe guery keyword and the signature le of
a schema nodevisited during path matching i& we may recognize that no element listeghmsignature
le contains k—by examining the signature le, without access to any kegdvimdex. This would save
us from joiningp's occurrences with other element sets in vain in step 4. Naethis method is inexact
in the sense that occurrencesmpWith the right bits set in their signature might still be flgositives.
Hence the subset gfs occurrences whose signatures look promisingkfoannot be used as-is, but must
be joined with the look-up result fde, as before. However, occurrences whose signature doesialifyq
can be safely ignored, without altering the query result.

The path occurrences in the signature les add documerd-laformation to the schema tree, which
is therefore unlikely to reside in main memory. For instaragplied to thdMDb collection comprising
more than 80 million document nodes (see Chapter 13), thiertmof all signature les together would
easily take up some 640 MB (assuming 32-bit signhatures arit3ement node labels). As a remedy,
Chen and Aberer [1999] suggest storing the keyword sigeatior each tag path in a Trie rather than a at
list, which avoids the redundant storage of shared bit pge gut of course requires some extra space for
the Trie structures).

5.4.4 T-Index

With the T-Index, Milo and Suciu [1999] have introduced a family of index stures for tree- or graph-
shaped documents, that are all tailored to tag paths of a staicture, described by gath template
(hence the name-IndeX). The template, to be xed by the database administratayesfreating the index,
speci es which tag paths (or fragments thereof) are indexetiwhich ones are ignored. Depending on the
given path template, &-Indexmay capture more or less of the document structure thaD#taGuide
Textual contents of the documents can be indexed with amted/&eyword le, as with théDataGuide

Milo and Suciu discuss two particular variants of ifdndexthat are of general interest. Thelndex
covers all tag paths starting from the document root. Whetingwith tree documents, tHelndexlooks
exactly like theDataGuide The 2-Indexlocates all pairs of ancestor and descendant elementsrihat a
linked by a speci ¢ sequence of tags. For instance, giv@rdexfor the document tree in Figure 2ol
on page 8, it would be possible to look up all pairs of noldesi where there exists a third nogesuch
that Child(u; w), Child(w;Vv), taglw) = profile andtagVv) = edu. In the example, these are the node
pairs9;16i andhl8;25i. Note that the2-Indexallows to retrieve paths and path fragments anywhere in
the documents, not necessarily starting at the root. Thisssthe search and backtracking needed with the
DataGuideor 1-Indexwhen matching query paths whose rst step involves the dedaet axis, such as
Iprofile/edu

Of course, th@-Indexincurs a heavy storage penalty, being quadratic in the $itee@ocument tree in
the worst case. More selective path templates may redudedér size by ignoring less frequently queried
paths. Thus a restricte¥indexmight cover only path fragments of a speci ¢ length or witlespc tags.
However, tuning th@ -Indexin this way requires a thorough knowledge of both the schemdalze query
workload.

5.5 Tree and Graph Indexing

The data model introduced in Section 2.1 regards XML docug@itrees, deliberately restricting them to
the nesting structure their elements. However, index &iras have been proposed that take into account
cross-links, which can be speci ed using either XMLB/IDREFattributes or external mechanisms such
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as XLink [XLink] or XPointer [XPointer]. For instance, thdopi index by Schenkel et al. [2004; 2005]
supports path queries with descendant steps and tag wikleggainst arbitrary graphs. TBataGuide
andT-Indexpresented above are also applicable to documents with-tinkss

The key problem here is how elements that are reached bypieudtistinct tag paths should be repre-
sented in the schema tree. One solution, adopted by-thdex is to treat all elements having the same set
of tag paths as occurrences of the same schema node. Thyselvema node represents a set of tag paths,
rather than a single path as in the tree case. This presémwemique mapping from elements to schema
nodes and ensures that théndexon graph documents grows lineary with the number of documeaés.
However, the schema tree may now contain path duplicatemusedhe sets of tag paths represented by
distinct schema nodes are not necessarily disjoint. Thisesbacktracking during path matching even for
queries without tag wildcards ar@hild* or Child steps.

An alternative approach, taken by tBataGuide is to let each schema node represent exactly one tag
path as before, which means that elements reached by reuttiglpaths are indexed redundantly. On the
one hand, this avoids the extra backtracking incurred byTthedex On the other hand, thBataGuide
may grow exponentially in the worst case, due to the redutriddexing of elements. However, document
collections which cause exponential growth tend to be exttg arti cial and are unlikely to occur in
practice [Weigel 2002].

A graph document model also entails important dif culties the use of decentralized structural sum-
maries such as the labelling schemes discussed in Chap&n8e any document node may be related
to any other regardless of the hierarchical nesting of ehdspét is much harder to encode speci c tree
relationships such aShild or Child* in a local fashion. The most powerful labelling schemes filLX
are therefore restricted to tree documents.

Schenkel [2004] argues that a judicious choice of how toxredgiven document collection depends on
a number of parameters including, e.g., the collection, simquery workload and, for graph documents,
the structure of the cross-links. For instance, some pétteaollection may be entirely tree-shaped while
others are heavily connected through cross-referenced=IDh framework by Schenkel provides methods
to partition a heterogeneous collection of cross-linkedutieents, based on different parameters, in order
to let each part of the collection bene t from the most appiate indexing technique. This could be a step
towards the semi-automatic selection of structural sunieedboth centralized and decentralized) based
on the monitoring of data and query statistics, as offereddsge commercial relational database systems
(e.g., IBM'sDB2).

5.6 Summary and Discussion

For any index structure in whichever data model, there ateast three possible (and often con icting)
optimization goals:

1. runtime performanceTo what extent does the index accelerate query evaluation?
2. storage consumptionHow much space does the index structure take up on disk oemany?
3. robustness How do changes to the indexed data affect the index?

Besides these general questions, there are additionakispeci c to the XML data model. The survey of
centralized structural summaries in this chapter, alb@dfland by no means exhaustive, has highlighted
some of the key problems to be taken into account when indexiviL data:

4. path representatian Are tag paths atomic or compositional?
5. content and structureHow does the index combine keyword and path occurrences?
6. backtracking How are unspeci c query paths matched?

The following is a short discussion of these issues withees the different approaches presented above.
The runtime performance of XML query evaluation with a givedex structure depends not only on
how fast it locates elements that satisfy some part of theyfeeg., a tag, tag path, or keyword constraint),
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but also on how many separate index look-ups and joins aidedde compute the whole query result. As
mentioned before, the at inverted les discussed in Settio2 support only look-ups for individual tag
or keyword constraints. Each conjunction of two consteagritails the intersection or structural join of
(possibly large) sets of elements. Hence the overhead ftotimg complex queries with branching paths
can be considerable. Different algorithms have been peabtisexpedite joining; in particular, so-called
holistic twig joins[Bruno et al. 2002] strive to reduce the size of intermediagailts by matching multiple
tag or keyword constraints simultaneously. However, singerted les only cover simple constraints, the
initial node sets to be joined may still be large.

This problem is addressed by various path indexing teclsigehich allow to match the leaf of an en-
tire query path including multiple tag constraints at onveighout structural joins. Matches to nodes higher
on the path are either materialized in the index, as with tiveried text/path le by Sacks-Davis et al.,
or reconstructed on-the-y with a suitable labelling sclee(see Chapters 3 and 4). Major differences
exist concerning the representation of tag paths in thexindéomic path indices like the inverted path
or text/path les presented in Section 5.3 store tag pathstrasgs, thereby duplicating shared path pre-
xes. This redundancy not only increases the index size,atsd makes it harder to handle changes to
the path structure (e.g., when a subtree in a document is dho@ompositional path indices like the
DataGuideand its variants avoid this redundancy by organizing tafpgpat a tree structure, similar to
a Trie [Fredkin 1960]. Goldman and Widom [1997] show how talafe theDataGuideincrementally in
time linear in the number of nodes changed.

In any case, matching unspeci ¢ query paths that may havéipfeimatches in the schema requires an
additional effort: for atomic path indexing, substring tdhg or regular expressions are needed, whereas
compositional indices must be searched with backtrackiMgreover, multiple schema matches entalil
additional look-ups in the inverted les as well as additdbijoins. TheSignature File Hierarchyses
keyword signatures as a heuristic means to avoid needlass jéiowever, the space overhead in the
schema tree can be considerable. Exact methods that nfiageeiatire tree relations (e.gChild*™ as with
the 2-Indey are unlikely to scale up to tens of gigabytes. Here an atera are labelling schemes that
encode such tree relations locally. However, this intreduadditional caveats concerning updates (see
Chapter 3).

Another important question is how to combine path and kegvirdexing in order to enable fast look-
ups of both without blowing up the index size. The straigiwfard approach sketched for tbataGuide
— i.e., separately look up structure and contents, thentf@results — again entails the manipulation of
potentially large node sets. Keeping both tag and elemardssingle table like the inverted text/path le
optimizes combined look-ups, at the expense of a largexistke because the same tag path is indexed
repeatedly for distinct keywords. This could be problemati least for atomic path indices, where the
entire path string is literally duplicated. Path bitmape ItheBitCube further aggravate the problem by
materializing all possible combinations of tag paths angnakads, rather than only those which actually
occur in the documents. Compressing the resulting spatseps could recuperate wasted space, but
would also introduce a runtime overhead for decompressioimg the index look-up.

One viable approach is taken by thedexFabri¢ which materializes all existing keyword/tag path
combinations in a large Trie on disk and creates additiorsihrmemory structures for fast access to
the right disk pages. However, this involves compressichrigues that prevent thadexFabricfrom
answering all queries. The next chapter presents a diffeation with full support for the XML query
model above: it is an enhancBditaGuidethat features (1) combined structure and keyword indexing o
disk, (2) a compositional schema representation in mainongrand (3) ef cient keyword-driven pruning
during path matching.
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CHAPTER
SIX

The Content-Aware DataGuid€ADG

6.1 Overview

This chapter presents ti@ntent-Aware DataGuidéCADG), a compositional centralized structural sum-
mary based on thBataGuide which is optimized for the ef cient evaluation of queriestlivcombined
path and keyword constraints. The attribute “content-aivermeant to emphasize that unlike pure path
indices like the originaDataGuide the CADG combines content and structure matching during all steps
of the retrieval process. In particular, it allows to prumarithes of the schema tree which are irrelevant
with respect to a given set of query keywords, in order to gvaedless path look-ups and backtracking
during path matching. Moreover, the join of elements witlpacs ¢ tag path and keyword occurrence is
materialized on disk, which signi cantly reduces the needjbins of large element sets at runtime.

Together with theBIRD labelling scheme (see Part Il), t@ADGIs the basis for the two other main
contributions of this work, namely, the relational querglesation with theRCADGindex (see Part 1V)
and the incremental query processing with R@ADG Cachdsee Part V). Besides, tt@ADG has also
been combined with ranking techniques for structured desum[Weigel et al. 2005a] (see Part VI). In
the following, some technical details that are not relevarthis work are omitted for simplicity. A more
exhaustive presentation and evaluation of @&DG can be found in earlier work [Weigel et al. 20044;
Weigel 2003].

6.2 Materialized Join of Content and Structure

The previous chapter has highlighted several ways to coerthie content and the structure of XML doc-
uments to be indexed. This problem is indeed of paramounbitapce for the ef cient evaluation of
combined tag path and keyword queries. In this respect, @ie orawback of thédataGuidesetting
described above is that content and structure informatiemigorously separated into two different data
structures (namely, the inverted keyword and tag path .1@$)is way keywords and tag paths taken from
the same query must be looked up independently, as if all toeiurrences were equally relevant to the
guery. Only in the last step of the retrieval process (see #&) content and structure are brought together
again, in a join of potentially large element sets that is potaed at runtime.

The experiments with thBataGuideand the inverted les below show that the content/strucjoireis
often a bottleneck during the query evaluation. TGADGavoids this by materializing this join at indexing
time: the inverted keyword and tag path les are replacethaisingleelement tableontaining all triples
hp; k;vi where a document nodewith the tag pattp contains the keywor#. Figure 6.1 on the following
page depicts the element table for the documentréeFigure 2.1b. on page 8. Tag paths, keywords and
elements are stored in tipéd, keyandeid columns, respectively. Note how the labels of schema nades i
Figure 2.1c. on page 8 act as foreign keys to thiel column in the element table in Figure 6.1. In general
the element table is larger than the sum of the two inverted, for two reasons. First, while every pair
hp;vi of a tag pathp and one of its occurrencesis stored once in the inverted path le, the same pair
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%g key’ eid [ pid|key _ |eid | [ pid|key _ |eid | [ pid|key  |eid |
" 0 H H H H H H H H H H H H
# " 9 #21"" 39 #2|"Sue” 9 o 7
ey O 8 #2 | "Jef p B 5 w 26
| 27 #2 | "Jill" 21 #3" 24 " 34
W 3¢ 2 ["Lee” 21 3" 3 "female” | 26
21" 7 2 |"Lee” 23 6 "female” | 34
ST ; 2 |"Lee” 39 EA 25 "male” 17
2 30 2 | "Mae" 30 | #4 | "MSc” 16 " 42
2 | "Smith" 12 t4 | "PhD" 25 "female” | 42

Figure 6.1: TheCADGelement table for the document tree in Figurel2.dn page 8.

hp;vi occurs repeatedly in the element table, once for each disteéyword thatv contains. Besides, it is
convenient to store an additional entyyv;*” i for each paitp;vi and the empty keyworti’ such that
occurrences of tag paths can be ef ciently looked up witheowt speci ¢ keyword in mind.

For instance, given the tag papth= =people =person=sex represented by the schema node #5 in
Figure 2.1c. on page 8, the element table in Figure 6.1 locates eithecallroences op (entries#5; " ;vi
foranyyv,i.e., 17, 26 and 34) or only the subset of occurrencegloét contain the keywortnale” (entries
H5;“male” ;vi for anyv, i.e., only 17), whatever is need for answering the querghénsecond case, the
use of the element table saves one look-up in the invertedeéeand one content/structure join, compared
to theDataGuideevaluation procedure sketched on page 75.

6.3 Keyword-Driven Path Matching

Another problem faced by path indices is that unselectiegypaths involvingChild* steps or missing tag
constraints can have multiple matches in the index (seéddex:t above for an example). In compositional
path indices like thédataGuide these matches are found through backtracking in the schesea In
the worst case, the whole schema tree must be scanned inahisEven though this does not entail 1/O
operations since the schema tree is memory-resident, icanzse some overhead in the case of structurally
diverse document collections likeeeebanl{ Treebank] odNEX [INEX], whose DataGuidecontains tens

of thousands of nodes. More importantly, however, everestehnode selected during path matching
causes a separate look-up in the inverted path le, whichiin inay produce a set of elements to be joined
with look-up results from the inverted text le. Reconsidkee sequence of steps for query evaluation with
the DataGuide(see page 75): only during the join in step 4 it becomes cldaciwelements satisfy both
the structural and the textual query constraints—aftetalll/O for the table look-ups is done.

Unlike the DataGuide(or IndexFabricor T-IndeX), the CADG allows to skip during path matching
branches of the schema tree that represent parts of the @ntsinvhere the query keyword does not
occur, and that therefore cannot contribute to the quenjtrasyway. As an example, consider the XPath
query Iperson/*[contains(.,"male")] and the schema tree in Figure 2.bn page 8. To answer
this query with theDataGuideprocedure, we would rst look up all schema nodes below ##& (tlerson
node) in the inverted path le. The following intersectioftioe resulting ve element sets with the inverted
text le posting for“male” would reveal that only node 17 satis es the query. By cortfraih the CADG
the path matching could be restricted to the schema nodegiibaivay, so that only a single element set
would be fetched from the path le in step 2 and intersecteth@last step. This of course requires some
keyword-speci ¢ information to be available on the schemzel. In terms of the data model introduced
in Chapter 2, theCADG allows to match approximate keyword constrai@ksntain.ﬁ and Governﬁ for
keywordsk 2 K during path matching (see Section 2.3). In the following wéine two alternative ways
to do this (for details see [Weigel et al. 2004a; Weigel 2D03]

6.3.1 TheSignature CADG (SCADG)

The rst possibility to realize a keyword-driven, or conteaware, path matching is inspired by tBgna-
ture File Hierarchy Recall from Section 5.4.3 that here each schema node keggssdures le containing
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the elements it represents, and for each element a keywgmetsire that indicates its textual contents in
an approximate manner. The problem is that for tag pathshwinicur frequently in the documents, the
list of occurrences to be scanned and signatures to be cenhjglong. Besides, all information from the
inverted path le must be held in memory. Tlisgnature CADGSCADQ remedies this by merging all
keyword signatures in the same signature le into a tag [sikei ¢ containment signaturemuch in the
same way as the signature for a single element is createdtfresignatures of the keywords it contains.
Thus each node in the schema tf®@stores only one signature instead of a whole signature leictv
reduces the index size and the number of signatures to beazechguring path matching.

The path matching procedure for containment constrairgsridar to the one sketched for tfggna-
ture File Hierarchybefore. During step 1, each schema npaeatching a query node with a containment
constraint for a keywor# is examined to check whether its containment signature gadbr the signa-
ture ofk. If this is not the case is ignored, i.e., its occurrences are not looked up and ddaketpart in
subsequent joins. Of course merging multiple keyword dignes into a single containment signature (by
bitwise disjunction) may render the content represemagicen less precise than with tBégnature File
Hierarchy However, this only affects the number of false positivest thight be overlooked during path
matching, whereas the nal query result is exact (as withSkgmature File Hierarchy

A second signature attached to each schema pau& indicates which keywords are governed by the
elements with the tag path Thisgovernment signaturis created by merging the containment signatures
of all descendants gf in S. Obviously, if the government signature pfdoes not qualify for any key-
word signature in the query, then there is no point in seageps subtree inSfor nodes with promising
containment signatures. Thus government signatures &il@rune entire subtrees of the schema tree and
to ignore their nodes during the look-up and join steps. abpiglies even very early during step 1, when
matching nodes higher on the query path which perhaps dopeaifg keyword constraints themselves
(such as theperson node in the sample query above).

6.3.2 Thelnverted-File CADG (ICADG)

A second variant of th€EADGpursues the same goals as 8@ADG but with different means. Unlike the
SCADG thelnverted-File CADGICADG does not annotate the schema tree in order to lift some conten
information up to the schema level. Instead, all tag pathsléad to elements containing query keywords
are looked up in the element table before the path matchigmnbelmagine these keyword-relevant tag
paths as highlighted in the schema tree, indicating whictsjud the document schema must be examined
(from a keyword-only point of view) and which ones can be lsafgnored. In fact, since only the leaves of
the paths are stored in the element table, we need to decaitendlfy for any schema node visited during
path matching whether it is an ancestor of such a keyworlaelt leaf. To this end, tHere/Max labelling
schemes introduced in Chapter 3 is applied to the schemallisereg this interval labelling, ancestorship
can be decided in constant time for any two schema nodes.

For instance, reconsider the sample quépgrson/*[contains(.,"male")] and the schema
treeSin Figure 2.1c. on page 8. A quick look-up fofmale” in the element table identi es #5 as the
only keyword-relevant schema node. Thus the path leadimm #0 to #5 inS should be highlighted,
indicating that the other branches leading to #2, #4 and #tbedgnored. This is achieved by comparing
thePre/Max labels of the schema nodes visited during path matchigdarthe labels of keyword-relevant
nodes fetched beforehand. In the example, the relevanischede has the labp#5; #5 (being a leaf of
the schema tree). Starting from the rooSafith the interval#0; #6], we proceed sinci#s;#5]  [#0; #6].
Similarly, [#5,#5] [#1,;#6] for the child of the root. However, in the following the intels [#2;#2],

[#4; #4] and[#6;#6] do not contairf#5;#5]. Therefore the only keyword-relevant pathSiheads from #1
via #3 to #5.

A minor technical issue concerns the robustness of @G against modi cations of the document
structure. It has been noted above that the labels of schedesnnS act as foreign keys to the element
table. However, when a new tag path appears in the documbettion, the schema node labels may
need to be reassigned according tofne/Max scheme. Since changing foreign keys to the large element
table could entail massive disk 1/0, every schema node isngan extra identi er that is used as foreign
key instead of the preorder rank of the node. This arti ciey kalue remains constant over time and thus
preserves the foreign key relation regardless of the custeape of the schema tree.
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Figure 6.2: Runtime performance gain of IBRADGandSCADG compared to th®ataGuide

6.4 Experimental Evaluation

The following summarizes the most salient results of theaestive experiments that were carried out for
the original work on th€ ADG[Weigel 2003]. The experimental set-up is as follows. Tidi#ferent index
structures have been implemented and integrated witK #vetrieval system for XML [Meuss et al. 2005;
Meuss et al. 2003; Meuss 2000]: on the one handStBADGandICADGas main-memory tree structures
backed by the element table on disk, and on the other hand)akeGuidein main memory with the
inverted text and tag path les as tables on disk. All thré®da are kept in a relational database system,
with the following columns indexed: the element table has Bh-Tree on the path and keyword columns
and another B-Tree on the keyword column alone. The inverted text le idéred by a B-Tree on the
keyword column. The inverted tag path le is indexed by“a-Bree on the path column. TI®RCADGuses
64-bit signatures.

With this setting, three different document collectionséndeen indexed, whose characteristics are
summarized in the appendix (see Section 132Aiesis very small, with a fairly homogeneous and non-
recursive structure, whereXdMark 29 a synthetically generated corpus [XMark], is structyralightly
more diverse and contains recursive paths (epgwlist  elements may contain othgrarlist  ele-
ments). The highly recursive and heterogeng@eBsollection comprises half a gigabyte of syntactically
analyzed German noun phrases [Oesterle and Maier-Mey@&].18&th manually written and automati-
cally generated query sets have been evaluated againktrégecbllections, resulting in the following four
test suites:CitiesM contains 90 hand-crafted queries against@iitees collection. CitiesA (639 queries),
XMarkA(192 queries) anblpA (571 queries) consist of synthetic queries againsCities XMark 29 and
NP collections, respectively. All test suites contain bottissable and unsatis able queries (50% each).
Detailed properties and a classi cation of the queries &atiog to various selectivity measures are given
in [Weigel et al. 2004a; Weigel 2003]. Only path queries hbeen processed in this experiment so as
to minimize dependencies on the underlying evaluatioriesisaand join algorithms employed by th&
system.

All tests have been carried out sequentially on the same atenosting bothX? and the RDBS
back-end (technical details are listed in the appendixTeseEnvironment B in Section 13.1). To prevent
artefacts due to the le system cache, each query has beeregsed once without taking the results into
account. The following three iterations of the same queryevtben averaged. Figure 6.2 shows the
performance results for three selected subsets of theeguigrieach test suite: while plat covers all
evaluated queries, pldtin the middle narrows down to unselective queries with nyoSthild* steps and
few tag constraints. Finally, plat covers all satis able queries. Each plot depicts, on a litlganic scale,
the average speedupf the SCADGandICADG over theDataGuide i.e., the proportion of th€ ADGs
evaluation time to th®ataGuides evaluation time.

In a nutshell, the experiments show that (1) @&DGis considerable faster than tbataGuideespe-
cially on large collections and (2) tHEADGalways performs a little better than tS&€ADG ThelCADG
beats theDataGuideby a factor 5 to 200 on average, depending on the documermictioth. Not sur-
prisingly, the speedup increases for poorly structuredigsdsee Figure 612), where the potential for
subtree pruning is higher. TREADGevaluates structurally unspeci ¢ queries against thedafg collec-
tion 479 times faster than tH2ataGuideon average. Further statistics show that in this settingooni®f
two queries are evaluated by two orders of magnitude fadsterwith theDataGuidegfWeigel et al. 20044a].
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Figure 6.3: Storage consumption of #@ADG SCADGandDataGuide relative to the collection size.

For queries with more selective keywords, the speedup ageiaases by 10-20% on average, and up to
30% for thel CADG Yet the content awareness pays off even for unselectiverdeels. Summing up, the
CADG performs best on queries with selective keywords and Etilecture constraints. In practice this is
an important class of queries, given that most users aresamoed to web search engines and therefore
tend to focus on keyword constraints, especially when theyat familiar with the document schema.

The chart in the Figure 62 on the facing page focuses on the subset of satis able cqurieach test
suite, which makes up about 50%. While tADGs average speedup still reaches 4-7 for the smaller test
suites (versus 5-12 for all queriesar) and two orders of magnitude fdipA the SCADGperforms only
twice as good as theataGuideon theCitiesandXMark 29collections. OM\P it beats theDataGuideby
one order of magnitude (average speedup 28). The reasorh@BZ\DGperforms worse in Figure 62
is that this experiment does not include the queries thaStha@DGanswers particularly fast: obviously
it excels at Itering out unsatis able queries, especialipse with non-existing keywords which it rejects
immediately during path matching. In practice this mightebealuable feature, as users are unwilling to
accept long response times when there is no result in theléredlCADG s a little slower here because it
recognizes non-existing keywords only after a look-up mefement table.

Figure 6.3 plots the storage consumption of BBADG SCADGand DataGuide respectively. The
chart shows that again bo@ADGs are most effective for large corpora such asNrecollection. The
ICADG grows to 87% (2.4 MB) and th8 CADGto 168% (4.6 MB) of the size of th€ities collection in
the databaseDataGuidel.6 MB). However, this storage overhead is reduced corelidiefor XMark 29
and completely amortized fodP (ICADG 3% (21 MB),SCADG6% (36 MB),DataGuide3% (15 MB)).
Note that the size measures of tBEADGinclude an extra table containing the signatures for atiruis
keywords in the collection. Without this table, the overdheampared to thECADGis negligible. Further
experiments including stop words and unstemmed morphcdbgeyword variants have not substantially
changed the results.

6.5 Summary and Discussion

The experiments above clearly show the bene t of @&DGs materialized content/structure join and
keyword-driven path matching, which come at a relatively lcost in terms of storage. Note that the
results reported here only apply to a hybrid setting, whieeestructural summary is kept in memory and
the rest and the rest of the index structure resides in doeldtdatabase system. Chapters 7 and 8 explore
a different situation where the index is stored entirely @k dnd the whole evaluation process takes place
inside the RDBS.
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CHAPTER
SEVEN

XML Retrieval in Relational Database Systems

7.1 Overview

The indexing approaches presented in Chapters 5 and 6 ntagjist native or hybrid retrieval systems
where at least some part of the index structure is held in mm@mory (typically, a centralized struc-
tural summary such as the schema tree). However, faced with large document collections where
scalability and retrieval ef ciency are major concerngystg and querying XML data entirely inside a re-
lational database system (RDBS) seems particularly pingiiecause (1) highly ef cient access methods
for relational data have been developed for over thirty yeard (2) query planning and optimization in
the relational algebra is well-understood. Besides, nawadhere is a great choice of mature relational
databases, some of them freely available, that are alrea®lyndeployed and offer many features which
are favourable to a productive use. These include, e.gcuroency, transactions, safety and recovery, as
well as sophisticated index structures and algorithms éerygplanning and optimization.

Consequently, a variety of relational storage schemes kblc Kave emerged, which are either generic
in nature or rely on a xed schema (e.g., a given DTD or XML Stiae[XSD1]). All these approaches
have in common that they “shred” the hierarchical XML data ituples to be stored in the at data model
of the RDBS. One the one hand, possibly expensive joins aressary to restore part of the original node
hierarchy at query time. On the other hand, the resultingtatan be ef ciently indexed and searched
with the common operators of the relational algebra. Thaptér reviews several alternative approaches
to XML retrieval in an RDBS, highlighting their respectivieengths and weaknesses for different kinds of
documents and queries. One particularly interesting gprekere is in how far existing native XML index-
ing techniques, like the ones described in the precedingteh® can be adapted for use in the relational
setting.

7.2 Classi cation of Storage Schemes

A recent survey by Krishnamurthy et al. [2003] provides a poghensive overview, terminology and clas-
si cation of a large number of research contributions degivith XML and RDBSs. Firststorage schemes
are contrasted witpublishing techniquesvhose aim is not to store XML in the relational data model but
to make relational data accessible as if it were XML. (Theelaare not tightly related to this work and
therefore ignored in the sequel.) Relational storage selsdor XML are further differentiated according
to the database schema they use for shredding XML data. Appes in the rst class derive a suitable
relational schema for each document collection from a gi@iD or other prescriptive XML schema,
and are therefore callesthema-basebly Krishnamurthy et at.(Yoshikawa et al. [2001] refer to them as
structure-mapping approachgsror instance, Schmidt et al. [2000] suggest storing &lirgnts with the

1Schema-based approaches include work by Shanmugasunetaarfil999], Harding et al. [2000], Schmidt et al. [2000],
Bohannon et al. [2002], Runapongsa and Patel [2002], Cheln [@003], Balmin and Papakonstantinou [2005]  and
Chebotko et al. [2005].
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same tag path together in a separate table. The number estabkded thus depends on the structural
diversity of the documents. The second classcisema-oblivioum the sense that all sorts of XML docu-
ments, whatever their structure may be, are stored in the satof tables, designed to t the XML data
model as closely as possible while allowing for ef cient guevaluatior? (These storage schemes are
therefore calleanodel-mapping approachéy Yoshikawa et al.)

Note that schema-oblivious storage schemes may well irftestructure of the documents (in fact,
we will come to know such schemes in this chapter and the mext But the document schema does not
affect the number of tables and columns used. On the one li@adneans that all elements are stored
in a prede ned set of tables, which may therefore becomeelargd need appropriate indexing. Besides,
keeping all data in a small number of tables might slow dowen gharallel access by multiple threads.
On the other hand, schema-oblivious storage has a numbelvahtages: (1) No prescriptive schema is
needed to index a new collection of XML documents. If desigedtructural summary can be created on
the y while indexing the documents. (2) During query evalaa, only a small xed number of tables is
accessed. There is no need to compute the union of resulesest from distinct tables. (3) The storage
scheme is robust against schema evolution. For instan@ditonal table is needed when a new tag path
appears in the documents. These issues advocate a schéviauslapproach in the course of this work.
The following brief review of some existing storage schertiesefore covers mainly schema-oblivious
works.

7.3 Node Indexing

An obvious way to shred an XML document trBénto relations is to represent each document nod2 in
as a tuple in amode tablewith enough information to restore speci c tree relatidmough selfjoins of the
node table. For instance, if the tuple representing a dontim@lev contains the unique node labelsvof
and its parent ifD, then all parent/child pairs in the documents can be obddimeugh an equijoin of the
node table on the two label columns. Textual contents aneeihcluded in the node table or stored in one
or more additional tables. We refer to this kind of relatiokilL storage asnode indexingchemes in the
sequel. Three such schemes are outlined in this section.

7.3.1 TheEdge Scheme

The Edgescheme by Florescu and Kossmann [1999] uses a node tableveritiolumns that essentially
materialized thé?arentelation. Each document nodés represented as a quintuple containing the unique
node label of/, the node label of's parenty's tag name, the position afamong its siblings (if any) and

a ag indicating whether or not has textual contents. The actual content values are storeagéparate
content tablenapping node labels to stringsWhile matchingChild steps in a query path is easy with
the Edgescheme — a simple equijoin of the node table as sketched ahteamdlingChild* steps is only
possible through recursive SQL queries [Krishnamurthy.€2G03]. Keyword containment constraints
entail joins of the node table with the content table. Foregowment constraints again recursive SQL
gueries would be needed.

Florescu and Kossmann also describe two variants oftlge scheme that aim to expedite access
to relevant tuples in the node table and avoid joins with thetent table. First, the node table may be
partitioned into a separate table for all nodes with the s@meSecond, further columns may be added to
the node table in order to store the attributes of an elenrehtleeir text values. This is known adining.
However, since not all elements have the same attributesetulting node table may contain manyl
values. Both the partitioning and the inlining turn the age scheme into a schema-based approach, with
the pros and cons listed above.

2Schema-oblivious approaches have been proposed, amormgs,othy [Deutsch et al. 1999], Yoshikawa et al. [2001],
Grust [2002], Jiang etal. [2002], Tatarinov et al. [2002], eHaan et al. [2003], Harding et al. [2003], Chen et al. [2004]
Pankowski [2004] and Chen et al. [2005a].

3Actually theEdge scheme is a little more involved, capturing different dgfzes in distinct type-speci ¢ content tables.
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Figure 7.1: Node table of théPath Acceleratorscheme for the document tree in Figure [2.@n page 8.

7.3.2 TheXPath Accelerator Scheme

TheXPath Acceleratorscheme by Grust et al. [2002; 2004] also materializesentelation, but adds
information for handlingChild* steps and type constraints. Each document noiderepresented as a
quintuple in the node table which contains the pre- and pdstaanks of/, the preorder rank ofs parent
as well as/s tag name and node type. Figure 7.1 shows the node tabledaidcument tree in Figure 201
on page 8.Child steps are matched through an equijoin of the node table,thghwéEdgescheme. For
handling Child* steps, Grust et al. takes advantage of Bme/Post labelling scheme (see Chapter 3).
Recall from Section 3.3.2 that given two elementandv, Child* (u;v) holds iff prgu) < prgv) and
postv) < postu). This decision procedure translates directly into a pie@idor a selfjoin of the node
table. Thus th&XPath Acceleratoref ciently matchesChild* steps without recursive SQL queries.
Grust et al. show that all XPath axes can be decided througéyath different predicates on the node
table columns. In terms of the query model speci ed in Sec®d2, any query withm query nodes is
matched in arm-fold selfjoin of the node table. To expedite the joins, sal@ptimization have been
proposed, including th&taircase Joir{Grust et al. 2003], a new join operator to be integrated th
RDBS kernel, anghrink-wrapping a method to decid€hild* steps with a more restrictive predicate.

7.3.3 TheSTORED Scheme

Deutsch et al. [1999] describe a mixed semistructurediosial storage scheme that is at the boundary
between schema-based and schema-oblivious approachesakés use of data mining techniques for
semistructured data [Wang and Liu 1998] in order to deviselational schema that captures the most
regularly structured part of the documents. The remainatg @& collected in a so-callexer ow graph
that is not stored in the RDBS, but in a separate databasesfisguctured data. The creation of the
over ow graph may bene t from a prescriptive schema, butsloet depend on it. If a document changes,
newly inserted data that does not conform to the relaticcteéma is added to the over ow graph.

Queries against the original data in the documents arelatadsinto separate queries to be evaluated
by the RDBS and the semistructured database, respectiRegjular path expressions are allowed, but the
translation into SQL expressions is non-trivial. Besidhs, mediation between the two database systems
may cause performance issues. Although in principle angt kirsemistructured data can be handled by
the STOREDscheme, it clearly targets documents with a rather regtriactsire.

7.4 Path Indexing

Above we raised the question whether path indexing teclesifpr native XML retrieval could be exploited
in a relational retrieval setting as well. Chapter 5 has liited two advantages of indexing entire tag
paths rather than only individual elements:
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1. Path indices allow to match simple query path expressidgthsfewer joins.

2. Matching tag paths rather than singleton tags provide® s@lective search conditions, which sim-
pli es index look-ups and reduces the size of intermediataitts to be joined.

A third plus is especially relevant to query planning an@éveahce ranking:

3. Path-speci c information (e.g., the node type or statssabout the keyword distribution) need not
be stored redundantly for all elements with a given tag gaihpnly once in the path index.

These observations apply to native or hybrid retrievalesystjust as well as to XML retrieval in RDBSs.
However, among the many relational storage schemes cimcafew preserve information about entire
tag paths or at least fragments thereof. The remainder®§#ution reviews two such schemes. Similar to
the native approaches presented before, they represquattageither in atomic or compositional form.

7.4.1 Atomic Path Indexing with XRel

The XRel scheme by Yoshikawa et al. [2001] resemb}Rath Acceleratorto some extent (see Sec-
tion 7.3.2), but extends the database schema in order taresgithema-level information, as followsRel
consists of three tables that index tag paths, elementseatuht contents, respectivélyEach distinct tag
path is represented as a string which is given a unique intdgati er called path ID. A path tablewith

two columnspathexpandpathid, materializes the mapping from path strings to path IDs. Fdté ID is a
foreign key to the other two tables containing document s@dw®l their contents, respectively. Document
nodes are labelled using region encoding (see Section) 3a8l&8belling scheme similar tBre/Post that
can ef ciently decide theChild* relation. Each document nodds represented in the node table as the
qguadruple consisting ofs start and end position (according to the region encodasgyell as the path ID
of V's tag path and an integer indicating the positiorv@mong its siblings, if any. Similarly, the textual
contents of any elementare represented as a tuple in the content table — recall@hmir encoding treats
every text value as a node in its own right — that consistsast ahd end positions, the path IDwénd the
text value to be indexed.

Path queries without keyword constraints are processejbin af the path and node tables, as follows:
relevant tag paths are looked up in the path table (usinggstniatching, see below), and the selected path
IDs act as foreign keys to retrieve their occurrences in tigertable. As explained in Chapter 5 for native
path indices, this means that matching a whole query patnafthm (more precisely, retrieving matches
to its leaf node) requires just one join of the path and noldiesain contrast with then-fold selfjoin of the
node table needed with the node indexing schemes abovee tfubry speci es a keyword containment
constraint, the path table is joined with the content tabs&dad. However, this way only the position of
the matching text value is retrieved, not the containingnelet itself (this would require another join with
the node table).

Tree queries are rst divided into path expressions whoaeds are result nodes or branching nodes or
leaf nodes in the tree pattern. For instance, the XPath (@ery /people/person[name]/edu is di-
vided into the query pathgpeoplelperson , /people/person/name and /peoplelpersonfedu
Then the occurrences of these query paths are retrievedtaggscribed, through multiple joins with the
node table. Matches to the entire tree pattern are Iterddlating the join by extra predicates that decide
the Child* relation for the individual occurrences of distinct queatips, using their region-encoded node
labels. In the case ds, e.g., this might rule ouname children of person nodes for which noedu
descendant could be found.

To understand the look-up of query path expressions in ttietpble, assume the table contains, among
others, the three distinct tag pafhhs= =people =person=name p, = =people =person=profile =name
andps = =people =person=lastname as strings in thgathexpcolumn. A path query without tag wild-
cards andChild* steps could be matched simply by an equality predicate opaltigexpcolumn in the
path table. For instance, a suitable predicate for the qQery /people/person/name in SQL syn-
tax would be pathexp= “/people/person/name' , which would correctly selegi; but notp, andps.

4The presentation of théRel scheme here is slightly simpli ed in order to t the XML dataadel from Section 2.1.
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Now consider another quei@, = /people/person/name  that involves aChild* step. A na've se-
lection predicate on the path table would pathexplike ‘/people/person/%name' , using SQL's
wildcard % for matching any (possibly empty) sequence of characteesstring. However, this would
not only matchp; andp, but alsops, which is wrong. This is because usifg, one cannot distinguish
between tag names and their delimiters. Note thathexplike “/people/person%/name'  would be
incorrect too, selecting other tag paths such as, egepple =personnel =name Finally, pathexplike
“/people/person/%/name’  would correctly rule oups, but fail to selecp;.

To handle queries lik€», Yoshikawa et al. replace each delimiter™ in a tag path with the two-
character sequence &#. This way the beginning and end of tags in a query path candréed up inde-
pendently. For instanc€); is matched using the predicatépeople#/person#%/name . Itis easy to ver-
ify that this matchep; = #=people #=person#=nameandp, = #=people #=person#=profile #=name
but excludegs = #=people #=person#=lastname , as desired. However, more complex path queries
such as/people/*/name or /people/*/name  require regular expressiofs.

The atomic indexing of tag paths as stringsdRels path table has a number of disadvantages. First,
string matching on a large path table can be slow when thetgaiepredicate is a regular expression
or a suf x pattern beginning with thedowildcard. Second, the path table contains many duplicattes o
path pre xes because every tag path is stored in its entifedyn root to leaf. However, query for-
malisms like XQuery, XPath or the one introduced in Sectichsbecify path expressions in fragments
rather than as root-to-leaf patterns. For instance, thelX&§aeryQs; above contains three path fragments
(namely,/peoplelperson , nameand edu) from which theXRelprocessor must rst restore the query
paths /peoplelperson , /peoplelperson/name and /peoplelpersonf/edu to be looked up in
the path table. Third, matching tree queries I®g with XRel sometimes produces many false hits on
the schema level that are only discarded during the join #ighnode table. For instance, when look-
ing up the above query paths fQ3 in XRels path table, there is no way to select only those tag paths
which refer to the sameperson node: =people =faculty =person, =people=staff =person=name
and =people =students =person=edu are all valid matches to the three query paths, although dioey
not belong to the same schema hit. Needlessly retrievinga@nihg their respective occurrences from
the node table sometimes slows down the query evaluatiosidemably (see the experiments in the next
chapter). For recursive document collections, this cam évad to false query results. A sample query
illustrating this issue and the corresponding SQL codelfeXiRelscheme are given in the next chapter.

7.4.2 Compositional Path Indexing withBLAS

TheBi-Labelling Based SystefBLAS) by Chen et al. [2004] is so far the only relational storagesguh
for XML we are aware of that represents (suf xes of) tag paths compositional manner. The name
of the approach alludes to the fact that there are two diffekinds of labelsD-labelsfor elements and
P-labelsfor tag paths, which are used to match structural query caings on the document and schema
levels, respectively. D-labels are simply integer inté&svfallowing region encoding, as with théRel
scheme above. P-labels are generated on the y during indexind query evaluation for any tag path
suf x encountered in a document or query. A P-label is angetanterval denoting the set of all possible
tag paths which share a speci ¢ suf x. For instance, the Ifeldor the tag path suf x=person=name
represents all possible tag paths::person=name In particular, each root-to-leaf tag pail{a special
case of a path suf x) is assigned a P-label that is stored @atth occurrence @fin the node table, similar
to the path ID used b}Relabove.

The idea is to choose P-labels in such a way that given thé&aof any tag path suf x in the
query, one can easily retrieve all elements with that tady gsaf x by inspecting their P-labels in the
node table. To this end, the labelling ensures that for amytag path suf xess ands® with P-labelsPs
and Py, respectively,Ps containsPy (as an interval) iffs is a sufx of &*. OtherwisePs and Py are
disjoint. For instance, the P-label for the sufxname contains the P-label fofperson/name which
in turn contains the P-label forpeople =person=name Thus a query pate= /person/name can be
matched by selecting all tuples in the node table whose Hsloontained ifPs. This would include, e.g.,
elements reached bypeople =person=name but not those below=people =person=profile =name

SRegular expressions are not part of the SQL-92 standard 25®@LUt included in SQL:1999 [SQL3].
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(whose P-label is disjoint witRs).

P-labels, D-labels and textual contents of elements astaktd together, i.e., there is no separate path
table as withXRel Chen et al. suggest using a separate node table for all eteméh the same tag name,
similar to theEdgescheme above. Each elemeris represented as a tuple consisting/sfD-label (i.e.,
its start and end positions in the documents), the P-labekdag path as well as the level gfand its
textual content, if any. The P-labels are created on-théryall tag paths encountered during indexing,
based on schema statistics like the total number of distags and the height of the document tree. (In
this sens@BLAS uses a schema-based storage scheme.)

Similarly, when a queryQ comes in, P-labels are created for all tag path suf xe®inThe tag path
suf xes in Q are obtained by extracting all sequences of consecutiveboramchingChild steps from the
query path expressions. For instance, the tree qQary /people/person[name]/edu is cut into
four path suf xes, namely/people , /person , /name and /edu . Both the “/ " symbol denoting a
Child* step and XPath predicates indicating a branch act as bradg&gor dividing path expressions into
suf xes. These suf xes are looked up as P-labels in the naddées. The resulting four sets g@eople ,
person, nameand edu nodes are then combined through structural joins on thdatiels, in order to

Iter out those quadruples which indeed form a subtree wit$peci ed structure.

The example above illustrates that path suf xes withGaild™ steps are generally less selective than
the original query paths (e.g., compare the four suf xeg BIaAS extracts fromQs to the three rooted
qguery paths used b¥Relabove). To obtain more selective look-up predicates, Chah eropose two
optimizations. First, longer path suf xes can be createddildren of a branching query node: @,
e.g., we can uséperson/name instead of/name because thgerson and namenodes are connected
through aChild step. This might reduce the number ndmenodes participating in the structural joins.
However, the technique does not apply to théu node inQ3, because of the descendant step. Thus
BLAS still tolerates even more false hits on the schema level XRel despite its compositional path
representation. Since only pathf xesare matched in the rst place, there is no way to select cadiy
nodes below a speci qperson node in the schema tree, or even below grerson at all, let alone to
rule out combinations operson , nameand edu nodes that do not belong to the same schema hit.

The second optimization makes use of schema information¥ B (if available) tounfold (i.e.,
instantiate) path expressions likpeople/personf/edu in Qs into a set of root-to-leaf paths without
Child* steps and tag wildcards. This way few look-ups for unselegiath suf xes in the node table are
replaced with many look-ups for very selective rooted tathgan a sort of query expansion. Note that
the idea is similar to the path matching tbé&Rel performs through string matching in the path table and
that native systems realize by traversing the schema treaetr, with prescriptive schema information
as speci ed by DTDs, the query expansion proposed by Cheh it kely to produce many tag paths
that do not occur in the documents. For recursive DTDs theldinfg does not even terminate unless a
maximum length for the resulting tag paths is xed. Finallye unfolding withBLAS seems to happen
outside the RDBS, and it is not explained how this could b¢ th@se in the relational model.

7.5 Summary and Discussion

Given that today's relational database technology is eitj scalable, mature and widely deployed, the
prospect of seamlessly integrating XML retrieval with RBBIS particularly tempting. The literature
abounds with different ways to store and query XML data asesip While many approaches depend
on DTDs or other speci cations of the document structurehioase a database schema, and some use
labelling schemes as decentralized structural summafigeerelations between individual tuples, very
few relational storage schemes leverage the benet of imdegchema information with a centralized
structural summary. Systems that only index singleton et@mwith their tags, but not paths (as with
the Edgescheme) must often join large node sets to nd out that only ¢andidates are actually part of
the query result. Sophisticated join algorithms have besmeldped as a compensation (like tiaircase
Joinby Grust et al. [2003] foKPath Acceleratoy. But still experimental results such as the ones reported
by Chen et al. [2004] or those presented in the next chapter ghat path indexing can speed up query
evaluation in RDBSs just as much as in a native or hybrid envirent.

However, it makes a difference how exactly the schema indgion is represented. Most observations
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made in Chapter 5 for native path indexing also apply toietal systems. On the one hand, atomic path
indices likeXReldo prevent irrelevant elements from being retrieved antejdiin certain cases, but their
string representation of tag paths is redundant, awkwardatch and of limited use for branching path
expressions and recursive document collections. By stpgrdocument-level and schema-level infor-
mation into two distinct tables{Rel can match schema constraints without accessing the fulirdent
data, but the resulting path information is often not pre@sough to pick exactly the relevant elements
in the node table. On the other hand, the compositional ggtfesentation dBLAS is quite compact, but
produces even more false positives on the schema level{Rahand also requires query preprocessing
outside the RDBS (for creating P-labels and unfolding queitis). MoreoveBLAS stores and compares
both schema-level and document-level information in nadhets, which means larger index scans during
schema matching and more 1/0O needed for updates when then@otstructure changes.

The next chapter shows how to avoid these shortcomings te neddtional XML retrieval bene t even
more from path indexing with a centralized structural summ@heRelational CADGRCADQ presented
below is based on a compositional path representation wkistmpler and more precise th&LAS. It
builds on the interval labelling of schema nodes describedie | CADG[Weigel 2003] in Section 6.3.2.
As a matter of fact, this approach is dualBaAS in the following sense. In th€CADG the interval
label of a schema node represents all rooted tag paths wittmanon pre x. The interval of a longer
tag path is contained in the intervals of shorter ones withstime pre x. For instance, the interval for
=people =person contains the one forpeople =person=name By contrast, the P-labels used BAS
represent sets of tag path suf xes. For the purpose of agatbhgy may be regarded as interval-labelled
nodes of a modi ed schema tree containingiallerse(i.e., leaf-to-root) tag paths or path suf xes in the
documents. The examples above illustrate how indexing jpaixes rather than suf xes can reduce the
number and size of intermediate results to be joined. The cleapter explains how thRCADGtakes
advantage of this observation.
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CHAPTER
EIGHT

TheRelational CADGRCADQ

8.1 Overview

This chapter introduces thiRelational CADGRCADG, a new time- and space-ef cient approach to XML
retrieval in relational database systems. The aim of thiskvi® to bring together sophisticated XML
indexing techniques and the mature and highly optimizeaticdial technology in order to get the best
from both worlds. ThéRCADGbuilds on much of the work presented so far, most prominettiyBIRD
labelling scheme explained in Chapter 4, a decentralizedtstral summary with powerful decision and
reconstruction capabilities, and tBADGIindex presented in Chapter 6, a centralized structural sanpnm
that combines the schema tree in main memory with a matatilizof the content/structure join on disk.
The main contributions of thRCADGare (1) a relational storage scheme for @&DG and (2) query
planning, translation and evaluation algorithms that toge

1. leverage the full schema matching precision of@#&Gin an RDBS,
2. preserve its compositional path representation to ruienany false schema hits early,

3. exploit the power oBIRD reconstruction to avoid needless disk I/O and joins of lantgrmediate
results,

4. enable query planning and optimization based on path eypaded selectivity statistics and an ana-
lysis of reconstructible relations in the query, and

5. exploit standard relational techniques as much as gessib

The rest of this chapter discusses these issues in mord. déte next section explains the relational
storage scheme used by tREADGand outlines the query evaluation process from an intufiviat of
view. Section 8.3 brie y reviews the child-balancBtRD encoding introduced in Chapter 4, focusing on
how to realize decision and reconstruction in the RDBS. Basghese preliminaries, Section 8.4 describes
the nuts and bolts of XML retrieval with thRCADG including query planning and rewriting as well as
the generation of SQL code for query matching on the scherdalaoument levels. Section 8.5 reports
the results of comparing our implementations of RIEADG XPath AcceleratorandXRelschemes with
the original CADG. Section 8.6 provides a quick wrap-up of tREADGs contributions compared to the
related work reviewed in the previous chapter. The lasti@echentions some remaining issues and open
guestions.

8.2 TheRCADG Storage Scheme

This section describes a relational database scheme fargthe Content-Aware DataGuid¢CADG ) in
an RDBS. As described in Chapter 6, tBADG consists of two data structures, the schema tree and the
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i arid_|maxid|tag type level _|weight|
#0 #6 people|Element 0 45
#1 £0 #6 person| Elemen

2 1 #2 name |Element 2

3 1 5 profile |Element 2

4 3 4 edu Element 3 1
5 3 5 sex Element 1
6 1 6 gender | Element 2 3

Figure 8.1: TheRCADGpath table for the schema tree in Figure 2.@n page 8.

element table. Since the latter is ready to be stored in anRBhout further modi cation, only the
schema tree must be migrated to the relational data modeleBerve the compositional representation of
tag paths in th€ ADG the schema tree should not be stored as a list of path steagéth thexRelscheme
(see Section 7.4.1). Moreover, schema-level and docutaeeetinformation should be kept separate rather
than in one large table, as the one used byBhAS scheme (see Section 7.4.2).

A straightforward relational representation of the schémeaSis the path table shown in Figure 8.1.
The idea is to “shredSinto tuples each representing a single schema node. Toedibe@@hild andChild™*
relations inSef ciently, each schema node is labelled according toRhe&/Max encoding (see Chapter 3).
The result is similar to applying one of the node indexingesulhs mentioned in Section 7.3 to the schema
tree (rather than the document tree as proposed there).sSEaema nodp in Sis stored as a tuple

hpid; parid; maxid tag; type level weight : : i

that consists of at least the seven elds listed in Table 8.1:

eld description

pid the preorder rank op in S (assuming an arbitrary sibling order)
parid the preorder rank of's parent node inS (null for the root of §
maxid | the greatest preorder rank of any node in the subtreeSaboted inp
tag the tag name ofp in S (the last tag in the tag path corresponding tp)
type the node type ofpin S

level the level ofpin S

weight | the BIRD weight ofp (see Section 8.3 below)

Table 8.1: Mandatory elds in th®@ CADGpath table for a given nodein the schema tre8.

Further elds may be added to store tag-path speci c infadtiong e.g., statistics for query planning and
result ranking or keyword signatures for keyword-drivehesna matching (see Section 5.4.3). Examples
for such optional elds are given in Table 8.2:

eld description

csig the containment signature op in the SCADG (see Section 6.3.1)

gsig the government signature gf in the SCADG (see Section 6.3.1)

elts the number of elements with the tag path

keys the number of distinct keywords contained in elements wiltettag pathp

Table 8.2: Selected optional elds in tiRCADGpath table for a given nodein the schema tre8.

For reasons of clarity, the descriptions in this chaptenmgsthree minor simpli cations of the actual
path table as it is implemented in oRCADGbased XML database. First, we henceforth consider an
RCADGpath table consisting only of the mandatory elds in Tabl&, &inless stated otherwise. Second,
the string values in theag andtypecolumns of Figure 8.1 are given only for illustration purpssin fact
this information is encoded numerically, using a unique pirag from tag names or node types to integer
values. Finally, the actual path table has an additional @ntaining update-robust foreign keys to the
element table, as explained for tl@ADG (see Section 6.3.2).
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For XML retrieval with theRCADG the path table on disk replaces the schema tree in main mem-
ory, which is no longer needed. The element table is the sanferahe CADG (see Section 6.2). The
RCADGbased retrieval system evaluates a given XML qu@ryy (1) translatingQ into a sequence of
SQL statements involving joins of the path and element &l running these queries in the RDBS to
obtain the query result as a set of element tuples (matciied)3) returning the answer in a suitable form
(e.g., by extracting the XML representation of the queryahas from the original documents or gener-
ating it on the y). In a rst phase, schema matching takescpléhrough amm-fold selfjoin of the path
table, wheranis the number of query nodes @ This produces a preliminary result table containing all
schema hits fofQ (schema hits are introduced in Section 2.3). Schema-leatdiing takes advantage of
the Pre/Max labels in the path table to decide the ancestorship of scimamies. In the second phase the
schema hits are matched on the document level in repeatedigbihe most recent intermediate result with
the element table. Successively partial matches to schémark either completed or discarded, until all
guery constraints have been processed and the last rdslelttantains the nal query result. Document-
level matching bene ts speci cally fromBIRD reconstruction and decision. The following sections expla
all steps of this procedure in detail.

8.3 BIRD Revisited: Reconstruction and Decision in the RDBS

In Chapter 4 is has been shown how the reconstruction andideaiapabilities of théIRD labelling
scheme can accelerate the query evaluatiBRD decides and reconstructs many tree relations in the
document tree using simple arithmetic computations on mignreeement labels and tag path weights. To
take advantage @IRD for the RCADG these computations must be performed inside the RDBS glurin
guery matching on the document level (the second of the abermtoned retrieval phases). More precisely,
reconstruction and decision formulae are part of the joinstermediate result tables with the element
table, in the form of either join predicates or projectioaudes (th&VHEREJFROMarts of a SQL query,
respectively) or both.

Figures 8.2 and 8.3 on the following page list rules to dedugtable join predicates and projection
clauses for matching binary query constraints on the doatiteeel with child-balance®IRD labels. In
the remainder of this chapter we refer to these rulekasment matching rules contrast to several other
types of rule to be introduced later. In each rule, the upper @presents “input” or preconditions, i.e.,
constraints that are either given in the query or have bedaai through query rewriting (see below) or
by applying other rules. The lower part represents “outpufostconditions, i.e., deduced conditions on
BIRD labels and weights to be used in the joins, or further coim&&o be processed. The join expressions
are given in a formal notation as for the relational algefnanslations of sample expressions into SQL
can be found in the next section. Suf ce it to say here thatrdwnstruction and decision formulae in
Figures 8.2 and 8.3 on the next page are all simple enoughéeagressed in plain SQL [SQL2] without
user-de ned functions. They involve only comparison opersi (<, <=, =), arithmetic operatorsH -, the
multiplication* and themodulooperato) as well as Boolean operatoSNDOR.

Figure 8.2 on the following page summari&IfD's decision capabilities in eleven rules of the above-
mentioned form. In each such rule with a binary constré&lfiy;v1) in the upper part, the lower part
speci es predicates for selecting elemewtsn a join with the element table such thagvp; v1) is satis ed
for a given elementy. Bothvy and theBIRD weight of its tag pathp(vp) are assumed to be known. For
instance, consider the rst rule D@ﬁ,c,do, which states that the nodes in the subtree rooted in a phatic
elementyy are exactly those elements whd3&RD label is greater than or equal ¥g's label but smaller
thanvg's label plus its weight. Applied to elememg = 24 in Figure 4.&. on page 46, whose tag path
p(vo) = #3 has the weight 3 (see Figure #.2n page 46), the rule D@@ﬁdo selects asg's descendants
(includingvp) all elements/; where 24 vp:eid< 24+ 3, i.e., the elements 24, 25 and 26 in Figure&.3
This mirrors exacthBIRD's decision procedure faChild,, that is described in Chapter 4.

In the same way most other binary relations listed in Tabledh page 9 can be decided (except
i-th-Following NextEIt‘i and their inverses, which are not supported®RD), using the corresponding
rules in Figure 8.2. Note that constraints of the foﬂwen‘p(vo;vl) or Child’i (vo;v1) are rewritten into
Childy(vo; v1) and Pareng(vo; v1) earlier during the evaluation, after matching their proikynbounds on
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Childy(vo; v1) (OM2E< )
viceid vgeid N vpeid< vpieid+ p(vp):weight Child,

Pareng(vo; v1)
viceid voeid N vpeid> vpieid p(vy):weight

( Dec )

Parené

NextSib, (vo; v1) 9v, : Parenfvo; V2) (DMDeC .
viieid> vgieid A vpieid< voieid+ p(vp):weight A vi:eid modp(vp):weight= 0 NextSib,

NextSid (vo;v1)

j Dec
i . A vieid vpieid ;0 A vieid vpeid ( Nextsld)
NeXtSIbl(VO' Vl) p(vo) :weight p(vo) :weight
PrevSib (vo; vi) vy : Parenivp; Vo) \Dec

vieid< vpieid A vieid> voieid A vqieid modp(vo):weight= 0 ( MPrevsiy)

PrevSit%(vo; Vi)

DeC
. . A voeeid viieid - A vo:eid voceid - ( PFEVSIEf)
PrevSib (Vo; v1) ‘0(v0)weight i 200 weight

Following(vo; v1) (DMBES NextElt; (vo; v1) (DMPee
vieid  vp:eid+ p(vo):weight Following vi:eid> vp:eid NextElt
Precedintvo; v1) (DM PrevElt (vo; v1) (DMBeC )
vieid voeid p(vi):weight'  Frecedn viieid< vp:eid PrevEly

Selfvp; V1)

2" (DMRe
vi:eid= vgieid (DMseid)

Figure 8.2:BIRD document matching rules for deciding binary tree relati@gs/; vz 2 V).

Pareng(vo; v1)
vieid= vp:eid (vp:eid modp(vy):weigh)

(DMggen)

PrevSib(vo; v1) v, : Parenfvo;v2) ™ vp:eid i p(vp):weight> vs:eid (DMRe )
vieid= vpieid i p(vp):weight PrevSi

NextSid(vo;vl) 9vy : Parenfvp;v2) N vp:eid+ i p(vo):weight< vy:eid+ p(vo):weight
vi:eid= vp:eid+ i p(vg):weight

R
(DM Ng)((:tSIq )
Selfvo; V1)

( Re
vi:eid = vg:eid

Self’

Figure 8.3:BIRD document matching rules for reconstructing binary treati@hs {/o;v1;v2 2 V,i 2 IN).
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the schema level (see Section 8.4.2). Therefore no furttes for these relations are needed at this stage.

The four decision rules foNextSiband PrevSibin Figure 8.2 expect as input tt&RD label and
weight not only ofvp, but also of its parent,. Similarly, the rule Dl\gfe%ed,-ngcan only be applied when
given the weight of the elemenis to be selected. The evaluation procedure presented in #is@etion
makes sure that (1) during schema-level matching all requiveights are extracted from the path table
and (2) during document-level matching only rules for coaists R(vo; v1) are applied for whichvg (and
possiblyv,) is known, either from previous joins with the element tatniéhrough reconstruction (see the
next paragraph).

Figure 8.3 on the facing page lists the most important recocison rules for theBIRD scheme. For
any constrainR(Vp; v1) in the upper part of a reconstruction rule, the singlggimage ofvy can be com-
puted from theBIRD label and weight ofjy as speci ed in the lower part of that rule. Like in the decrsio
case, some reconstruction rules require as additionat itneulabel and weight ofp's parentv, or the
weight of the element; to be reconstructed, which are retrieved earlier duringetfzduation process. For
instance, to match a query constraidrent, which is rewritten toPareng after schema-level matching,

the rule D aefené can only be applied when botl and the corresponding parent weigtft/1) :weightare

given. Forvg = 24 in Figure 4.3.0n page 46, e.g., we know from schema-level matching#f®tag path
p(v1) = #1 has the weight 9 (see Figure $.®n page 46). Thus thBIRD label ofv; is reconstructed as

viieid= 24 (24 mod 9 = 18 according to the rule D ,Cené. Note that apart from the trivial reconstruc-
tion of the Selfrelation (rule DMES¢in Figure 8.3), only ancestors and preceding siblings atrbitrary,
but xed distancd can be reconstructed with tRRECADG Other reconstructible relations (see Table 3.1 on

page 20) are not considered here.

8.4 Query Evaluation with the RCADG

1 /I evaluateQueryRCADG query evaluation from scratch
2 /[ ! Q:the query to be evaluated

3 procedure evaluateQueryQ: query)

4 /I schema-level matching

5  call rewriteSchemalevéQ) /I see Section 8.4.1
6  call matchSchemalevg)) /I see Section 8.4.2
7 /I document-level matching

g8 call rewriteDocLeve(Q) /I see Section 8.4.3
9 P := call createPlanQy,Qc) /I see Section 8.4.4
10  forall stepss2 Pdo

11 call matchDocLeveQ, s) /I see Section 8.4.5
12 endfor

13 [/ projection to result nodes
14 call createResulfQ) /I see Section 8.4.6

15 end procedure

Algorithm 8.1: RCADGquery evaluation from scratch. The inputis a qu@ry hQy; Qc; Qri to be evalu-
ated, wher&)y is the set of query node®, the set of query edges a@ the set of result nodes @.

The top-level evaluation procedure for tRE€EADGis given in Algorithm 8.1. As mentioned before,
query evaluation is divided into two phases. In phase 1, tlegygconstraints are processed on the schema
level (lines 5 to 6), typically at a negligible join cost ssthe path table is rather small. Initially some
rewriting attempts to minimize the query and prepares iteiaaluation with theRCADG (line 5). The
remaining query constraints are then translated to a sBQle statement expressing a selfjoin of the path
table (line 6). This produces a rst intermediate result ba schema level consisting of tuples of schema
nodes that together form a matching to the entire query gfidugtschema hitsas de ned in Section 2.3).
The schema hits are stored as rows in a temporary table wittmos for the labelspid) and weights
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sid|p1|p2|p3|p4|wl|w2|w3|ws
el ##2|#a|#5] 9] 21111

a. intermediate resul@_s; after phase 1

sid| p1 | p2 | p3 | p4 |wi|w2|w3|ws|ed]|el
| #|#2 | #4#5] 9] 21111 [26]18
W #l#2 | #4a#5] 9f 211 [ 1 [34]27

b. intermediate resul_s; after steps; in phase 2

D

sid| p1 | p2 | p3 | p4 |wi|w2|w3|ws|ed]|el]|ez
Ol #|#2 | #4#5] 9] 211 11 [26]18 21
] #l#2 #41#5] 9] 211 [ 1 [34]27]30

c. intermediate resul@_s, after steps, in phase 2

I

sid| p1 | p2 | p3 | p4|wi|w2|w3|wi|led|el|e2]el3
Ol #|#2 | #4 #5] 9] 2] 111 [126]18]21]25

d. intermediate resulp_s; after stepsz in phase 2

[18 [21[25]26 |

e. nal resultangQ) after phase 2

Figure 8.4:RCADGresult tables for the que in Figure 2.2b. on page 10. The SQL code for computing
the results comprises ve statements, given in Figures 862 and 8.17 (see pages 105, 113 and 117,
respectively). Four intermediate result tables are ctkatee in phase la() and three in phase d.£d.).
These tables may be stored persistently to build up a quetytreache (see Chapter 10). The nal answer
to Q (e) is extracted from the result table dhlt is visualized as subtres in Figure 2.1e.on page 8.

(weigh) of all schema nodes in a tuple. Such a result table is showigimre 8.4a. for the sample quer§
in Figure 2.2. on page 10.

In the second evaluation phase (lines 8 to 12 in Algorithm),8ukther rewriting removes query con-
straints that have been fully catered for on the schema (#uel 8). Then the query is matched on the
document level, based on the intermediate schema-leudt femm phase 1. Step by step occurrences of
tag paths in the schema hits are retrieved from the elembl&, tehecked against the query constraints,
and possibly added to the next intermediate result tabkeKggures 8.4—-d.). Where applicable, recon-
struction is used to avoid expensive joins with the elemablet First a query plan is created (line 9 in
Algorithm 8.1) that speci es which binary constraints dha reconstructed and in which order the oth-
ers shall be decided. This also determines which occursemeeobtained through joins with the element
table, and in which order. Each step in the constraint-aglylan comprises a number of joins of the
most recent result table with the element table, togethtr keiconstructions and decisions, and produces
another table with the updated intermediate results. A prajection of the last intermediate table onto all
distinct matches to the result nodes in the query (line 1d)lpces the nal answer (see Figure 84 The
rest of this section explains all evaluation stages in Hetai

8.4.1 Schema-Level Query Rewriting

Before the actual matching takes place, the query is pregsad in order to eliminate unneeded query
nodes and redundant constraints. Note that the underlyiag/gewriting is designed for tiRCADGand
BIRD and by no means exhaustive. However, the rules below araigems hence applicable to other
retrieval scenarios, too. We only sketch a couple of basigitiag rules here. A thorough analysis of
minimization techniques for XML queries is beyond the scopthis thesist

IXML query rewriting and optimization in different appliégah scenarios has been studied, among others, by
McHugh and Widom [1997], Amer-Yahia et al. [2001], Zhanglet §2001; 2002], Ramanan [2002], Olteanu et al. [2002],
Pilar [2002], Grust et al. [2003], Flesca and Furfaro [2083§ Jagadish et al. [2004].
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It has already been mentioned that query rewriting is trigdéwice during the evaluation procedure,
namely, once before schema-level matching (phase 1) anel again before document-level matching
(phase 2). The different rules that rea applicable in eigerse are described here and in Section 8.4.3,
respectively. It is not hard to prove that all these ruleseree the query semantics. Note that during
the rewriting, any binary query constraiRi(g; g9 and its inverséR 1)!(q%q) are treated as interchange-
able. In the sequel, l&Rpox = f ParentChild, NextSih PrevSihNextElt PrevEIg be the set of binary
proximity relations (see Section 2.1). The following queeyvriting rules are used by the procedure
rewriteSchemalevelt the beginning of retrieval phase 1 (see Algorithm 8.1 ayepk01):

Adding query edges. The source and target node of aRgevSibor NextSibedge (with or without prox-
imity bounds) are linked to the same parent node in the quapty If exactly one of the two sibling nodes
has an outbounﬂ’areni edge (or inbound:hild% edge), then anotheF?areni edge is added that links the
other sibling to the same parent. Otherwise, if both silsiage connected to different nodes Aarent
(or Child}) edges, then these two nodes are linked ISe#constraint. If neither sibling is involved in a
parent/child constraint, twBarent edges to a single new parent node are created.

For instance, consider the query in Figure&.6n the following page that contains two binary query
constraintsNextSil{ges; 0s) and Paren(us;ds), among others. Since every matchdgis necessarily a
sibling of a match togs and therefore has the same parent node, we can safely add aonstraint
Parentgs; q4) (see Figure 8.6.). Without theParen{gs; qs4) edge in the original query ia., a new query
nodeq; would be created with two edgé¥aren(qs; qz) and Parenfqs;q7). Conversely, ifgs were linked
to an exiting query nodg; by a Parenkedge, then a new edd#e/{q7; q4) would be added instead.

The purpose of this treatment of sibling nodes is twofoldrstriit allows to infer further selection
predicates from the newly addefelfedges. Moreover, making implicit parent/child relatioxpleit
through additionalParentedges allows to take these relations into account duringyqol@nning (see
Section 8.4.4). In particular, the query planner might aptrhatching the expliciParentconstraint at a
certain point during phase 2 in order to apply one of BieD document matching rules for deciding or
reconstructing the sibling relation afterwards. Recalhirthe previous section that these rules require the
respective parent nodes to be known (see rulegﬁ\}qu, DMmPec . pmbec DMEEE{S, . in Figure 8.2

Prevsit)’ NextSib, * it]
and rules DNE® ., DMReC . in Figure 8.3 on page 100).

evSily’ NextSit}

Merging query nodes. All (new or existing) binary query constraints are analytethergequery nodes
which must have the same set of matches. For instance, glilmairrs reached from a given query node by
Paren}tedges i(2 IN) are merged. The same applies to all other functional qummgteaints, i.e.l,\lextSid,
NextEld, PrevSii, PrevEIt, and Self The unary constraints involving two nodes to be merged rbest
compared in order to reconcile their tag names, node types|d and keywords. If this is impossible
(e.g., when a query node representing only elements antiemguery node representing only attributes
are linked via aSelfedge), the query is rejected as unsatis able.

proximity rst second result

lower [ R; (qo;o1) | Rjo(do;d) | Ripaxrisio(%os o)
R (q0;00) | R" (qosan) | R™7(qo;an)

upper | R' (qojqw) | R (do;an) | R (Qo; A1)
R (90;01) | R (goim) [ R (do; A1)

Table 8.3: Adjustment of proximity bounds when merging aéb@pping binary query constrainisi¢  0:
lower boundsj;j® 0: upper bounds;: unspeci ed upper bound). Two query edges of typ& Rprox
fromqp to q; (rst, second are replaced with a single query edge of typ&om qp to gz (resuld.

Merging overlapping query edges. Each pair of edges of typR 2 Rpiox thatoverlap i.e., share the
same source and target node, is replaced with a single ediypeR. The upper and lower proximity
bounds of this new edge are determined as speci ed in TaBleRr instance, when two edgParent,
Parent, with different lower proximity bounds;i ® connect the same pair of query nodes, the resulting

Structural Summaries as a Core Technology for Ef cient XMétfeval 103



8.4. QUERY EVALUATION WITH THERCADG

Q2 |watches profile q4 Q2 |watches profile q4
Y . A A @open_
Parent; Parent Parent] auction
% ) (a8
@open_ NextSib gender @open_ NextSib gender PrevSib gender

auction "female” auction "female” "female”

a. original query b. rewriting in phase 1 c. rewriting in phase 2

Figure 8.5:RCADGquery rewriting. a. A sample query against tbéarkbenchmark collection [XMark].
Result nodes are shadedb. The query ina. after the rst rewriting for matching on the schema level
(phase 1). c. The query ima. after the second rewriting for matching on the document lgpease 2).

merged edge inherits the stricter condition (i.e., the grelawer bound), as speci ed in the rst row in
Table 8.3. Note that this rule applies regardless of the uppends of the two edges (symbolized by the
ellipsis “...”"), which are covered by one of the other threkes.

Collapsing transitive query edges. Unselective query nodes cause many tuples in the elemdatttab
be selected and joined, and should therefore be eliminateshewver possible. In particular, queries may
specify unselective nodes which are neither part of the ansar needed for path joining. To eliminate
such useless parts of the query, we remove all intermed@tesnbetween two edges of tyB2 Rpox

in the same direction from the query and replace the two edgfbsa single direct connection of typge
unless the intermediate node satis es any of the followingditions: (1) it has unary constraints to be
matched; (2) it is also reached by other than the two edgeséstimpn; or (3) it is a result node. In all
remaining cases the node contributes neither selectiatigates nor join predicates nor projection clauses
to the SQL queries to be created.

For instance, consider the sample query in Figurea8.9he query node, has two inbound edges,
Child(a1; o2) andPareni(as; gz). The Child edge is equivalent to the inverse constrdtarenfa; q;), as
mentioned above. Thup is an intermediate node betweerRarentdges in the same direction. However,
it cannot be removed because of its tag constraint, whickdergial to the query semantics. Without the
tag constraintg, would be removed and the two query edgegi@ndqs would be replaced by a single
edge linkinggs to q; directly. Table 8.4 summarizes the rules émilapsingtwo edges in this way, i.e.,
replacing them with a single transitive one that links therse of the inbound edge directly to the target
of the outbound edge. As shown in the table, lower and uppeximity bounds add up, if specied
(otherwise “don't care” symbols prevail). Again the eliipé...” is a placeholder for ignored bounds to
which appropriate rules in Table 8.4 apply in turn.

proximity inbound outbound result
lower | R (Qoiq) | Ryo(01;2) Ri.io (GoiG2)
R (qoitw) | R (quap) [ R™ (doiap)
upper  |LR (Goith) | R (0;Gp)
R (qo;oh) | R (qu;op) R (doi%)
R (9o:91) | R (91;02)

Table 8.4: Adjustment of proximity bounds when collapsiransitive binary query constraintsi®  0:
lower boundsj;j® 0: upper bounds;: unspeci ed upper bound). Two query edges of typ& Rpyox
from qg to g1 (inbound and fromq; to g, (outbound are replaced with a single query edge of tyRe
from qg to gz (resuly.
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CREATE
TABLEQ s0 AS -- create new result table
SELECT
createSchemaHitl) AS sid, -- create fresh schema hit ID
PT1.pid AS pl, PT2.pid AS p2, -- add schema node labels
PT3.pid ASp3, PT4.pid AS p4,
PT1. weight ASwl, PT2.weight AS w2, -- add schema node weights
PT3. weight ASw3, PT4.weight AS w4
FROM
PathTable PT, PathTable PR, PathTable PB, PathTable P® -- selfjoin of path table
WHERE
PT1.tag = “person' AND PT2.tag = ‘name' AND -- match tag constraints
PT3.tag = "edu’ AND PT4.tag = “sex' AND
PT1. type = "Element’ AND PT2.type = 'Element' AND -- match node type constraints
PT3.type = "Element’ AND PTA4.type = "Element’ AND
PT2. parid = PT1. pid AND -- decide Child(qz;dp)
PT3.pid > PT1. pid ANDPT3. pid <= PT1. maxid AND -- decide Child,(q1;a3)
PT1. pid < PT4. pid ANDPTL1. maxid >= PT4. pid -- decide Parent(qs;d1)

Figure 8.6: SQL code for evaluating the qué€¥yn Figure 2.2b. on page 10 on the schema level (phase 1).
A selfjoin of the path table produces the rst intermediageult table containing a single schema hit (see
Figure 8.4a. on page 102). The table has elds for a schema-hit identisd,(created on the y by the
functioncreateSchemaHitlQ) as well as for the schema node labg@sandBIRD weights (v) of all nodes

in the schema hit. Each pair of colummsandw; corresponds to the query nogen Q.

8.4.2 Schema-Level Matching

After the initial rewriting, all S-constraints in the query are matched on the schema leval m-fold
selfjoin of the path table, whemais the number of nodes in the rewritten query. The outcomabisfjbin

is a rst intermediate result table containing all schem for the query, which will later be joined with
the element table (see Section 8.4.5). Figurea8ah page 102 shows the schema-matching result for the
queryQ in Figure 2.2b. on page 10. The sample query has only one schema®jtwhich is shown as a
tree in Figure 2.&.0on page 8. This schema hit occupies one row in the result,tafilea unique identi er
created on the y (columsidin Figure 8.4a.). The remaining elds are the labels and weights of all nodes
in the schema hit (columnsandw in Figure 8.4a., which correspond to thpid andweight elds from

the path table in Figure 8.1 on page 98). For query planntagstcal information about the schema node
may be taken from the path table, too (omitted in Figuree§.4

Generating SQL code. The procedurenatchSchemalevedlled in line 6 of Algorithm 8.1 on page 101
is responsible for generating and executing the SQL codectkates the rst result table during phase 1.
The sample code corresponding to the table in Figur@8sigiven in Figure 8.6. ThEREATEELECT
andFROMlauses are easily derived from the given qu@ry be evaluated, as follows. The result table is
calledQ_sy (denoting step 0 of the evaluation@j. SinceQ has four nodes (see Figure ®.2n page 10),
four instances of the path table (calledthTablehere) are joined, and the result is projected onto the path
labels and weights as described above. The calidateSchemaHitlD in the SELECpart is a placeholder
for generating fresh identi ers for rows in the result tabhkéhich are needed when reusing cached query
results (see Chapter 10). It can be realized using, e.gstamyspeci ¢ autocounter function.

To generate th&VHERgEart of the statement in Figure 8.6, one must (1) choose thasstraints inQ
that shall be matched on the schema level and (2) translase ttonstraints to suitable join conditions.
These two tasks are guided bghema adaptation rulemdschema matching rulesespectively.

Adapting query constraints to the schema level. The schema adaptation rules for READGare listed

in Figure 8.7 (for unary constraints) and Figure 8.8 on tiefdng page (for binary constraints). Rule §A
in Figure 8.7 states that the tag, root, level and type caims on any query node apply directly to the
schema nodes that match this query node (because theSecanstraints, as de ned on page 11). By
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R(qo) R2 RinfContaing; Governgg R(qo) RZ2f Containg; Governgg
R(p(vo)) RYp(vo))

Figure 8.7:RCADGschema adaptation rules for unary query constrafpts){ 2 Qy; Vo; Vi1 2 V; v; denotes
a document node matchirmyg).

(SA1)

(SAo)

R(qo;q1) R2f ParentChild, Selfy
RAp(vo); p(v1))

R(qo;q1) R2f NextSihPrevSihSiblingg
Sibling{p(vo); p(v1)) " : Roo(p(v1))

(SAg)

(SA7)

R(do;q1) R2f Following PrecedingNextElg
: Rootp(v1))

Figure 8.8:RCADGschema adaptation rules for binary query constraipgyg 2 Qy; Vo;vi 2 V; v, de-
notes a document node matchigy Proximity bounds are preserved.

(SAY)

Tag,(p) Tag_(p) to;itm2 T Rp) R2T
0 2T, o RD Rl
Level(p) Level(p) Roofp)
p:level= i (SM,evey) plevel i~ pilevel | (SMLe"e’j) LeveB(p) (SMroo)
Containg (p) Containﬁm(p)- | Eo;:::;kmz K M o)
(s(ko) g g s(km) t picsig= > ontaing
Governg (p) Governg (p) _ ko;::t km2 K (Mg
(s(ko)g qgs(km) t pgsig= >

Figure 8.9:RCADGschema matching rules for unary query constraip& P; i < j 2 IN). In the last two
rules, s is the signature creation functior; denotes a keyword signature with all bits sett ; are

bit string operators for bitwise conjunction, disjunctiand inversion, respectively; arg=t org=u
depending on whether the keyword constraintp@ne marked as conjunctive or disjunctive, respectively.

Childpo; p1) Child(po; P1)

——————— (SM; SM.~, .
p1:parid = po:pid (SMei) p:pid popid A pupid po:maxid (SMenian,)
Child®(po: p1) Child®(po; p1)
’ SM S 300 ! SM o0
Child®(po; p1) " (SMepiger) Child®(po; p1) ~ ( Ch"doji)
p1:level= po:level+ i pi:level polevel+i ™ pilevel pp:level+ j
SiblingYpo; p1) Self{po; p1)
plparld — popal’ld (SMSiblingo) m (SMSEHO)

Figure 8.10.RCADGschema matching rules for binary query constraipgspy 2 P; i < j 2 IN). The rules
SMe,en SMParen@O, SM and SMPa . are omitted for simplicity. They are symmetric to the rules
and SM

ren@!
SMepiigo, SMepigo, SMChildf’} chiidd’
of schema nodes. For a lower proximity of 1, replagmid  po:pid with py:pid > po:pid (SMCh,,dol).

Parenf!
respectively. Note how SMﬁIdOO exploits thePre/Max labels
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contrast, keyword constraints can only by matched appratdtyon the schema level (rule $Aand only

if the path table contains keyword signatures (thiggandgsig elds mentioned in Section 8.2). Similarly,
Parent Child and Selfconstraints in the query translatefaren?, Child® and Self’ constraints on schema
nodes, according to rule SAn Figure 8.8. Rule SAspeci es that the only the unordered sibling relation
can be matched in the schema tree and that the root node dbkawsosiblings. The other binary tree
relations cannot be matched on the schema level at all, beaisttwe can infer fronfrollowing, Preceding
andNextEltconstraints in the query that the schema root cannot magihttivget node (rule SA. This

is because its only occurrence, the document root, is thtenade in document order (and hence not in the
Following or NextEltimage of any other element) as well as the ancestor of adfr@lements (and hence
not in theirPrecedingmage).

Matching query constraints on the schema level. The schema matching rulesin Figures 8.9 and 8.10 on
the preceding page determine how to translate unary andytinastraints on schema nodes (as produced
by the schema adaptation rules) to join conditions on thh faile. The rst two rules in Figure 8.9
simply match tag and type constraints againsttégeandtypecolumns in the path table. Likewise, level
constraints with xed proximity bounds translate to an difyacheck on thelevel column, while level
ranges translate to a range check (ruIesLeSVgﬁl and SMeverJi' respectively). Rule S, is justi ed by

the fact that the root is the only node at level 0. Keyword t@msts are handled by rules S:lyj“am;g
and S'Vhovemg’ if applicable, which respectively check containment andegnment signatures in the path

table. The bit string manipulation in the lower parts of batkes re ects the way keyword signatures
are compared (see Section 5.43)ranslating these conditions involves the SQL operatorbiivise
conjunction (‘&"), disjunction (| ") and inversion (*"). Thus the keyword-driven schema matching with
keyword signatures, as described in Section 6.3.1 foStBADG can be mimicked in the path table of the
RCADG

Finally, the rules in Figure 8.10 translate binary consitisdon schema nodes that result from the schema
adaptation rules in Figure 8.8. The parent/child relatiequires a mere equality comparison on e
andparid elds of the schema nodes (rule S§ly,,0. The SMenigo, rule exploits thePre/Max labels in
the pid andmaxid columns of the path table to decide ancestorship betweerstwema nodes, like the
ICADG described in Section 6.3.2. The proximity variants§M0= and SMcm/doi additionally check the
level difference of the two schema nodes. Ruleggly| o states that two schema nodes are siblings if they
have the same parent$ The Self°relation on schema nodes is checked through a simple cosopeot
their unique labels in thpid column (rule SM,0).

8.4.3 Document-Level Query Rewriting

As shown in Algorithm 8.1 on page 101, the second retrievalsphbegins with another round of query
rewriting. This time the goal is to eliminate parts of the guthat contribute onlys-constraints, which
are not matched on the document level. The following quewyritimg rules are used by the procedure
rewriteDocLevetalled in line 8 of Algorithm 8.1:

Removing query nodes. In phase 2, after a-constraints have been fully processed on the schema level,
some query nodes are no longer needed. As in phase 1, thissfophodes that contribute neither selection
predicates nor join predicates nor projection clausesedSIL queries to be created for document-level
matching. In particular, we remove every query node whidcis & all of the following conditions: (1) it
is not a result node; (2) it has no keyword constraint; andt ({8)connected to the rest of the query graph
by a singleSelfor inboundParenbr outboundChild edge (with any proximity bounds, if applicable).

It is easy to verify that this preserves all information whis needed the match the query on the
document level. For instance, consider the qu@tin Figure 2.2a. on page 10. Assuming that the nagfe
is not a result node, it can be safely ignored during docustesrel matching because it contributes only
tag (and perhaps level) constraints, which have already pesessed on the schema level (see the next

2Earlier work on theSCADG [Weigel et al. 2004a] explains the choice of the bit stringrayporq for keyword conjunctions and
disjunctions in Figure 8.9 on the facing page.

Structural Summaries as a Core Technology for Ef cient XMétfeval 107



8.4. QUERY EVALUATION WITH THERCADG

section). As a matter of fact, in the schema hits retrievathdiphase 1 all tag paths matchiq% are of
the form Iperson/profile/sex . Therefore there is no need to matqﬁmn the document level. Of
course, ifg] were reached by, say,extSibor NextEltedge rather than Barenedge, the rule would not
apply since sibling constraints are not fully matched onsttteema level.

Collapsing transitive query edges. A similar argument concerns intermediate nodes in a chatwof
transitive Parentor Child edges in the query. The two edges can be collapsed and thmétdmte node
removed unless it is a result node or has keyword constraiitis collapsing rule for phase 2 differs in
two respects from the one described in Section 8.4.1 forgphaen the one hand, it applies onlyRarent
and Child edges; on the other hand, it covers even intermediate noitlesag, type or level constraints
because foParentind Child these have been fully catered for on the schema level.

For instance, consider the query shown in Figurea8dh page 104 again. In phase 1, the two edges
Parent(qs; gz) and Child(qs;02) (which is equivalent taParen(y; q;)) could not be collapsed (see Fig-
ure 8.5b. on page 104) because the intermediate nggdéas a tag constraint. In phase 2, however,
the tag constraint o, has become dispensable since all matchegztbave a tag path of the form
Iperson/watchesfopen _auction anyway. Hencey, is removed from the query and the two adja-
cent edges are replaced with a single efigeens(qs;g;) (see Figure 8.6.). Note the lower proximity
bound 2 resulting from the adjustment rules in Table 8.4 ayed04.

8.4.4 Query Planning

As mentioned before, the document-level matching is peréar stepwise according to a query plan cre-
ated immediately after the second query rewriting. The gpéan determines in which order the query
nodes are matched, either through joins with the elemete tabthrough recontruction of binary query
constraints. The planning goals are (1) to avoid as man jwiith the element table as possible by ex-
ploiting the full power ofBIRD reconstruction, and (2) to minimize the number of tuplesierimediate
results by probing the element table with the most seledbrestraints rst (e.g., rare query keywords).
Obviously con icts may arise between these two goals (sé@)e To simplify the understanding of the
main idea, this section describes an algorithm that proslacgngle query plan for a given query, based on
and a na've but effective optimization strategy. The nakiection explains how exactly to realize joins,
reconstruction and decision in the RDBS. For now we are oohcerned with methods to arrange these
steps for ef ciently evaluating a given query.

Query plans. A query plan Pis a sequence ddvaluation stepsEach evaluation stepis a triples=
hJoins; Reg; Deci whereJoing is a set of query nodes to be matched in seprough joins with the
element table, anBeg andDeg are sets of binary constraints to be reconstructed and eaidsteps,
respectively. Figure 8.11 on the next page depicts two sauuoery plans involving joins, reconstruction
and decision. As illustrated in Figure 8.4] the planP® in b. matches the quer§ from Figure 2.2. on
page 10 in three steps. In the rst stesﬁ, Join, = f 40 means that matches to query nagere retrieved
by joining the schema-matching result from phase 1 (Figud@8on page 102) with the element table
(Figure 6.1 on page 82). Given tB¢RD weights in the intermediate result, the ancestors of thieseants
that matchg; can be reconstructed on the vy, without the need for anothement-table join. This is
indicated by the red edge in Figure 8d.1and speci ed aReq = f Paren{(qs;01)g in Figure 8.11b.
By contrast,Deg = fg since the twoChild constraints inQ cannot be reconstructed wiIRD. The
intermediate result table produced by sﬁ%ps shown in Figure 8.4. on page 102.

Inthe next stepsg, this table is joined with the element table to obtain theahes tog, (Join =  g20).
Now the Child(qy; g2) edge inQ can be decideddec, = f Child(g1;02)g), which yields the intermediate
result in Figure 8.4. on page 102. Similarly, stesg joins gz and decide<hild,(d1;0s). This produces
the result table in Figure 8dl which contains all matchings 1Q (since all query constraints have been
matched in the three evaluation steps). The query Pfathus speci es a way to answe€) using three
look-ups in the element table, compared to four look-upsiadevithout structural summaries (e.g., see
Sections 7.3.1 and 7.3.2). The second query in Figure@ illlistrates a case where the bene t of the
RCADG:is even greater. As shown in the query plan in Figure 8.1this ve-node query can be matched
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a. the queryQ from
Figure 2.20. on page 10

c. the query from Figure 8.6 on page 104
plan PQ = he?; s3; <3

steps? = hloin; Req; Deqi plan P = hg; i
Joing = faug steps; = hloin; Req; Degi
Req = f Paren{(qs;d1)9 Joi, = fasg
Deg = fg Req = f
Q — ninin. . ; Parenfds; da);
steps; h]oinz, Reo; Deoi Parent(qs; au);
Joinp, = fapg PrevSilfgs; ds)
Reg = fg g
Dee = f Child(gi;02)g Dec, = f Parenfds;ds)g
stepssQ = hloing; Re; Degi steps, = hloiny; Ree; Deoi
Joing = fasg Joip = fasg
Reg = fg Ree = fg
Decg = f Childy(d1;03) 9 Dep = fParent(gs;di)g
b. plan for the quern@ in a. d. plan for the query irc.

Figure 8.11:RCADGquery plans for the queries in Figure ®.2n page 104~b.) and Figure 8.5. on
page 104¢—d.). In a. andc., blue colour indicates query nodes matched through joitis thie element
table, red colour stands for nodes and edges matched threaghstruction, and green colour highlights
query edges matched through decision.

in two steps with only two look-ups in the element table. Canag to the schema-less approaches men-
tioned aboveBIRD reconstruction saves three index look-ups and possibhhrti@cin this example. The
positive effect of such query planning on the runtime perfance in also re ected in the experimental
results (see Section 8.5).

Planning algorithm. The two query plans in Figure 8.11 are produced by the praesuleatePlanthat

is called in line 9 of Algorithm 8.1 on page 101. The pseudeciod createPlanis given in Algorithm 8.2

on the following page. The procedure accepts as input Kgef query nodes to be matched and another
setMc of query edges between these nodes. When evaluating frattgarreatePlanis called for all
query nodes and edges in a given quéxyi.e.,My = Q, andM. = Q.2 First an empty query plaR is
created (line 7). The sé&, initialized in line 9 keeps track of all query nodes that am@teched during the
execution of the plan, either by element-table joins or lyprestruction.

The outermostor loop (lines 12—48) otreatePlanexamines each of the given query nodeMinto
determine which ones shall be matched through a join witletbment table and which ones can then be
reconstructed on the y. For each nod@ M, to be joined, a new evaluation stefs added td® andJoing
is initialized withq (line 17). Then thdor loop in lines 20—36 examines nodgkand edges in a breadth-
rst traversal of the subgraph @ that is reachable from, using a queu#?. Inbound edge&(q® g) may
be replaced with their equivalent outbound invefRel)(q; g9, as during query rewriting. Edges that are

3Different parameters may be givendreatePlanwhen a query cache is used, see Chapter 10.
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1 /I createPlan RCADG query planning

2 I/l ! My: the set of query nodes to be matched
3 /I ! Mc: the set of query edges to be matched
4 1 the query plan to be devised

5 procedure createPlan(My, Mc)

6 /I create an empty query plan
7 P :=a new empty query plan

8 /I remember \known" nodes that have been matched meanwhilel, My)
9 KV = 0

10 // for all nodes in My, reconstruct as many edges iVl as possible
11 // start with nodes that are selective and support much recortsuction
12 for all g2 My in a suitable ordedo

13 /I join g in a new steps unless it is already known
14 if g2 Ky then nextin loop end if
15 Kv:=Ky[f qg
16 s:=anew empty evaluation step
17 Joins :=fqg
18 P:=P[f 59
19 /I starting from q, follow all reconstructible edges iMc
20 for MQ:=f qg while M96 0 do
21 q°:= call removeFirs(M?)
22 for all edges: leavingg®do
23 if c62Mc then nextin loop end if
24 o := the target node af
25 if gt was reconstructed frompthen
26 next in loop
27 end if
28 if g 2 Ky or gt 62Vl then
29 Deg := Deg|[f cg
30 else ifcis reconstructiblehen
31 Reg :=Reg|[f cg
32 MO:= MO[f qrg
33 Kv :=Ky[f ag
34 end if
35 end for
36 end for
37 /I use extra steps to match keywords of nodes reconstructed istep s
38 if Reg6 0then
39 forall c2 Regdo
40 o := the target node af
41 if g¢ has keyword constraintien
42 s:= a new empty evaluation step
43 Joing := Joing[f qig
44 P=P[f 5
45 end if
46 end for
47 end if
48 end for

49 /I return the query plan
50  return P

51 end procedure

Algorithm 8.2: Query planning with thRCADG The input consists of two seltd,; M. of nodes and edges
in a query to be matched. The output is a suitable queryplm evaluating the given query constraints.
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not in the given sl of edges to be matched are ignored (line 23; this does noemaphen evaluatin®

from scratch). Edges to nodes that have been matched be&deeaided (line 29) since in this case the
current intermediate result contains already pairs of het¢o both endpoints of the edge. Edges to yet
unmatched nodes M, that can be reconstructed are adde®és; (line 31). Each target nodg of such

an edge is appended to the quédg so that in the end all chains of reconstructible edges fjganodes

in My are reconstructed in the current seplrhe check in line 25 makes sure that each edge is matched
only once. Non-reconstructible edges to nodddjrare ignored at this stage. Note, however, that they will
be either decided or reconstructed later, when their tawge is visited as nodgin a subsequent iteration

of the outermostor loop. The time and space needed for query planning erglatePlanis linear in the

size of the given sd¥l; of query edges.

For instance, reconsider the query shown in Figure 8.Dh page 109. In the rst iteration of the
outermost loop increatePlan a new steps,; is created forgq = gs, thereforeJoiny = fgsg (line 17 in
Algorithm 8.2). In lines 20— 36, the nodgg, g4 andq; in My are visited and the corresponding edges are
added toRegq (line 31). Only the edge fromg to g4 is decided because these two nodes have just been
matched through reconstruction (line 29). The effgeens(gs; 1) cannot be reconstructed from and
is therefore ignored in the rst step. However, singe2 M,, one of the subsequent iterations will start
from g and match this edge—through decision, becaydeas already been matched in sgggline 29).

All other nodes inVly (g1, g4 andgg in Figure 8.11k.) are immediately skipped in the outer loop (line 14).

As shown in the next subsection, keyword constraints ariéydsndled when matching a query node
through a join with the element table. However, a little exireatment is needed when the matches to
a query node with keyword constraints are obtained throegbmnstruction rather than an element-table
join. For example, if the query nodg in Figure 8.1%. had a keyword constrai@ontaing(qs) for some
keywordk 2 K, then the plan in Figure 8.1l would be incorrect because matchesgjjare never looked
up in the element table to see whether they really containcaaroence ok. Therefore in lines 38—47
of Algorithm 8.2, all query nodes matched through recort$ion in the current evaluation stepare
examined once again. Those with keyword constraints aredsdéd for an extra join with the element
table in subsequent steps (line 43). In the above exampleyowtd have to add a third stegp to the
query plan in Figure 8.1d. with Joing = f q409, Reg = fg andDeg = fg. Note that although the bene t
of reconstruction on the runtime performance is reducediai €ases, this plan is still preferable to one
whereq, is matched through a join right from the start, for two reasoRirst, reconstructing, allows
to reconstructy; in the rst step, too, which saves one join (singedoes not have a keyword constraint).
Second, looking uy, in the element table requires only an equality conditionfeeid column because
the matches to be checked are already known from the presiepsBy contrast, deciding tiiarenedge
from gs to g4 involves a range condition, which is less ef cient.

Planning strategies. Note that the number of possible reconstructions often migperucially on the
choice of the next query node to be joined. For instance, t@nrative query plan for the query in Fig-
ure 8.11c. that matches|; through a join in the rst step cannot reconstruct tarenf(ds;q:) edge and
therefore needs more than two element-table joins to antheejuery. One method to reduce the number
of joins in a query plan is to sort the given 9¢{ of query nodes in such a way that nodes which allow
more edges to be reconstructed are processed rst. To tHisvertompute for each nodg2 M, its recon-
struction counti.e., the total length of all reconstructible paths legwin(not shown Algorithm 8.2). The
nodes inM, are then sorted in the order of descending reconstructiontsdefore the actual planning be-
gins. As a consequence, the outernfostioop in Algorithm 8.2 on the facing page (lines 12—48) caliec
reconstructible edges in a greedy manner, which is perhatpstimal but certainly an ef cient and quite
effective strategy (see the experiments Section 8.5).oAilgi the reconstruction counts could probably be
computed in time linear in the number of query edgellineven a simple repeated traversal of the query
graph with distinct start nodes runs suf ciently fast, diésjits quadratic time complexity iMc.

However, there are more possible planning goals besidasiing the number of element-table joins.
Most importantly, the size of intermediate results to bagei can be reduced by matching rst those query
nodes that have selective constraints such as, e.g., ugnteywords or tag paths or rare combinations of
both. To take advantage of the most selective query congtraitatistical information about the distribution
of tag paths and keywords in the documents is needed. S&fdras introduced the optioratsandkeys
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columns in the path table as basic selectivity estimategsdltan easily be integrated with the planning
algorithm, similar to the reconstruction count above. Msophisticated planning could also use cardinality
estimates for combined structure and keyword constra¥etsthis is outside the scope of this work.

Of course, when pursuing multiple planning goals at onceicmmay arise, e.g., when highly selec-
tive query nodes have a low reconstruction count and vicgaverhe following preliminary solution to this
problem reconciles both reconstruction and selectivitfnogation while giving keyword constraints the
priority. Currently we simply distinguish query nodes\ily with any keyword constraint from those with-
out, and sort the two resulting subsetd\bf separately in the order of descending reconstruction spunt
as described above. Any node with a keyword constraint is tsited before all nodes without keyword
constraints as nodgin the outermostfor loop of createPlan(lines 12—48 in Algorithm 8.2). This suf ces
to produce query plans like the ones illustrated in Figuré4¢® andc., for example.

Intermediate results. The procedurereatePlann Algorithm 8.2 on page 110 produces query plans with
only a single element-table join per evaluation step. Ireothiords, in any given query pla®we have

8s 2 P:jJoingj = 1. However, the planning algorithm is easily adapted tovafior multiple joins in the
same step, which reduces the number of steps and hencerofi@diate result tables to be created. Since
subsequent intermediate results for the same query usmalyap considerably (e.g., consider the tables
in Figures 8.40~d. on page 102), permitting multiple joins per evaluation ste[ps to save storage in the
RDBS. However, intermediate results play an important fotehe incremental query evaluation based
on cached queries, as explained in Chapter 10. In a cachémgso, it makes sense to evaluate queries
in small steps with many intermediate results, becauseatits/s to compare and reuse the answers to
previous queries at a ne granularity.

Both approaches have been successfully applied in the teiasos. The experiments with query
evaluation from scratch in Section 8.5 are based on a sfigitidi ed version ofcreatePlanthat allows
multiple joins in each evaluation step. By contrast, forith@emental evaluation in Chapter 10 we will
assume one join per step, which increases the effectiveri¢lse query cache at the expense of a higher
space consumption. For simplicity, the following desédptof the query matching on the document level
adopts the single-join approach, too.

8.4.5 Document-Level Matching

Once a query plaR has been devised for the quépyto be answered, the evaluation stg@a P (i 1)
are translated and matched on the document level one by acl.des produces a new intermediate re-
sult tableQ_s by joining the previous result tab@_s 1 with the element table (recall from Section 8.4.2
thatQ_sy denotes the schema-matching result computed during phaséglre 8.4 on page 102 depicts
the sequence of result tables produced during the evatuatiqueryQ in Figure 2.2b. on page 10. The
document-level matching discussed here comprises the thbées in Figures 8—d., which correspond
directly to the three evaluation steps in the query #&rshown in Figure 8.1. on page 109.

The rst step inP®, s‘f, adds matches to the query nodgs®ndg; (columnsps andp; in Figure 8.4.,
respectively) by joiningys and reconstructing the ed@aren{(ds; 1) in Q. Note that there are two distinct
pairs matching the two query nodeg € 26; q; = 18 versusy, = 34; q; = 27). In the document trel®
in Figure 4.3. on page 46, these are the pairspdrson and sex nodes in the subtre@s andaz of D,
respectively. As a consequence, the result tghls contains two rows each representing a distinct partial
matching of the quer® (partial, because nodeg andqgz are ignored at this stage). The second step of
the query plansg, matches the query nodp through another join with the element table and decides
the Child(qy; gp) edge. Since there is a correspondimgme child below the person element in botla,
andag, each of the two partial matchings can be expanded with ahrtatg, (the p, values 21 and 30
in Figure 8.4., respectively). The last stepg, joins gz and decides th€hild,(qi;gz) edge. While the
person node ina; has a matchingedu descendant that is added to the result table (element 28 ilash
column in Figure 8.4, there is no such descendantan Hence the second partial matching from the
previous resulQ_s, (last row in Figure 8.4.) is discarded. Thus at the end of phase 2, the result @dg
in Figure 8.4d. contains all possible matchings to the entire qu@in this case, a single document-level
match for the only schema hit? retrieved in phase 1).
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CREATE

TABLEQ sl AS -- create new result table
SELECT

sid, pl, p2, p3, p4, wil, w2, w3, w4, -- copy schema hits

ET4. eid AS &4, -- add matches to g4

ET4.eid - ( ET4.eid %wl) AS el -- reconstruct  Parent(da; d1)
FROM

Q_s0, ElementTable EF -- join previous result table with element table
WHERE

ET4.pid = p4 AND -- match unary constraints on da

ET4. key = “female'

a. steps; of document-level matching (phase 2)

CREATE

TABLEQ s2 AS -- create new result table
SELECT

sid, pl, p2, p3, p4, wil, w2, w3, w4, -- copy schema hits

el, e4, -- copy matches from previous steps

ET2.eid AS e2 -- add matches to qp
FROM

Q _sl, ElementTable EZ -- join previous result table with element table
WHERE

ET2.pid = p2 AND -- match unary constraints on 02

ET2.key = " AND

ET2.eid > el ANDET2.eid < el + wl -- decide Child,(q1;02)

b. steps, of document-level matching (phase 2)

CREATE

TABLEQ s3 AS -- create new result table
SELECT

sid, pl, p2, p3, p4, wil, w2, w3, w4, -- copy schema hits

el, e, e4, -- copy matches from previous steps

ET3.eid ASe3 -- add matches to 03
FROM

Q_s2, ElementTable E3 -- join previous result table with element table
WHERE

ET3.pid = p3 AND -- match unary constraints on 03

ET3.key = " AND

ET3.eid > el ANDET3.eid < el + wl -- decide  Child,(01;03)

c. stepss of document-level matching (phase 2)

Figure 8.12: SQL code for evaluating the qué&yin Figure 2.2b. on page 10 on the document level
(phase 2). The document-level matching divided into three steps;—ss, according to the query plan
in Figure 8.11b. on page 109. As before, blue, red and green colour highligide related to element-
table joins, reconstruction and decision, respectivedySteps;: The query node, is matched through a
join of the element table (see Figure 6.1 on page 82) with¢herma-matching result (see Figure 8.4n
page 102). Matches tp are obtained by reconstructing tRaren{(da; q1) edge. This produces the result
table in Figure 8.4.0on page 102. b. Steps;,: The query node, is matched through a join of the element
table with the intermediate result from step The Child(qgy;02) constraint is adapted tGhild,(q1;02)
(see Figure 8.14) and then decided. The result table is shofigure 8.4c. on page 102.c. Stepss: The
query nodays is matched through a join of the element table with the intatiate result from steg, and
the Child,(q1; gz) constraint is decided. This produces the result table inr€i§.4d. on page 102.
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R(qp) R2f Containg; Governgg
R(Vo)

(DA)

Figure 8.13:RCADGdocument adaptation rules for unary query constragy® (Qy; Vo 2 V; vi denotes a
document node matchirgg).

Ri(qo;q) R2f ParentChildg
Ry(vo;v1)

Rl(coiar) R2 RpntParentChildg
R (vo; V1)

(DAY (DA3)

R; (do;01) R2f ParentChildg
Ry(Vo; V1)

R (go;q1) R2 RynfParentChildg
R; (Vo;v1)

(DA,) (DAY)

Figure 8.14: RCADG document adaptation rules for binary query constraiggsag 2 Qy; Vo;vi 2 V;
i < j2 IN; v denotes a document node matchipng

Generating SQL code. The SQL code for creating the three intermediate resules®ls;, Q_s, and
Q_s3 in Figures 8.b~d. is given in Figure 8.12 on the preceding page. Three SQLrettés are gen-
erated and executed by the procednr&chDocLevelhich is called once for each evaluation step (see
line 11 in Algorithm 8.1 on page 101). The rest of this subiseotxplains hownatchDocLevedxpresses
guery constraints as SQL statements that are then handetbdalie RDBS.

For instance, consider the rst join with the element tablstieps;, expressed by the SQL statement in
Figure 8.12. on the preceding page. Some parts of the code are either xikeca template to be lled
in with the query node idoim, whereas others are inferred from the query constrairgs ursing a set of
document-level rules (see below). A xed code block is thejgction of schema-level information ( rst
line of the SELECTlause): it simply copies the schema hits retrieved in pliasdong with theiBIRD
weights which may be needed for reconstruction and dec{siea Section 8.3). Sincin = f q4g, the
schema matching resu@_s is joined with an instanc&T, of the element tableHROMIlause), and the
matches tay in theeid column ofET,4 are added to the new result taldes; (SELECTlause). The result
table names to be used in t&REATENdFROMarts follow directly from the current evaluation step (in
this casegs;). Furthermore, a rst join condition selects those tupleshie element table with a tag path
matchinggy ( rst row in the WHER@&ause). These code templates apply analogoushpiio= f gg in
Figure 8.12.andJoin= f gzgin Figure 8.12.

The remaining code fragments in Figure 8.12 are derived dohesteps from unary keyword con-
straints on the join node idoin and from the binary constraints Re¢ andDeg. As during phase 1, two
distinct sets of rules specify how to translate these quengiraints to SQLdocument adaptation rules
select the constraints to be matched on the document leveleabdocument matching rulegenerate
appropriate selection and projection expressions foetieesastraints.

Adapting query constraints to the document level. The document adaptation rules for unary and binary
constraints are given in Figures 8.13 and 8.14, respegtiVek rule DA, in Figure 8.13 states that keyword
constraints are the only unary constraints to be matcheti@ddacument level (recall from Section 8.4.2
that tag, type, root and level constraints are handled duynirase 1). The adaptation rules Paénd DA, on

the left-hand side in Figure 8.14 suppress proximity bowfd3arentaind Child constraints, because they
have already been translated to level predicates durirgnsaimatching (see rules SV v and SMChiIdOj
in Figure 8.10 on page 106). Binary constraints other tharenand Child are matched unmodi ed on the
document level, as speci ed by rules RAnd DA, on the right-hand side of Figure 8.14.

Matching binary query constraints on the document level. After applying the document adaptation
rules, the resulting unary and binary constraints on elésreme translated to join conditions and projection
clauses using a set of document matching rules. These ratefiehexactly théd-constraints listed in
De nition 2.8 on page 12. We rst discuss the matching of bin®-constraints withBIRD. Keyword
matching is explained below.
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Containg, (Vo) q g Containg,(vo) ;i km2 K
vo:key= ko q g vo:key= kn

( DM Containﬁ)

Governg,(Vo) _ _  Governg,(vo) ko;:iikm2 K
Ow2V: Childy(vo;w) ~ (Containg(w) _  _ Containg,(w))

(DM Governﬁ)

Figure 8.15:RCADGdocument matching rules for unary query constraigg2(Qy; Vo 2 V; v denotes

a document node matchirgg). In the rst rule for keyword containmeny = » or g = _ depending
on whether the keyword constraints gg are marked as conjunctive or disjunctive, respectivelye Th
second rule translates a disjunction of government cansdranto a single condition. By contrast, given
a conjunction of government constraints the rule appliesach constraint separately (treating it as a
singleton disjunction).

The binary constraints to be matched on the document lestelde Child, NextSih NextElt Following
and their inverses as well &ibling and Self All of them can be decided using ti2IRD document
matching rules in Figure 8.2 on page 100. AlternativBlgrent PrevSih NextSiband Selfconstraints may
be reconstructed with the rules in Figure 8.3 on page 100.&dewy no ambiguitites arise since the query
plan for a given query speci es which constraints to decidé @hich to reconstruct, as described above.

For instance, reconsider the query pRfAin Figure 8.11b. on page 109 and the corresponding SQL
statements in Figure 8.12 on page 113. In the rst stgpthe constrainParen{(gs; g1) shall be matched
through reconstruction. The adaptation rule DA Figure 8.14 on the facing page replaces query nodes
with elements and modi es the lower proximity bound in orderprepare the application of a suitable
document matching rule. This yields the adapted constRaneng(va; vi) wherev, stands for any match
to the query nodes, and likewise forvi. The unique reconstruction rule that is relevant to thisst@int
is DM,Fifjfen6 in Figure 8.3 on page 100. Applied to the plaig;vii (which is calledhp;v4i in Figure 8.3),
the lower part of the rule states that for any maitgho g4, the element label of the corresponding ancestor
matchingqg; can be computed ag = v4 (v4 modp(v1):weigh) wherep(v;):weightis theBIRD weight
of the tag path of;;. Now compare this to the SQL code fer in Figure 8.12. on page 113. Here
the reconstruction formula for thRaren{(as;q1) edge inQ is expressed as the projection clause that is
highlighted red. Th&IRD weightp(v1):weightof v; is available in the columwl of the result tabl€)_s0
from phase 1 (see Section 8.4.2). The matcheg fre taken from theid column of the instanceT4 of
the element table, heneg become€T4. eid. Finally, the matches tq; to be reconstructed are given the
aliasel. Thusvy = v4  (v4 modp(vi):weigh) translates t&T4. eid - ( ET4. eid%w1) AS el in SQL.

As in the example above, the lower part of any reconstructitmis added to th&ELECPart of the

SQL statement to be created. More complex rules Iikeﬁ%l/\élid or DMEZZSI.d in Figure 8.3 also have

preconditions concerning the parenif the elementy whose sibling/; shall be reconstructed. Note that
when applying such a rule to a sibling constraintgrandvy, matches ta, are guaranteed to be already
known because (1) the schema-level rewriting of the quesps thatyy andv, are connected with a
Parentdge and (2) this parent edge is reconstructed no later tigasitiling constraint orp, according
to the query planning algorithm in Section 8.4.4. The prelition onvy andv, in the upper part of rules

DM/Fjree?/Sid and DM;;‘(’ISIH is added to thaVHER&ause of the SQL statement to be created. This way

the node label of; is computed for any tuple containing elemewgsaindv;, that satisfy the precondition.
Other tuples are silently dropped.

The following steps in the query pla?f in Figure 8.1b. on page 109 involve the decision of binary
constraints. Here the document matching rules in Figure® 2age 100 are applied to create suitable join
predicates for the SQL statement. For instance, in steipe constrainChild;(ds; dp) is decided. As de-
scribed before, it is adapted @hild(vy; v2) by rule DA, in Figure 8.8 on page 106. The rst decision rule
in Figure 8.2, Dl\@ﬁﬁdo, produces the join predicatg:eid vi:eid” vp:eid< vi:eid+ p(v1):weightwhich
is translated to the SQL expressiBi2. eid>el ANCET2. eid<el +wl, as shown in th&VHERgart of
Figure 8.12. on page 113 (highlighted green). Tk#ild,(q1;0s) edge in steps; is treated analogously.
As in the reconstruction case, some decision rules Iike,c\’,gg\él,bl and DI\/f,EEQC‘,S,bl in Figure 8.2 assume
parent matches to be known, which is safe with the query tigrand planning introduced above.
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Matching keyword constraints on the document level. According to De nition 2.8 on page 12, the only
unary constraints to be matched on the document level argdeelyconstraints. Like binar®-constraints,
they are rst adapted to the document level (using rule;DiFigure 8.13 on page 114) and then trans-
lated by applying document-matching rules ()i and DMg,ere N Figure 8.15 on the previous
page). For instance, consider again the query plarfor the queryQ in Figure 8.11a. on page 109.
The query nodey, to be matched through an element-table join in the rst si%pnas a keyword con-
straint Containgemale” (da). According to the adaptation rule Ahis constraint must be enforced on
the elements matchingy, which are contained in the instanEd@4 of the element table in Figure 8.42

on page 113. The matching rule Qi in Figure 8.15 speci es the appropriate join predicate for a
conjunction or disjunction of keywordgq  gkm (g 2 f* ;_g). The resulting predicate for the single-
ton keyword‘female” in the keyword column oET4 is shown in the last line of code in Figure 84.2
ET4. key= ‘female' . The same mechanism applies to the join nodes of the subsespepss, ands;

(02 andqgs, respectively). Since these do not have query keywordsptatonent constraint for the empty
keyword is assumed by default. Recall from Section 6.2 thagxdra row is added to the element table
for each element and the empty keyword. This way matchesdoyqmodes without keyword constraints
can be looked up ef ciently with a precise equality predichke ET2. key= " or ET3. key=" in Fig-
ures 8.1d.and 8.1Z., respectively.

The join predicate for government constraints is a littlereniavolved, due to the fact that the element
table only indexes contained keywords explicitly. The datadel in Section 2.1 de nes the keywords
governed by an elementas thosé&k 2 K that are contained either inor in any of its descendants. This
de nition also captures conjunctions and disjunctions @fgrnment constraints, as follows. An element
governs a disjunctioky _ _ km of keywords if eithewv or any of its descendants contains at least one
of these keywords. The matching rule R4, in Figure 8.15 on the preceding page re ects exactly
this de nition, replacing the government constraints onigeg element/ with containment constraints
on another element that is eithervg itself or one of its descendants (i.&Childy(vo; w)). Similarly,

v governs a conjunctiokp® " ky, of keywords if each of these keywords is contained in any rinde
the subtree rooted im. Note, however, that not all keywords are necessarily éoethin the same node
in the subtree. Simply substituting *to “_" in DA g, Would therefore be too restrictive. Instead the
rule DAgovemg is applied separately to each government consti@mterng(v) (0 i m), so that the
keyword disjunction in the upper part of the rule consistly of k;. This way distinct descendantswére
accepted for distinct keywords.

As an example, consider a variant of the quéryn Figure 8.11a. whereq, has two government
constraintsGoverngemale’ (da) and Governgyp- (0a), instead of the containment constraint. If the two
government constraints are marked as disjunctive, theipthepredicateET4. key= "female' in Fig-
ure 8.12a. is replaced with the code listed in Figure 8dl.t®n the next page. Here a single subquery
checks whether any descendant of a matctytoontains eithetfemale” or “PhD” . By contrast, a con-
junction of independent subqueries for all keywords is eeedhen the two government constraints are
marked as conjunctive (see Figure 8bl)6

8.4.6 Computing the Final Query Result

The last intermediate result table created during phasetis allquery matchingas de ned before
(see De nition 2.3 on page 10). Recall from Section 2.2 that hal query answer an(®) is obtained by
restricting these matchings to the §gtof result nodes given as part of the query speci cation. Atbe
result tables contain the schema hits and weights correlépgto each matching, which are not part of the
qguery answer. Therefore a nal query is needed to extracelant data from the last intermediate result
table and return it as the nal residnqQ) to the user. This is done by the procedareateResultalled
in line 14 of Algorithm 8.1 on page 101.

The SQL code for creating the nal result of the quédyin Figure 8.11a. on page 109 is given in
Figure 8.17 on the next page. It consists of a single statethahsimply projects the last intermediate
result tableQ_s3 in Figure 8.4d. on page 102, onto those colum@svhich contain the matches to result
qguery nodeg. In the example we assume that all nodeQiare results nodes, i.€; = Q,. Note the
use of the keywor@®ISTINCTto remove duplicate results from the nal output. In factpigit duplicate
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-- CREATE, SELECT, FROM as before
WHERE

ET4. pid = p4 AND -- select matches v to gs
ET4.key = ™ AND
EXISTS ( -- match Governsdisjunction using a single descendant w of v
SELECTeid
FROMElementTable E4desc
WHERE
ET4desc. eid >= ET4. eid ANDET4desc. eid < ET4.eid + w4 AND -- match  Childy(v; w)
(ET4desc. key = ‘female’ OR ET4desc. key = "PhD") -- match Containsdisjunction on w
)
a. disjunction of government constraints on nagéen queryQ
-- CREATE, SELECT, FROM as before
WHERE
ET4. pid = p4 AND -- select matches v to gs
ET4.key = ™ AND
EXISTS ( -- match Governs female (ds4) using a descendant w of v
SELECTeid
FROMElementTable E4desc
WHERE
ET4desc. eid >= ET4. eid ANDET4desc. eid < ET4. eid + w4 AND -- match  Childy(v,w)
ET4desc. key = “female' -- match Contains temaia (W)
) AND
EXISTS ( -- match Governspny (04) using another descendant w of v
SELECTeid
FROMElementTable EZdesc
WHERE
ET4desc. eid >= ET4. eid ANDET4desc. eid < ET4. eid + w4 AND -- match Childy(v; w)
ET4desc. key = "PhD' -- match Containspnp (W)
)

b. conjunction of government constraints on nagén queryQ

Figure 8.16: SQL code for matching keyword government caitss. The code is generated for a variant
of queryQ in Figure 8.11a. on page 109 where the containment constr@mttaingemale” (g4) 0N nodeyy
has been replaced with two government constraBaserngemaie’ (q4) and Governgnp» (qs). The two
government constraints are either disjuncti&é ¢r conjunctive .). Each of the two statements is meant
to replace the code for the rst evaluation s&gn the query plarP? in Figure 8.11b. on page 109. The
CREATEELECandFROMIauses remain unchanged (see Figure 8.1A page 113). Only the/HERE
is modi ed according to the document matching rule R#.,. in Figure 8.15 on page 115, as follows.
Let v be a match to the query nodg. a. A disjunction of the two government constraints is traresiat
into a single subquery selecting any descenaanf v that contains either keywordb. A conjunction

of the two government constraints translates to a conjonaf two separate subqueries. Each subquery
independently selects a descendautf v that contains a speci ¢ keyword.

SELECT

DISTINCTel, €2, €3, & -- copy matches to result nodes
FROM

Q s3 -- retrieve answer from the last intermediate result
ORDER BY

el, e2, €3, &4 -- order result as needed

Figure 8.17: SQL code for computing the nal result of the gu® in Figure 8.11a. on page 109. The
last intermediate result from phase 2 (see Figurel8o# page 102) is projected onto matches to the result
nodes (in this case, all query nodes). This produces the/gusiver shown in Figure 8eton page 102.
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elimination is only needed when some match columns are @éwgpe., wherQ; ( Q,. TheORDER BY
clause serves to return the query answer in some speci a.dm¢his case, it is sorted so that all matches
to the query node; appear in document order. (Tatarinov et al. [2002] mentifferént output modes to
be applied analogously.)

The output of the SQL query in Figure 8.17 is shown in Figu#e8on page 102. HerangQ)
consists of the tuplél8;21;25;26i of node labels that denotes exactly the document subtreietedp
in Figure 2.le. on page 8 (the corresponding node labels are given in Fig®a. 4n page 46). Of
course a different result presentation may be chosen fouske For instance, given the original XML
representation of the documents and a mapping from nodéslabthe corresponding byte offsets in the
XML code, the query answer could be presented as XML frageng@ussibly rendered using stylesheets).
Alternatively, XML code might be generated on the y. Howewbese presentation details are beyond the
scope of this work.

8.5 Experimental Evaluation

To evaluate the practical use of XML indexing with tRE€ADG we created path and element tables for
different document collections in an RDBS and implementeddvaluation procedusyaluateQuerysee
Algorithm 8.1 on page 101) in a retrieval engine call@acument eXplore(DoX). DoX evaluates XML
gueries like those used throughout this work by translatiegn into SQL statements against the path and
element tables, as described above. The system is compa(gjithe native XML enginé&? that was
already used for the experiments with tBADG in Section 6.4; (2) the relational node indexing scheme
XPath Acceleratorby Grust et al. [2002; 2004] (see Section 7.3.2); and (3) #hational path indexing
schemeXRelby Yoshikawa et al. [2001] (see Section 7.4.1). All queryiaag have been implemented (or
reimplemented, in the case ¥Path AcceleratorandXRe) in Java. Details of the hardware and software
set-up are given in the appendix (see Test Environment Adti@el13.1).

We ran a number of queries against the four document callesifiDb, XMark 1100 INEX andDBLP
listed in Section 13.2 of the appendix. Timernet Movie Databas@MDb) comprises more than 8 GB of
XML documents describing movies and actors from a comminaa site [IMDB], whereaXMark 1100
consists of 1 GB recursive XML synthetically generated byeadhmarking tool [XMark]. The highly
heterogeneoutNEX benchmark [INEX] contains scienti ¢ articles in full-texDBLP [DBLP] is an on-
line collection of bibliographic data from computer sciencThe key results of the evaluation are the
following:

1. TheRCADGoutperforms both the native and the relational baselingesys by two orders of mag-
nitude and more in terms of retrieval speed. Complex queritislarge results causing the baseline
systems to break down are answered within seconds bR@A&DG Querying XML in a relational
database system bene ts greatly from native XML indexinthtéques (see Section 8.5.2 below).
To a certain extent this also con rms previous ndings refedrby Chen et al. [2004] for thBLAS
storage scheme (see Section 7.4.2).

2. TheRCADGeasily scales up to collections of multiple gigabytes botterms of retrieval speed and
storage demands. The path table is typically several oafersagnitude smaller than the original
data (see Section 8.5.4).

3. Query planning has a signi cant impact on the performafthe RCADG While very encouraging
results were obtained with the planning strategies desdébove, in some cases inappropriate plan-
ning may prevent a performance gain. Also, enhancing tlaioslal optimizer with tree statistics
seems promising (see Section 8.5.3).

4. Keyword-driven schema matching using signatures in tith pable does not entail a signi cant
performance gain in our experiments. The overhead for sigaaomparison lies between 100 ms
and 300 ms, whereas the time needed for creating signatunegligible.

Table 8.5 on the next page summarizes the performancesésutheRCADG(averaged after remov-
ing the best and worst of ve runs). Sample queries are giwethair closest XPath equivalents. The
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result processing
Corpus| QID size closest XPath query time (s)
IMDb 13 6507 | [*title="love")/production  _year 1.27
14 118,150 | /movie[./genre="documentary"]/actor 8.77
X4 2 | Isite/lopen _auctions/open.auction[ 0.44
bidder[personref/@person=\person20"]/following-sikihg::
bidder[personref/@person=\person17290"])/reserve
XMark | X15 1890 | /site/closed _auctions/closed auction/annotation/description/ 0.52
1100 parlist/listitem/parlist/listitem/text/emph/keyword
X14 9461 | /sitelitem[contains(description, \gold")]/name 3.34
X13 22,000 | /site/regions/australia/item[name and description] 0.88
X2 597,777 | /site/open _auctions/open.auction/bidder/increase 17.54

Table 8.5:RCADGquery performance, in seconds. The original queries arengiere as their closest
XPath equivalentXMark 1100queries are adapted from the XQuery benchmark [XMark]. @mdyches
to XPath result nodes were computed (unlike Table 8.6 ondl@fing page).

XMark 1100queries X2, X4, X13, X14 and X15 as well as X1 (in Table 8.6 anfthllowing page) capture

the XPath portion in the corresponding queries from the X@benchmark [XMark]. As can be seen in
Table 8.5, theRCADGscales well with both the size of the document collection trednumber of query

results. The rest of this section discusses more resubSigdaes 8.6, 8.7 and 8.8) in greater detail.

8.5.1 Test Systems

The DoX system consists of (1) an indexer for creating R@ADGtables andBIRD labels, (2) a system
kernel including modules for query rewriting, planning @@L code generation, and (3) a runtime for
creating XML queries, triggering the kernel operations aedding the resulting SQL statements to the
RDBS. The twoRCADGtables are indexed using BTrees, as follows. The path table has a cluster index
on thetpid; maxidtag elds and an additional index on titag eld. The element table has a cluster index
on thehpid; key eidi elds and an additional index on thikey;eidi elds. In the RDBS, only standard
relational operators are used,; in particular, no strutfaiafor sets of XML elements is available.

Our native XML baseline databaseXg [Meuss et al. 2005], which combines the origi@GADGindex
(see Chapter 6) and tlBRD labelling scheme (see Chapter 4). At system start-upC&kieGschema tree
is loaded into main memory. During query evaluatiff, fetches sets of elements from the relational
back-end and combines them into query matchings in memadeynént sets are joined using a variant of
the TwigStackstructural join by Bruno et al. [2002]. The query planningaithm is similar to the one
used byDoX (see Section 8.4.4 above). In particulé?, bene ts fromBIRD reconstruction, too. Note that
X2 always computes matches to all query nodes,Qes Qy by default.

As a baseline for relational query evaluation without a sthéndex we implemented théPath Ac-
celeratorstorage scheme by Grust et al. [2002; 2004] (see SectioB)7Bach query is translated into an
m-fold join of the node table whenm is the number of nodes in the query. Any element is labelledsby
pre- and postorder ranks in the document tree, which alse $eidecide binary query constraints. Recon-
struction is not supported, and no schema-level index igadla. The node table is indexed using separate
B* -Trees on the preorder, postorder, parent label, tag ane typeé elds, as described by Grust [2002].
Textual contents are kept in a separate table indexed botheopreorder and keyword elds. We also
applied theshrink-wrappingoptimization proposed by Grust [2002]. By contrast, naamdard relational
operators like thé&taircase JoirfGrust et al. 2003] are not available. Query planning for riloele-table
join happens entirely in the realm of the RDBS.

A second relational baseline system is our implementatioxRel [Yoshikawa et al. 2001] (see Sec-
tion 7.4.1). XRelindexes tag paths as strings in a path table and performsselevel matching through
string search in the path table. A foreign key connects eaghpath to its occurrence in a node table.
Each XML query is translated into a single SQL statementijgithe path and node tables. Again, query
planning is done by the RDBS kernel. Likd*ath Acceleratoy XReluses a subtree labelling scheme (see
Section 3.3) to decide binary query constraints on the decuitevel. Reconstruction is not supported.
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result processing time (s)
Corpus| QID size closest XPath query RCADG | CADG | XPACe
I1la 12 | Iperson[name=\mastroianni" 0.10| 12.72 0.04
and born/@place]/biography/movie
I11b 3 | Iperson[name=\felix" 0.11 12.60 0.50
and born/@place]/biography/movie
I1c 24 | Iperson[name=\cooper" 0.15| 12.84| 215.83
IMDb and born/@place]/biography/movie
11d 72 | Iperson[name=\steve" 0.52 12.85| > 600
and born/@place]/biography/movie
12 6507 | [title[.=\love"] 0.37 0.30 | > 600
13 6507 | [I*title=\love")/production  _year 152 | 26.07| > 600
14 118,150 | /movie[./genre=\documentary"]/actor 34.68 > 600
X1 1 | /site/people/person[@id=\person0")/name 0.09 6.85 0.02
X21 13 | /Isiteleuropelitem[./description/ 0.32| 21.80| > 600
keyword[.=\abandon" and ./bold]
and ./name
XMark and (./category or .I*[@category])
1100 and ./mail[./date and ./from and ./to]]
X13 22,000 | /site/regions/australia/item[ 2.35 279 | 61.46
name and description]
X2 597,777 | /site/open _auctions/open_auction/ 122.43 292.14
bidder/increase

Table 8.6: Query performance comparisonREADG CADG (CADG) andXPath Accelerato’XPAcc),
in seconds. The original queries are given here as theieslo§Path equivaleniXMark 1100queries are
adapted from the XQuery benchmark [XMark]. Unlike Tables#@hd 8.8, matches #l query nodes were
computed. The symbol * indicates that a speci ¢ query was not answered properly.

8.5.2 Runtime Performance

RCADG versusCADG. A rstset of experiments measures the performance gaiiRtbADGachieves
over native XML retrieval withX? (see the RCADG and CADG columns in Table 8.6). To avoid a Ieapdi
for the X2 system, which always matches the entire query graph, theragstreated all query nodes as
result nodes. For thRCADG the runtime performance therefore differs from the resintTable 8.5 on
the preceding page.

Queries Ila to 11d retrieve the place of birth and the moviedifferent people mentioned in the
movie databaséMDb. Note how the performance of both tRCADGand theCADG remains stable as
the selectivity of the query keyword decreases: while thenoed “mastroianni” is contained only in
406 elements, the frequency Gélix” is almost ten times highefcooper” occurs in 10,398 elements
and“steve” in 38,983 elements. THRCADGs performance gain is two orders of magnitude for the most
selective keyword (I1a) and still more than a factor 20 far thost frequent keyword (11d). As queries 12
and 13 illustrate, the overhead incurred by BADG is mainly due to “output” nodes likgplace and
movie which are not subject to keyword constraints. While @&DG is highly competitive for queries
without such unselective nodes, such as 12, ireduction _year node in I3 slows down the native
system by two orders of magnitude. Unlike tREADG the CADG retrieves matches to thétle  and
production _year nodes in the element table and transfers them into main mefaodeciding their
binary query constraint (thehild step)* By contrast, tha(RCADGtranslates binary constraints into join
conditions supported by relational indices on the elemadniet and therefore faces no such overhead for
loading large element sets.

Query 14 illustrates another potential weak-spot in nat®teieval systems which compose matches
to tree queries in main memory: processing large internedesult sets containing tens or hundreds of
thousands of tuples easily exceeds the hardware capaéieimg the evaluation of 142 quickly ran out

4The huge overhead for I3 compared to 12 might not be faced tiyensystems which do not compose path occurrences in this
way but retrieve entire tree fragments instead, likeNlagiX system [May et al. 2004; Fiebig et al. 2002].
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result size processing time (s

Corpus| QID closest XPath query RCADG YRel RCADG | XRel
INEX Nla | Ip 609 609 < 0:.01 0.09
N1b | /p[sub]/b 27 | 3,485,916 0.01 | 515.22

Table 8.7: Query performance comparisonREADGandXRelon the schema level, in seconds. Process-
ing times and intermediate result sizes are measured ahthefg@ohase 1. The original queries are given
here as their closest XPath equivalent.

of memory; allocating more than 800 MB on our 1-GB machindde® a crash but resulted in swapping.
TheRCADG however, copes well with large result sets.

Query X21 against th&¥Mark 1100collection examines how the systems cope with tasks whase co
plexity is in the query structure, not the result size. READGInvests 85% of a total of 321 ms in
generating extremely ef cient SQL code that involves theamstruction of fourParentconstraints. By
constrastX ? is again trapped in too many decision operations. The X1 and X2 in Table 8.6 con-
rm the earlier observations for 13 and 14, respectively.tBlthat when returning only matches to the XPath
result nodes, thRCADGanswers the same queries again up to 7 times faster (see8ahleetrieving
more than half a million matches in less than 20 seconds.

RCADG versusXPath Accelerator . It has been mentioned before thé®ath Acceleratordecides all
binary constraints via selfjoins on the node table, lackiath reconstruction capabilities and schema-level
information. Consequently, in our test with different keynal selectivities (queries I1a to 11d in Table 8.6
on the preceding page), the evaluation time rapidly growh thie size of intermediate results, reaching
820 seconds for 11d compared to only 0.52 seconds witlRIBADG Less selective queries like 12 to 14
also take longer than ten minutes to evaluate. Only for lyigklective queries like 11a or XXXPath
Acceleratoris slightly faster than th&@CADG possibly because the latter issues multiple SQL queries
rather than only a single one. The impact of a complex queaplglike X21 is much higher foXxPath
Acceleratorthan for the native or relation@ADGs. SinceXPath Acceleratoiselects tuples in the element
table based only on singleton tags rather than tag pathas itchjoin large intermediate results.

The most unselective query in our test suite, X2, has a munplsri structure (no branches and no
descendant steps). Hex@ath Acceleratoris faster than for X21, but still takes more than twice as long
as theRCADG Query X2 is reported as critical by Grust et al. [2004], thlote that when retrieving only
matches to the leaf of the path, in XPath style, R@ADGoutperformsXPath Acceleratorby one order
of magnitude (22 seconds versus 220 seconds). As query WssK®ath Acceleratordoes not scale well
to unselective queries with many descendant steps, whichvie range conditions in the selfjoin of the
node table. Here thRCADGis two orders of magnitude faster. Note that even the speslaional index
structures and join operators employed by Grust [2002]civiare reported to recover up to one order of
magnitude of processing time, are unlikely to remedy thisdigap completely. Obviously thRCADG
takes considerable advantage fr@RD reconstruction when answering query 14, using the keyword-
restrictedgenre node as a starting point in the query plan.

Summing up, the experiments prove that the native XML indgxechniques underlying tiRCADG
entail a decisive performance gain in the relational domain

RCADG versusXRel. As explainedin Section 7.4.XRels atomic representation of tag paths as strings
has a number of disadvantages, compared to the composipiatharepresentation of tRCADG First,
string matching tends to be slower than the comparison ofemiemode labels, especially for query paths
starting with a descendant step. The following experimeatdj es this overhead using queries against the
INEX collection. Table 8.7 compares how f&ECADGandXRelmatch a query graph on the schema level
(phase 1) and how many matches they retain for documenitiieatehing (phase 2). For N1a both systems
retrieve 609 matches, but tRCADGIs slightly faster. Secon&Relproduces many partial matches to be
discarded later in phase 2: for N1b its intermediate resultd orders of magnitude larger than that of the
RCADG As explained in Section 7.4.XRels atomic path representation is not precise enough to iisca
combinations ofsub and b elements that do not belong to the samearent.
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result size processing time (s
Corpus| QID closest XPath query RCADG YRel RCADG | XRel
DBLP Dla | [article[author=\codd")/title 34 34 0.12 9.18
D1b | /dblp/article[author=\codd"]/title 34 34 0.12 9.14
X1 [site/people/person[@id=\person0"]/name 1 1 0.09 3.96
X22 | [Iparlist[.ltext[.=\zenelophon")/ 133 183 0.14 | 27.95
listitem/text
XMark X14 | /sitelitem[contains(description,\gold")}/name 9461 9461 3.34| > 600
X13 | /site/regions/australia/ 22,000 | 22,000 0.88 | > 600
1100 . -
item[name and description]
X23 | [Iregions[contains(.,\zyda@ask")]/keyword 416,175| 416,175 32.21 | 310.03
X2 [site/open _auctions/open.auction/ 597,777 | 597,777 17.54 6.12
bidder/increase

Table 8.8: Query performance comparisonR€ADGandXRel in seconds (phases 1 and 2). The original
gueries are given here as their closest XPath equivalety.atches to XPath result nodes were computed
(unlike Table 8.6 on page 120). The symbof indicates that a speci ¢ query was not answered properly.

This also slows down the subsequent document-level magchmshown in Table 8.8. Here the pro-
cessing time subsumes the entire query evaluation propkaségs 1 and 2), and the result size only counts
only elements that are part of the nal answer to the querytl@&DBLP collection theRCADGis almost
two orders of magnitude faster thaiiRel(D1a), even for an absolute query path (D1b). XMark 1100
the difference is between one and three orders of magnitdé&el outperforms the(RCADGonly for a
single unselective query without branching nodes and aefsoe steps (X2). For such queries matching
exactly one path in the schema, tREADGs compositional path representation has no extra benet, b
rather entails a small overhead compared to exact stringhimaf without wildcards.

By contrast, for proper tree queries with descendant sipslnot only takes more processing time but
may also produce wrong nal results on recursive collectitke XMark 1100 For instance, in the case of
query X22 XRelis two orders of magnitude slower than READGand retrieves 50 false hits. By contrast,
the query evaluation with tHRCADGis fast and correct, owing to its compositional path repmnestéon and
BIRD reconstruction. This phenomenon is explained as folloves.ilkistration, reconsider the query in
Figure 8.5. on page 104. ThRCADGanswers this query with only two element-table joins, asispe
by the corresponding query plan in Figure 8dlbn page 109. The SQL code generated to answer the
same query wittXRelis given in Figure 8.18 on the next page. Here we ignore theyquadeqg and the
NextSibedge becaus€Reldoes not support sibling constraints. For the resultingyjgeaph comprising
the ve query nodeg); to gs, XRelcombines a ve-fold join of the path table with another velfl join
of the node and content tables (see HROMIause in Figure 8.18). As described in Section 7.4.1, tag
path patterns are created from the query and matched agfasithexpcolumn in the path table (black
part of theWHER&ause in Figure 8.18). The path IDs retrieved this way adbesgn keys to the node
and content tables (blue part of tié¢HER®&ause in Figure 8.18). Finally, all binary query consttaiare
decided on the document level, using region encoding (gpeenof theWHER@&ause in Figure 8.18).
Note how matches to distinct tag paths are rst retrieve@pehdently and then combined through the join
predicates on the node and content tables. This causesdeandermediate result after phase 1 for N1b
in Table 8.7.

Compared tXRel theRCADG(1) replaces suf x and in x string matching involving nunaaus wild-
cards with ef cient numeric equality predicates in the g®if of the path table, (2) saves three out of ve
expensive joins with the element table throl®JRD reconstruction, (3) looks up fewer schema hits in the
element table in cases where the individual query paths tisparate partial matches in the documents
(as in query N1b above), and (4) correctly discards parteticimes from the nal result in presence of a
recursive schema. For instance, assume that the samplefoprarFigure 8.5. is run against a document
collection containing neste@erson elements. Then the code in Figure 8.18 on the facing pageghron
accepts thosg@erson elements which lack a suitablgatches child, but instead have person descen-
dant with such awatches child. The reason is thatRelloses track of the commoperson ancestors
of matches to nodg, (watches) andqy ( profile ), which are treated simply as matches to two dis-
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SELECT

NT3. start, NT3.end NT4. start, NT4.end -- add matches to gz and gs
FROM

PathTable PT, PathTable PP, PathTable PB, -- join path, node and content tables

PathTable P%®, PathTable P,
NodeTable NI, NodeTable N2, NodeTable NB, NodeTable N%,
ContentTable C%
WHERE
PT1. pathexp LIKE “#%/person’ AND -- match tag paths
PT2. pathexp LIKE “#%/person#/watches' AND
PT3. pathexp LIKE #%/person#/watches#%/open_auction' AND
PT4. pathexp LIKE “#%/person#%/profile’ AND
PT5. pathexp LIKE “#%/person#%/profile#/gender’ AND
NTL1. pathid = PTL1. pathid AND -- match unary constraints
NT2. pathid = PT2. pathid AND
NT3. pathid = PT3. pathid AND
NT4. pathid = PT4. pathid AND
CT5. pathid = PT5. pathid AND
CT5.value = "XML" AND

NT1. start < NT2. start ANDNTL1. end > NT2.end AND -- decide Child(qz;d2)

NT2. start < NT3. start ANDNT2. end > NT3. end AND -- decide Pareni(qs;0?)

NT1. start < NT4. start ANDNT1. end > NT4. end AND -- decide Parent(qs;d1)

NT4. start < CT5. start ANDNT4. end > CT5. end -- decide Parenfds; qs)
ORDER BY

NT3.start, NT3.end NT4.start, NT4.end -- order result as needed

Figure 8.18: SQL code for query evaluation wKliRel (see Section 7.4.1). Blue colour highlights code
related to joins with the node or content table, whereasmgoedour is used for the decision of binary
guery constraints. The query being evaluated is a variatiteofjuery in Figure 8.&. on page 104 where
the nodegs and the binary constraimextSil{ges; gs) have been removed (sine&Rel does not support
sibling constraints).

tinct path patterns#%/person#/watches and #%/person#%/profile  in the WHERfart of the SQL
statement). By contrast, tRCADGKkeeps tuples of matches to all nodes in the query graph asniete
diate results and hence never mixes up distipetson ancestors. Faced with two nested parpalrson
matches as just described (one satisfying only the conssraglated taj, and the other tgy), theRCADG
rejects both during phase 2 at the latest, but possibly eadieeduring schema matching. In the same
way, it discards neste@arlist elements that only partially match the root of query X22 ibl€s8.8.

8.5.3 Impact of Query Planning and Optimization

The RCADGoffers a considerable potential for query optimizatiorrsgithe path table neatly accommo-
dates certain statistical information about the docummes &nd its textual content, as sketched in Sec-
tion 8.2. The need to enhance relational query optimizetis suich tree-speci ¢ data was pointed out by
Krishnamurthy et al. [2003]. Second, query evaluation meyeat greatly from logical query planning and
rewriting. For instance, query X4 from théMark benchmark (see Table 8.6 on page 120) originally en-
forces only aNextEltconstraint between the twpersonref nodes. Replacing this with a more restrictive
NextSibconstraint between thibidder nodes reduces the processing time withR@ADGfrom 5287 ms

to 508 ms, if matches to all query nodes are to be computedlyftbe reserve node is regarded as a
result node, the rewriting techniques described in Se@&idr8 remove thesite , open_auctions and
personref nodes after schema matching, which again saves 68 ms,ingsult total processing time of
440 ms as shown in Table 8.5 on page 119. Processing the skepndrd constraint earlier in the query
plan would probably further accelerate the evaluation.
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8.5.4 Storage Requirements

Maintaining schema information besides the actual elerdatat, as with th&@ CADGor CADG, comes at
only little extra cost in terms of storage. In our experinsetiie path table occupies merely between 48 kB
(DBLP) and 120 kB XMark 110Q on disk, including the various B Trees and optional elds mentioned
before. TheCADG schema tree in memory occupies 2 MB in both cases (with keywignatures and
statistical information attached to the schema nodes, ssribed before). Only for the heterogeneous
INEX corpus the path table is nearly 2 MB on disk and the schem2&&4B in memory.

By contrast, the element table of tRCADGgrows to 17 GB forXMark 1100and 34 GB forilMDb
(again including all relational index structures). In partar, the materialized join of elements and the
keywords they contain introduces considerable redundaridgh on the other hand speeds up query eval-
uation. For instance, to support ef cient keyword seardfiietent keywords occurring in the same element
are stored in distinct rows of the element table, rather thansingle tuple containing the full textual ele-
ment content as a string (this has been proposed, e.qg., sy &ral. [2004] foiXPath Acceleratoy. While
our approach is certainly less compact (because there mayuligle tuples for the same element/tag
path pair), it permits to solve keyword constraints witha@ént equality conditions instead of substring
matching. We applied the same technique toXRath Acceleratorstorage scheme to make both systems
comparable.

Note that in the experiments, tiédath Acceleratomode and content tables together are only a little
smaller than theRCADGs element table XMark 1100 3 GB + 11 GB;IMDb: 12 GB + 19 GB). By
contrast, theCADGoriginally stores elements with the same tag path and keyvagether as a list in the
same tuple (non- rst normal form), rather than in separatesras with theRCADG Therefore its element
table is considerably smaller (4.5 GB ¥Mark 1100 5.2 GB onIMDDb). For theRCADG storing elements
in non- rst normal form is infeasible because it preventder conditions on individual elements, as used
by theBIRD rules in Figures 8.2 and 8.3.

To sum up, our experiments show that READGscales up to multiple gigabytes and is far from
the quadratic space needed by highly redundant technidueea fully materializedParent relation, as
proposed by Jiang et al. [2002]. The natvADGis more storage-ef cient than the two relational schemes.
Yet we believe that from a user's perspective, and giventdedy advances of storage technology, retrieval
speed should be given a higher priority than space consampti

8.6 Summary and Discussion

The Relational CADG(RCADQ presented in this chapter exploits native XML indexinght@iques for
the ef cient evaluation of XML queries a relational databaystem. In particular, it has been shown how
a centralized structural summary (t8ADG) and a decentralized structural summary @D labelling
scheme) can be migrated to the relational data model, andhitable query planning and rewriting exploit
these summaries to reduce the number and size of elemeit etgoined in the RDBS.

The bene t of path indexing in RDBSs has been discussed iptéeious chapter for storage schemes
like XRel which stores tag paths as strings in a path table BiAlS, which represents tag path suf xes
as numeric intervals. Like thRCADG these schemes match simple path expressions with fewes joi
than those without a path index [Krishnamurthy et al. 200i&, the XPath Acceleratoror Edgeschemes.
As described in Section 7.4, path-based approaches re&lements based on more restrictive selection
predicates, which simpli es index scans and reduces thedafimtermediate results to be joined. Besides,
path-speci ¢ information like the node type is no longerrstbredundantly for all elements with a given
tag path, but only once in the corresponding path table entry

Contributions of the RCADG. The RCADGfurther enhances relational path indexing in several re-
spects, addressing several open problems mentioned iiteitaduire. The key contribution of our approach
compared to previous work is therecise compositional representation of tag patfi® the best of our
knowledge theRCADGis the only relational storage scheme to represent everpd#gpre x as a se-
guence of nodes (i.e., tuples in the path table). This haswbeuof advantages, also compared to the
abovementioned string-based or suf x-based approaches:
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The entire query graph structure is matched against thetplalih before accessing the large element
table. Unsatis able schema constraints are detected reelsefast during retrieval phase 1. Ac-
cess to the element table are restricted to paths satisffitgconstraints. In particular, branching
path expressions are matched already on the schema levsldiSbards partial schema hits during
phase 1 that cannot be detected by less precise path initieeédelandBLAS.

Schema-level matching receives excellent indexing sughosugh B -Trees on the numerical in-
terval labels for schema nodes. This is more ef cient t&els substring matching, especially for
paths with leading descendant steps. Matching tag pathredmts through a selfjoin of the small
path table is cheap and happens entirely in the realm of thgaeal query optimizer.

Representing the schema as a tree in the RDBS allowR@wDGto take advantage d8IRD
reconstruction, which avoids expensive joins with the elrtitable.

The RCADGeEef ciently evaluates queries involving any XPath axis affd steps, which string-
based approaches as proposed by Yoshikawa et al. [2001]jarglet al. [2002] support only with
more complex regular expressions. Furthermdre steps do not entail extra selfjoins of the element
table as withXRel

Existential XPath predicates are handled correctly eveneirursive collections without a massive
join overhead, which is considered an open problem by Keshurthy et al. [2003]. False positives
in the nal query result as witiXRelare avoided.

Pre xes shared by multiple tag paths are not stored reduhdas with XRel No string operations
are needed to concatenate query path fragments, axW®Ritghor BLAS.

Unlike the P-labels used BLAS, the tag-path references in tRCADGs element table are robust
against changes to the schema tree.

Fast tree matching in large recursive document collections XRels incorrect handling of certain queries
against recursive collections was hinted at by Krishnahyuet al. [2003], who concluded that “the general
problem of translation of path expressions with predicidethe path-based schema-oblivious schemes is
still open”. Node-indexing approaches like tk@ath Acceleratoror Edgeschemes answer such queries
by triggering a selfjoin of the node table for each step in argypath, which is costly. With the exception
of BLAS, theRCADGis the only path-indexing approach we know of that correlatipdles these queries.
BLAS achieves this by checking additional level constraintslements, a technique which might also x
XRels defective evaluation of such queries. TREADGdoes the same already on the schema level and
therefore needs much fewer comparison operations. Be$ideRCADGbene ts from the reconstruction
capabilities of thBIRD tree encoding to avoid expensive joins with the elementetal$ shown in Chap-
ter 4, this feature is paramount to ef cient large-scaleceissing of XML queries. While the experimental
results reported by Chen et al. BLASare in line with our ndings concerning path- versus noddeging
schemes, they are insuf cient to judge the scalability @itlapproach up to tens of gigabytes.

Tree-aware query planning. The query planning and rewriting techniques presented is1¢hapter
strive to optimize the generation of SQL code for evaluatieg queries in an RDBS. However, the way
a relational query kernel processes this code could alse b&nm techniques speci ¢ to the tree data
model. Tatarinov et al. [2002] point out that “relationaltiopizers need to understand the hierarchical
structure of XML". With theRCADG statistical information kept in the path table enableseramcurate
query planning based on properties of the document treenfeatly the set of tuples stored in the element
table), such as the number of elements with a given tag patirearumber of distinct keywords contained
or governed by these elements. While in our experimentsiegaging results were obtained without such a
“tree-aware” RDBS kernel, we expect that physical plansreging access costs based on XML statistics
will further speed up the query evaluation.
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Indexing textual element contents. It has been mentioned before théPath Accelerator(and many
other relational storage schemes) keep elements and éx¢irat contents in separate node and content
tables, unlike th@CADGwhich combines both in a single element table. As a matteaaif theRCADGs
element table is a materialized join of the node and con&dsiés used by node-indexing storage schemes,
augmented with schema-level information in the form of refices to the path table. Grust et al. [2004]
argue that separate node and content tables allow to matatistl constraints on the document level
without accessing textual contents in the rst place. Thiam advantage when given unselective keyword
constraints. In particular, queries without any keywordsteaint may run faster against a node table that
is clustered, say, in document order [Grust et al. 2004].

Of course, keyword constraints are often selective andrblsto reduce the size of intermediate result
to be joined. With separate node and content tables, sucieguaee also easily processed through a simple
join on the document node labels. Here the RDBS query keutehaatically gures out whether to start
the join with the structure or keyword constraints. Howepetentially selective schema constraints (such
as a speci ¢ combination of tag paths in the query) are nagrtakto account.

Therefore theRCADG combines tag paths, keywords and elements in a single etdadae which
is clustered by tag paths, keywords and elements, in thar.oféor queries with selective schema and
keyword constraints, this reduces the I/O during the elérwmk-up. However, unselective constraints
may cause more disk pages to be accessed than with the sepads and content tables, due to the
clustering. Thus schemes likPath Acceleratorand theRCADGare optimized towards distinct kinds of
qguery. However, while the difference between separataugazsmbined indexing of content and structure
is crucial in native XML retrieval (see Chapter 6), the impiache relational scenario is probably lower.

The way element contents are indexed also has an impact oncholbtain an XML serialization of
the query results. Grust et al. [2004] sketch a method taeékliL fragments on the y by sequentially
scanning the node table in document order. Sinc&BADGs element table is clustered by tag paths and
keywords rather than elements, this could result in muctoendisk I/O. Therefore we keep the original
documents and the byte offsets for all elements instead. dlldws to retrieve the original serialization of
any result element from the documents in time linear in the of the XML fragment, not the overall size
of all documents.

8.7 Optimizations and Open Problems

The most obvious way to enhance query evaluation withRBADGfurther is more sophisticated query

planning based on selectivity estimates of keywords, talgspand combinations of both. An interesting

guestion in this context is how much of the planning can béze@outside the RDBS and at which point

the relational optimizer must be modi ed. As shown befonegry planning is also tightly related to query

rewriting, where more advanced rules might be developefhdiy much work has been done in the eld of

XML query optimization so far, which is largely complemenytéo our approach. For references to related
work, see Section 8.4.3 above.

Another obvious enhancement of tRE€ADGis the use of a structural join algorithm in the RDBS.
However, at the time of this writing such XML-speci ¢ funofiality is not available in most off-the-shelf
database systems. Realizing structural joins as useredfinctions might be considered in the future.

We have also outlined how tHRCADGseamlessly integrates keyword signatures, a heuristioiigae
from Information Retrieval, in order to detect keyword maches early during schema matching. How-
ever, in a small-scale experiment this technique did noeditp the query evaluation. A more thorough
analysis is needed to understand whether this observadsiohalds for other queries on different document
collections.

Finally, it should be mentioned that tRECADGcould in principle be combined with labelling schemes
other thanBIRD, although this would require parts of the query rewritinarming and matching to be
revised. Chapter 3 has presented a small number of alteeriakielling schemes with similar expressivity.
In particular, an approach with better update support, iss@RDPATH [O'Neil et al. 2004], could be
attractive at least for certain applications with highlyndynic document collections. However, SirRI®D
offers high query performance combined with reasonableespansumption and integrates well with re-
lational query evaluation, we believe that it is a good chdar possible future work on tHRCADG
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CHAPTER
NINE

Caching Techniques for Incremental XML Retrieval

9.1 Overview

The preceding chapters have introduced different corttabs to making the evaluation of XML queries
more ef cient. So far it has been assumed that each quenaisiatedirom scratchi.e., regardless of any
previously computed search results for the same or othetegueHowever, in a typical query workload
there may be numerous queries whose results overlap atgedstlly. This applies in particular to an
iterative retrieval process as discussed in Section 1.8revthe user is encouraged to modify and run a
given query repeatedly in order to improve the retrievalitss This chapter reviews different ways to
store available query results irqaery cachafter evaluation so that new queries might be answered based
on these cached results. Such reuse of query results isl gadieemental query evaluatioin the sequel
because parts of the answers to future queries emerge gyatluréng the retrieval process. In the literature
the termsemantic cachings also very common. The main challenge in incremental gpesgessing is to
detect and exploit containment or overlap of query resduills @anly a small overhead for the cache look-up.
Later a new query cache will be presented that allows to dortture ef ciently than with the approaches
discussed in this chapter. Experiments will also show thatncremental evaluation of a given query is
often much more ef cient than its evaluation from scratch.

Since cached query results can be regarded as views on {péneariginal document data, incre-
mental query processing is an instance of the problem ofygaeswering in the presence of views.
Calvanese et al. [2003] distinguish the following two vat&of the problem: irview-based query con-
tainment queries and view de nitions are compared on the intenditaval only, i.e., without accessing
the actual data. By contrast,wiew-based query answeritige results of a given query are computed from
both the view de nitions and extensions. Notice that thiguiees the views to be materialized. Query
answering with views is notorious for being inherently cdexgn the relational data model, and the same
is true for semistructured data (see below). Despite thie thigoretical complexity, however, many differ-
ent approaches have been proposed that strive to push tttearaf ciency of incremental XML query
processing to its limits. They build on a variety of diffet@omputational and data models and retrieval
techniques such as, e.g., native XQuery engines [Chen andeRsteiner 2005; Shah and Chirkova 2003]
or XQL engines [Quan et al. 2000], two-way nite state autdéafCalvanese et al. 2002], tree automata
[Chen et al. 2002] okightweight Directory Access Protoc@lDAP) servers [Marron and Lausen 2002].

This chapter reviews a selection of representative appesato the incremental evaluation of XML
gueries using some sort of query cache. A thorough compagsd survey of the topic seems to be
missing as of the time of this writing. Besides the undedyitata model and the expressiveness of the
query language, there are other potential criteria for amispn and classi cation. For instance, one could
start out by distinguishingchema-awar@and schema-obliviouapproaches, as for the relational storage
schemes in Chapter 7. However, most systems reviewed bélbar égnore the document schema or
consider it only for query evaluation from scratch, but rmtd¢aching purposes. As a tentative guideline
to this overview — but also for future work in the eld —, thellfiwing questions highlight the most salient
issues that can serve as marks of distinction when compiigcaching techniques.

129



9.2. XML QUERY CONTAINMENT AND OVERLAP

1. query representatian Which query language and features are supported? If queidg be partially
answered using uncached data, which query engine is uséthtquurpose?

2. cache representationHow are cache contents represented? Is the representagosional or ex-
tensional? Is the cache held in main memory, or secondarggstoor both?

3. cache usage Does the cache exploit or require a DTD or other schema gpg¢ion? Can
results of distinct cached queries be combined to answeres giew query?
How to choose the best among alternative reusable quettles @ache? Does
the system support a combined evaluation from the cacherandscratch?

4. query comparison How are cached and new queries compared? Does the systemctantage
of result overlap, result containment, or only the repe&euation of the
same query? What is the time complexity for detecting quentainment or
overlap?

5. scalability: How does the system avoid cache over ows? Is there a cagilacement
strategy? Does the overhead for cache look-ups grow withabke size?

6. practical bene t Has the system been evaluated experimentally to quahgfgtactical bene t
of incremental query evaluation compared to the evaludtiom scratch?
How effective and ef cient is the cache look-up?

9.2 XML Query Containment and Overlap

Before reviewing a couple of methods for processing XML égeeincrementally, a formal description of
the underlying decision problems is in order. The fundamemdtion ofquery containmentas already
been mentioned. It is often understood in a fairly abstrante with no regard to the actual representation
of queries and their results, and sometimes even used wispegifying its formal semantics. Intuitively,

a queryQt is said to contain another que® iff the answer taQ° subsumes all matches@'. Typically,

this intuition implies that ifQ° containsQ" and the result o€° is available in the cache, thepl' can be
answered from the cache only, without accessing the ofligm@uments or any representation thereof.

However, after taking a closer look it turns out that whetharess to data outside the cache is needed
to evaluateQ" depends on the exact representatiolQ66 answer in the cache. In fact, the conclusion
just mentioned silently assumes that each node in the dauumeeD that is part of some match Q°
is cached together with its entire subtreeDn For instance, supposg® = /person/name andQ" =
Iperson/name[.="Lee"] , whereQ" restrictsQ® with an additional keyword constraint. Obviously
the set of matches tQ" is a subset of the set of matches@5, henceQ® containsQ" in the above
sense. However, to proce®S incrementally, we must have access to the full textual aaraéthe name
elements iMQ%s answer. If matches tQ° are only represented as sets of unique element labels iadhec
(asin the result tables produced by RE ADGevaluation that was presented in the previous chapter), the
answeringQ" requires access to data outside the cache. Thereforesdisguhe question of access to
data inside or outside the cache generally makes sense dhlthe& concrete data representation of a given
caching approach in mind.

A second notion that is fundamental to incremental XML eatai isquery overlapor partial query
containment The overlapping of two XML queries that do not fully contaach other is ignored by
almost all caching techniques we know of, and therefordyae ned in the literature. In fact, there are
multiple ways how queries can overlap or partially containteother, some of which are easier to exploit
than others. Figure 9.1 on the next page contrasts diffesgs of overlap/partial containmeat{c.)
with full query containmentd.). The following de nitions capture these differencedn this context,
recall from De nition 2.3 on page 10 that each match to a qu@iig essentially a set of document nodes
that together match the query node€inGiven such a matcé, letv(a) be the set of document nodesan

IHere we assume a xed document collectibragainst which the queries are executed, as before. Not¢hénale nitions in
this chapter are easily generalized to capture query contit and overlap without a xed document collection.
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cached new cached new
person person person person
name edu  sex name profile name edu  sex name L. 5ex
female
Sex D‘,
"female”
a. overlap (De nition 9.1) b. node-containment (De nition 9.2)
cached new cached new
person person person person
name sex name profile | name sex name sex
"female”
Dm sex 3’
"female”
¢. match-containment (De nition 9.3) d. (full) containment (De nition 9.4)

Figure 9.1: Query containment and overlap. Each of the fobrggires depicts a cached query and a new
query to be evaluated incrementally, together with thetieesions (matches) in the document tierom
Figure 2.1b. on page 8. Note that sub gures-d. show different pairs of queries and results with a vary-
ing degree of similarity. Four decision problems are pres&rroughly speaking, in order of decreasing
hardness for most caching systenas:Overlapping queries only share individual elements inrtresults.
Missing elements or entire matches must be retrieved froatdt b. If the new query is node-contained
in a cached query, some of its matches are entirely presém tache while others must be computed from
scratch. c. A cached query that match-contains the new query providésaat some elements for each
match of the new queryd. Full query containment guarantees that the cached quenynsane restrictive
than the new query, and that all elements in the query resulpi@sent in the cache. However, note that
the cached query result may need to be purged of false maidtieespect to the new query.

De nition 9.1 (Query overlap) Let @F and @' be two queries. We say that Qverlaps withQ", @® Q",
iff for at least one match™&2 angQ") there exists a matchz angQ°) such that ya") \ v(a) 6 0.

De nition 9.2 (Node-containment) Let @F and Q' be two queries. Besides, let Be the subset of matches
to Q" that share Rodes with matches @,Qe., A=fa"2andQ"j9a2 an{Q®) : v(a") \ v(a) 6 0g.
Finally, let Vign = ~ goan V(@) and e =~ gpanqqe) V(8). We say that Qnode-contain®", Q° , Q", iff
QC Qn and \bc VQn.

De nition 9.3 (Match-containment) Let F and @' be two queries. We say thaf @atch-contain€",
Q¢ Q" iff for each match &2 ang Q") there exists a match2angQ°) such thata") \ v(a) 6 0.

De nition 9.4 (Query containment) Let F and Q' be two queries. We say thaf (fully) containsQ",
Q¢ Q" iff Q° match-contains ®and & node-contains @
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schema constraints | query constraints complexity proved by
A | R A ExpTime -complete | Neven and Schwentick 2003, Wood 2003
with DTD /] coNP -complete Neven and Schwentick 2003, Wood 2001
/ s /) s * PTime Neven and Schwentick 2003
A | I A coNP -complete Miklau and Suciu 2002
without DTD I PTime Amer-Yahia et al. 2001
T | PTime Wood 2001

Table 9.1: Complexity of XPath query containment with sedd@query and schema constraints.

9.3 Complexity of XML Query Containment

As mentioned before, the incremental evaluation of XML déegebased on cached results depends on
methods to detect containment or overlap between querige®inache and a new query to be answered.
Many papers have studied the theoretical complexity of yjeentainment on semistructured data for
different query languages which are mostly based on reguatir expressions. There are a number of
parameters to the query containment problem that have édewable impact on its theoretical complexity.
These parameters include: (1) the query language used tessxiiie cached queries or views and the new
query; (2) the input alphabet (i.e., set of symbols in the Xticuments) which may be either nite or
in nite; (3) whether we are interested in containment omeita xed set of documents or any document
collection or all documents that are valid with respect taveig schema speci cation (e.g., a DTD); and,
most prominently, (4) particular features and restriction the query language, schema (if any) and the
concrete queries to be compared.

Table 9.1 summarizes some important complexity resultseanng the containment of XPath queries
with various constraints on the queries and the documeinsah The complexity of XPath containment
depends mainly on the allowed features of the language, (@lgch axes are used) and on the avail-
ability of schema constraints (e.g., in the form of a DTD). s$flauthors have studied different com-
binations of XPath features such as predicatd$ (*), wildcard node-test (* ") and thechild and
descendant axes (*/ ", “ I ). They found that unless* " and “/ " are both allowed, XPath contain-
ment can be decided in polynomial time [Amer-Yahia et al. 200/ood 2001; Miklau and Suciu 2002].
Miklau and Suciu also describe an algorithm for decidingaomment in polynomial time that is sound, but
not complete. The situation is different in the presencecbhéma constraints, however. As Wood [2003]
points out, child or sibling constraints inferrable from @M permit to detect some cases of containment
that are not visible from the query intension alone. Yet stanfistraints also increase the complexity of the
qguery comparison. Neven and Schwentick [2003] show thabas as predicates are allowed, deciding
XPath containment in the presence of a DTD requires exp@id¢inte.

Various other query and schema constraints have been evediih the literature to obtain a more
precise picture of the complexity of the problem. For insgrNeven and Schwentick extended the XPath
language with existential variable bindings and disjunrtti Wood inquired into child, sibling and func-
tional constraints in DTDs as well as certain restrictiohtag repetitions in DTDs and queries. Before,
Deutsch and Tannen [2001] observed the impact of integohstraints on XPath queries in the presence
of DTDs. Others have dealt with different query languages: ifstance, Calvanese et al. [2000; 2002;
2003] considered both conjunctive queries over relatioi@ls and regular path queries over semistruc-
tured views of the documents, stressing the impact of whetteequeries are expressed in terms of the
original or the view alphabet. They proved that decidingtaotment of regular path queries (with or
without inverse axes) needs exponential time in any cageagh the tight complexity bounds vary.

9.4 XML Query and Result Caching

9.4.1 Incomplete Trees

In general a query cache can be expected to contain only pe information needed to answer a given
query. Abiteboul et al. [2001b] therefore represent caapesty results in a data structure that also speci-
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es which information is missing in the cache. To this endJieawork by Imielinski and Lipski [1984] on
incompleteness in relational databases is applied to dasisemistructured data and query model. Unlike
most other authors, Abiteboul et al. regard the XML data ¢p&iached as unordered. They describe the
document structure using a structural summary that is @fedg a simpli ed variant of a DTD. The struc-
tural summary is mainly used for formulating queries. Anyeuis a pre x of the structural summary,
i.e., a subtree of the summary tree that includes its rogétteer with optional keyword constraints and tag
negation predicates. Queries may contain branchings dfpteutoot-to-leaf path patterns. More advanced
features such as XPath's tag wildcard (") and the descendant axis{* ) are not supported.

Abiteboul et al. propose thencomplete Treeas a main-memory cache data structure that comprises
both extensional and intensional parts. The extensiondlgiahe Incomplete Tree is a pre x of the
documenttre®, i.e., a copy of the upper part 8f (including the root oD) that gradually becomes larger
as more and more query results are being added to the cacing detrieval? To indicate which data
are missing from the cache, the logical complements of ahed queries are intensionally represented
by extra nodes in the Incomplete Tree that have keyword caing$ or DTD-style multiplicity predicates
attached. For instance, an intensional node below a ppéople =person=namein the Incomplete Tree
might specify that the occurrences nAmeelements in the cache exclude elements whichat@ontain
the keyword‘Lee” . This information is inferred by negating queries whosaelltssare to be cached (in
the example, a query involving the patipeople =person=namecombined with a containment constraint
for “Lee”). Using the incompleteness information, non-redundemainder queriegan be created in
polynomial time, i.e., queries extracting precisely thpsets of the desired data that is missing in the
cache. Abiteboul et al. even claim that so-callecal queries which are evaluated with cached elements
as context nodes, retrieve exactly the missing elements fine documents. However, it remains unclear
how document subtrees which have never been cached (dumsrasmatch with all prior queries) can
be reached when using cached elements as context nodesovdprine authors concede that generating
non-redundant remainder queries does not guaranteeqalaeticiency. No experimental evaluation is
provided in the literature.

A second issue concerns the size of the cache. Note thaf\@pgenissing information through query
negation may result in an exponential growth of the cachédtelbul et al. point out that this is a general
lower bound for representing the complement of a sequenge@ies in the cache. They also describe
several workarounds which guarantee a maximum cache sitastipolynomial in the total size of all
cached queries and their results. However, these techsajtreer make the cache look-up more complex
(in some cases, NP-hard) or further restrict the query laggu

An alternative way to bound the cache size has been develpkiistidis and Petropoulos in 2002.
Their XCacher system builds on the work by Abiteboul et al. and comes withpsut for a subset of
XQuery. Simpli ed XQuery expressions (no query nestingsaiment order, oLETclauses) are rst trans-
lated into expressions of the same pre x-selection quenglege that has been used by Abiteboul et al.
(see above). The main differenceXfachercompared to previous work lies in its central data strugture
theModi ed Incomplete Tree (MIT)The extensional part of the MIT is similar to the originattmplete
Tree. Unlike the latter, however, the MIT intensionally ciélses the data currently cached, rather than the
data missing from the cache. Thus there is no need to compety gegations when adding results to the
cache. Combined with a partitioning of the possible elencentent into a limited number of prede ned
domain ranges (e.g., xed intervals for numeric data in tbeuments), this avoids the exponential growth
of the incomplete tree. Notice that although both system®sll elements on root-to-leaf paths to query
matches in the cache, they still assume that the extengianadf the cache tree can be held in main mem-
ory. To cope with obviously resulting space limits and avcadhe over ows, Hristidis and Petropoulos opt
for expelling selected cache contents, and also sketch@esimplacement strategle@st-recently used

9.4.2 HLCaches

HLCachesby Marron and Lausen [2002] is a cache for XPath queries. Hh€achessystem uses an
LDAP server as its storage back-endDAP (short forLightweight Directory Access Protogdk a net-

2Since queries do not contain descendant steps, querysresuttprise all nodes on a root-to-leaf path in the documest tr
Adding such a result to the Incomplete Tree is thereforeaptaed to preserve its pre x property.
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working protocol for accessing TCP/IP-based directoryises [LDAP]. TheLDAP server provides a
guery interface for simple navigation in the directory trétlCacheauses theDAP infrastructure and
guery engine for storing and retrieving the contents of XMicdments, as follows. Each XML element or
text node is stored as a node in tHeAP directory tree. Th&DAP server also maintains metadata includ-
ing the distinct kinds of directory nodes and their nestimlgich resembles the schema tree for XML data
introduced before. This schema information is used foruatidg queries from scratch, but not for query
comparison. An XPath query to be evaluated is rst split intioqueries each of which entails a separate
guery against theDAP directory. During the creation dfDAP queries, XPath navigation patterns in the
XML document tree translate to navigation patterns inltBAP directory tree. Note, however, that the
LDAP query language described by Marron and Lausen does nobveuglpXPath axes. In factlLCaches
seems to be restricted to XPath queries involving onlydhiégd anddescendant axes as well as their
inverse relations.

SpecialLDAP nodes are reserved for caching processed queries and ékaltst The query cache
contains for each evaluated subquery the correspondinth@Raression (represented both as a string and
a hash code) as well as the set of elements matching thategbdiach result element is stored together
with its context node. This allows for the following combiéhimtensional and extensional query compari-
son. A new XPath query is decomposed into subqueries whaseduales are looked up in the cache part
of the LDAP hierarchy. Subqueries are normalized before the look-uajpture XPath-speci ¢ syntactic
variants such as inverse axes, etc. For each cached subgbesg intension (i.e., XPath expression) is
equivalent to a new subquery, the sets of their context natiesompared to determine whether the two
subqueries are equivalent or overlapping. In particuldhg cached set of context nodes includes the set
of context nodes of the new subquery, then the latter candleaed entirely from cache contents.

Notice that query containment detection is limited to theskequeries that have been processed in the
same form before (modulo syntactic variation). By confreathed subqueries that are strictly more gen-
eral than a given new subquery are not recognized as reuddtigemight seriously limit the effectiveness
of the cache (no experimental results fdtCachesre given in the paper). Moreover, Marrdn and Lausen
do not explain how to combine cached queries that only plgrtantain the new query with other over-
lapping cache contents or with fresh results retrievedctlirédrom the documents. In particular, the related
issues of duplicate elimination and integration with thaleation from scratch are not covered. Finally,
no strategy is given for decomposing new or cached queriles tooked up or stored in the cache.

9.4.3 Pre x-Based Containment

Another XPath cache with a string-based look-up procedaseproposed by Mandhani and Suciu in 2005.
Their approach covers a subset of tree-shaped XPath g(eriearticular, onlychild anddescendant
steps are allowed, and value joins are prohibited). Theesyséquires a hybrid storage back-end to com-
bine relational data and XML fragments representing théeaontents. The cache consists of a number
of tables containing both the query intensions (as stringd)query extensions (as XML fragments). Sim-
ilar to HLCachesany new quer@" is split into subqueries which are then normalized and ssred as
slightly modi ed XPath strings. These strings are lookedmthe cache in order to nd a cached quepy
that contain®Q". The main difference telLCachedies in the way queries are decomposed and compared.
In particular, the technique put forward by Mandhani andi$does not only retrieve identical subqueries
in the cache, but also bene ts from certain cached queriagisate strictly more general than the query to
be evaluated. Note, however, that while the system offenigdd support for checking the containment of
numeric value predicates in queries, keyword constraiatmot be compared during the cache look-up.
Besides, partial containment in cached queries is not @egloany given query can reuse results from
at most one query in the cache, and there is no way to complete cached results with other results
computed from scratch.

Mandhani and Suciu focus on a special case of full query aomiant that we refer to are x-Based
Containmentn the sequel. Given any tree-shaped XPath q@ret thequery axisof Q be the path from
the root of the query tree down to the unique XPath result iodg A query pre x of Q is obtained by
choosing any node on the query axi<p#s asplit nodeand removing all nodes below it. Obviously there
are as many distinct pre xes @) as there are query axis nodes. The unique pre Qafat is obtained by
choosingQ's result node as split node is said tofm@ximalbecause it includes the whole query axigof
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The following suf cient condition for the containment of &w queryQ" in a cached quer®‘ is
proved by Mandhani and Suci®® containsQ" if a split nodeq" on the query axis oQ" can be chosen
such that (1) the resulting pre x d@" is equivalent to the maximal pre x o®°¢, and (2) each predicate
below the result node d®° is mirrored inQ", by a predicate below" that is either equivalent or more
selective. Intuitively, this means th@F andQ" are equivalent down to the level of the split naflén Q",
andQ° is no more restrictive tha@" in the remaining query parts. The main problems are to chaose
suitable split node iQ" such that there are cached queries satisfying the rst ¢mmdiand then to check
ef ciently whether they also ful Il the second condition.

The tables used for storing any cached qu@fyinclude columns for the maximal pre x of° and
for the set of predicates below the result nod&f These subqueries 6I° are stored as strings, after
some normalization intended to unify XPath-speci ¢ sytitagariations. An index on the pre x column
enables the fast selection of cached queries with a paatiouiximal pre x. When a new que@" arrives,
rst its maximal pre x is looked up in the cache (i.e., the vdsnode ofQ" is chosen as split nodg' in
the beginning). Every cached query with the same maximax fadter normalization) is then examined
to determine whether each of the predicates below its resale has a counterpart @" that is either
equivalent or more selective. To avoid the expensive coatjout of tree pattern embeddings between
predicates iMQ® and Q", Mandhani and Suciu suggest creating certain generaimmf the predicates
belowq" in Q" as soon as the split node is chosen. With this sort of quergresipn, the above condition
on Q%s predicates is easy to check: each of the result-node gatedi inQ® must appear in the expanded
set of predicates belog" in Q". Note that for ef ency reasons only a limited number of getieed
predicates can be created, which might cause reusableeguiethe cache to be overlooked. Also there is
no index on the cache table for supporting the predicatelkchec

The rst cached query that is proven to cont&R in this way is used for answerin@" incrementally.
If the predicates ifQ" are strictly more selective than thoseQf, then the cached result QF is restricted
accordingly. By contrast, if no reusable query could be tbimthe cache, the next higher node on the
query axis ofQ" is chosen as split node, and the query expansion and loo&egpmence. This bottom-
up iteration throughQ™s axis nodes stops when either a containing query is fourttiéncache or the
query comparison eventually fails for the root@f (in which caseQ"™ must be evaluated from scratch).
The search for a good split node @ is performed bottom-up because a greater speedup is edpecte
whenQ° andQ" share alonger pre x, since fewer predicatefhneed to be evaluated on a smaller cached
result. In the experiments an average speedup factor of @6obtained compared to the evaluation from
scratch, for a large query workload including many queriik l@cality (which a favourable to incremental
processing). As a small caveat, Mandhani and Suciu meritadrilie results also re ect the locality of disk
pages fetched before the actual experiments, when the &acheated. This could mean that for systems
with a persistent cache, where no disk pages are fetchedgdstart-up, the absolute response times are
longer and hence the speedup factor is smaller.

9.4.4 ACE-XQ

The ACE-XQ system by Chen et al. [2002; 2003; 2004; 2005] (form&iGache[Chen et al. 2002]) an-
swers XQuery expressions using materialized viewsoAtainment mappinig established between the
variables in a new XQuery expression and a cached one. Terlisqueries to be cached are normalized
and then described in terms of the variables occurring irRlB@URause or elsewhere in the query, the
path expression connecting them and conditions such asdrdysonstraints. To bene t from cached re-
sults, variables in the new query may only involve strictenditions on structure or content than their
counterparts in the cached query. In other words, only fulbrg containment is exploited (although
Chen and Rundensteiner [2005; 2002] report on experimessalts for overlapping queries, which are
not explained). Recent work by Chen and Rundensteiner [2£l@borates on XQuery containment in the
presence ofiierarchical multi-valued dependenciasiong variables, which can de ne different groupings
of the same data. Cache replacement strategies have bdmustuthe 2004 paper by Chen et al. However,
the problem of how to choose the best cached query for cans&ihmapping remains open.
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9.4.5 Caching Based on Access Frequencies

Shah and Chirkova [2003] address the materialization of XN#ws on relational data accessed through
an XQuery interface. Unlike all other approaches mentiauefdr, they assume a constgonery workload
i.e., a xed set of queries repeatedly evaluated by the sysfEhe results of the most frequent queries are
stored as XML text fragments in a cache relation. To this edess countensecord which tuples are
used most often in query processing. From time to time, dedéhier frequently used tuples is added to the
materialized XML fragments, provided they are related ® ¢hche contents in some way (e.g., because
they contain the same keywords). The authors claim that #te td be cached is chosen by a learning
algorithm, although the choice is made primarily based envhlue of the access counters, and there
are no adaptive parameters that change over time like, ssghtg in neural networks or other machine
learning paradigms. Also there is no training phase in tlitnary sense, where some sort of feedback
loop leads to a stepwise self-adjustment of the adaptiviesyparameters. The only adaptive parameter
is the threshold for selecting data that is access suf tjesften to be cached. However, the value of this
threshold is determined once empirically and then staysl. xe

The caching scheme proposed by Shah and Chirkova has a noftisadvantages. First, the cache
creation and maintenance requires much manual intervehyidhe database administrator. In particular,
the choices to be made by the administrator include a valuéh®oaccess count threshold, queries for
testing it, the relations to be monitored, and a suitableszhfor the cached data. Furthermore, since
guery results are cached as strings representing XML fratgnthey cannot bene t from XML indexing
techniques nor can they serve as partial results to newegdhieir structure being invisible to the relational
guery processor. This makes it hard to exploit query comtaimt and overlap in many cases. In fact, the
experiments reported by the authors mostly show that vétigeXML results materialized after a previous
run of the same query takes less time than computing the amgae from scratch, which is trivial.

9.4.6 Argos

The Argos system by Quan et al. [2000] addresses incremental quetyatican from a different point

of view. Targeting view maintenance for dynamic resour@teassumes a xed query workload known
in advance that is evaluated repeatedly against documdrith whange over time. Contrast this to the
approaches described before, which are designed to hamdiepsly unseen queries against a static docu-
ment collection. Covering a fragment of tree-shaped XQLriggeArgosretrieves cached results to queries
that have been processed before. During an initializatlmase, all queries are evaluated once with their
keywords removed in order to produce materialized viewshencurrent structural matches in the docu-
ments. Those matches that also satisfy the keyword condifoce agged using truth values. The ags
guide the both the cache look-up and the insertion of new idé&tahe collection. Whenever the textual
document content changes, the ags for all affected stmattmatches are updated accordingly. However,
to cope with changes to the structure of the documents quaitist be reevaluated. Note that query overlap
and partial query evaluation using materialized views ateeramined. Besides, Quan et al. only evaluate
the proposed update algorithm, while the look-up ef cieigignored in their experiments.

9.5 Summary and Discussion

The goal of this chapter was to provide an informative, dlben-exhaustive, overview of different caching
techniques for the incremental evaluation of XML queridse Various contributions reviewed above differ
in their way of representing queries, documents (possittjuding the document schema) and cached
results; looking up reusable query results in the cacheutitrqjuery comparison; handling previously
unseen queries and partially relevant cached results; ioamghbcache contents with each other and with
data retrieved directly from the documents; maintainingj@eaning up the cache over time; and evaluating
the practical bene t of the system on a real-world scale. fidgt of this section highlights problems and
potential optimizations that have been largely ignorecasoSome of these issues will be reconsidered and
addressed in the next chapter where we present a novel appmthe ef cient incremental processing of
XML queries, based on the contributions introduced in presiparts of this work.
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Extensional cache look-up and query comparison. Most of the caching approaches described above
either completely ignore the document schema or considetiyt for query evaluation from scratch, but
not for retrieving relevant cache contents. A given pair ohehed and a new query is typically compared
on a purely intensional basis. However, the question to wkeint the results of two queries in a given
document collection actually overlap or even contain onettzar often cannot be answered from their
intensions alone. In such cases purely intensional appesatailing to recognize valuable cache contents,
needlessly repeat the (possibly expensive) evaluatian &ecratch. In terms of the Three-Level Model of
XML Retrieval (see Figure 2.3 on page 13), it may be bene thatompare queries not only on the query
level, but also on the schema level as an approximate vielweofjtiery extension that can be accessed
ef ciently.

As mentioned before, some authors have investigated thefuS&Ds for inferring structural con-
straints underlying the documents, which allow to detebenwise invisible query overlap or contain-
ment. However, query comparison in the presence of DTDs bas mostly addressed from a theoret-
ical point of view in order to derive complexity bounds, whipractical issues regarding ef cient data
structures and algorithms are often ignored. The Incorapleees used by Abiteboul et al. as well as
Hristidis and Petropoulos (see Section 9.4.1) go in thiedtion, but lack indexing support for instanta-
neous access to relevant parts of the DTD tree. Besidegriptge schema speci cations such as DTDs
are usually designed to capture a larger class of docum&he&zefore they tend to be more general than
descriptive schemata like tt@ADG which mirror the current structure of the documents moosely
and thus may reveal additional constraints to be exploitetlé comparison. In the next chapter we show
how to make use o€ADGbased schema information and a suitable index structurguick access to
potentially reusable query results in the cache.

Reuse of overlapping query results. The systems reviewed above exploit query containment toyang
extent. While some only bene t from the cache when exactyghme query is evaluated repeatedly, others
take advantage of cached queries that are strictly morergleti@an the current query to be answered.
For instanceHLCacheanakes use of cached queries containing only a subquery afetvequery to be
evaluated, by looking up subqueries independently andrésgricting their results to satisfy the remaining
constraints. However, while full containment can be haddlés way, cached queries that deliver only
part of the nal answer cannot be exploited. In fact only feystems take advantage from partial query
containment or overlap. The Incomplete Tree approach séesnerate suitable remainder queries for
completing partial query results retrieved from matchtaoring queries in the cache, at the expense of a
potential cache blow-up. By contrast, it remains uncleagtiver the proposed solution with so-called local
queries can really add previously unseen matches to they gesult, which is mandatory for exploiting
cached queries that indeed overlap with the new query, babtimatch-contain it.

One problem that most systems would need to solve befordihgralich queries is the need for an
integrated query evaluation from cache and from scratchitéhoul et al. [2001b] regard this as a kind of
mediation between the domain of the cache and the domaireadribinal documents.) The next chapter
presents a way to reuse cached query results that (perhejalypacover some matches to a given new
query, and to compute all missing matches (and missing paitsomplete matches) from scratch in an
integrated retrieval process.

Reuse of intermediate query results. All caching techniques discussed so far assume that only na
query results are stored in the cache. However, XML quenesaply those with branching path pat-
terns) are typically evaluated not in a single operatiort,rather stepwise by composing multiple inter-
mediate results that have been obtained for smaller sutegudfor instance, to answer the XPath query
Q1 = Iperson[name="Lee"/ledu , some systems would rst retrieve two node sets, namelys#éie
of person elements whosename child contains an occurrence of the keywdtae” and the set of
all edu nodes with aperson ancestor. In a second step a structural join of the two setddyoro-
duce the nal XPath result, i.e., thosedu nodes that satisfy all query constraints. Let us assume that
the nal query result is cached by any of the aforementionedesns, while the two intermediate result
sets are discarded. Now suppose that the system is givenawajuoeries for incremental evaluation:
Q2 = Iperson[name="Lee"] andQz = Ipersonfedu . Obviously neither of these queries is con-
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tained in the cached query. In fact, the result€Qefand Q, are disjoint (assuming XPath result node

semantics), while there is overlap betwe&gnandQs. In any case, a system that only exploits query con-
tainment fails to answer the new queries from the cachepadth their results were readily available to the

system during the evaluation of the cached query.

Two conclusions can be drawn from the phenomenon just destriFirst, by examining the inter-
mediate results produced during the evaluation of a cachedygne may discover query containment or
overlap with new queries, even though the nal result in thehe is too restrictive to answer these queries.
Consequently, caching intermediate results can incréaseftectiveness of the cache, allowing to exploit
guery containment or overlap that exists only up to a cedtip during the evaluation of the cached query.

Second, the bene t of caching intermediate query resulpedds not only on the query workload, but
also on the planning strategies that were in effect wheruatialg the queries that are now in the cache. For
instance, an alternative evaluation plan for the sampleyo@e above would be to retrieve three node sets
in the rst place, namely,person nodes,namenodes containing the keywofttlee”, and edu nodes.
Two structural joins would then be needed to produce the amewer to be cached. If the three node sets
were cached as intermediate results, bQthand Qs above could be answered from the cache, although
some extra effort would be needed to match gegson constraint. By contrast, the result of joining the
person and name node sets during the evaluation@f could also be kept in the cache, which would
immediately answe@s.

We are not aware of any systems that store both nal and irgdrate results in the cache. Conse-
guently, the impact of query planning on the cache contesdsbleen completely ignored so far. The next
chapter presents a new approach to caching both interreegtidt nal results, as well as an experimental
guanti cation of the resulting impact on the effectivene$she cache. There we will also discuss related
issues such as the question which intermediate resultsteca

Choice of cache contents to be reused.There are only few approaches where all query results to be
cached are merged into a single data structure, such ascibvaphete Tree used by Abiteboul et al. [2001b]
(see Section 9.4.1). Most other systems store the resutlistirict queries separately in the cache. If the
look-up for a new quen@" retrieves multiple cached queries that are not equivae@Q"tbut can be
reused, these systems face the question which cached guelnpdse in order to minimize the compu-
tation and 1/O required to answé€)" incrementally. This problem of choosing the best among regve
reusable queries in the cache is frequently ignored in tieeature. The simple strategy proposed by
Mandhani and Suciu [2005] for Pre x-Based Containment (Seetion 9.4.3) is based on a purely inten-
sional comparison of the queries, ignoring extensionatetspsuch as the selectivity of query constraints
in Q" that remain to be processed. However, just like the exteasicomparison of queries based on
schema information can help to detect query containmenterlap (see above), the choice of cached
results to be reused can bene t from access to query extesisioo. The next chapter explains a way to
combine intensional and extensional information in ordentike a good choice.

Choice of query results to be cached. A general problem related to incremental query processitigg
guestion which query results should go into the cache or l@ved from it at a given point in time. In
fact this question splits up into several subproblems tfeabmly mention here brie y. The rst question is
how to decide whether a given query is worth caching. Foaimst, a very unselective query with a huge
result might be a bad candidate because it occupies muck gp#te cache while hardly facilitating the
incremental evaluation of more speci c queries to come. 08€d¢ if we assume a xed size limit of the
cache, the problem of a cache over ow arises. Here the qurestiwhich queries to keep in the cache and
which to discard (if any). An imminent cache over ow may abftect the selection criteria for new queries
to be cached, thus relating back to the rst problem. Findtly some applications it might be useful to set
up a functional cache at system start-up, rather than tobweigh an empty cache. Here the problem is to
generate appropriate cache contents before the actua¢sgeme in.
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CHAPTER
TEN

TheRCADG Cachéor XML Queries and Results

10.1 Overview

With the work onBIRD, CADG and RCADGthat has been presented before, we have developed and
combined different contributions to making XML retrievabne ef cient. An underlying assumption was
that each query to be answered would be evaluated “fromcécrate., regardless of the answers to other
gueries processed earlier, although such previous resigtg contain some or even all matches to the new
guery being processed. In this chapter we preserR@&DG Cachgan XML query cache that allows for
ef cient and scalable incremental query processing withRICADG

The bene t of caching query results for future use was recghlong before the advent of XML.
Experience with view-based query answering on relatioatd Halevy 2001] shows that the incremental
evaluation based on cached query results can substartgdhpve the performance of RDBSs compared
to the evaluation from scratch. In fact, the main problentestee to caching are similar both for relational
and XML data: (1) to determine which cache entries contaant(pf) the desired data, and (2) to choose
those cache entries from which the nal result can be obthinih the smallest computational and 1/0
effort. Yet for accelerating XML search it is not enough tgpbptechniques developed for view-based
query answering in RDBSs to XML data stored as tuples. Anieixpepresentation of the hierarchical
structure of the data is needed to decide if and how some dagrery results can contribute to answering
a given new query (except in the trivial case where the sameyds asked repeatedly).

The preceding chapter has reviewed a number of cachingitpesdesigned speci cally for the incre-
mental retrieval in XML documents. Among these approactiese are few RDBS-based systems. Prior
work on XML query caching has focussed mostly on native oriaytetrieval engines. Therefore the idea
of extending th&R CADG— which owes much of its ef ciency and scalability to its ety relational nature
—to incremental query processing was a particularly istérg challenge in its own right. But besides that,
theRCADG Cachealso addresses some of the other issues mentioned befoeathar approaches have
left open.

Most notably, we present a way to take advantage of schermeniation provided by structural sum-
maries for nding reusable queries in the cache that wouldvexlooked by purely intensional approaches,
and for retrieving cache contents that overlap with therddsinswer. More precisely, tiskehema hitshat
we compute when evaluating queries with R€ADGalso help to detect query containment and overlap
ef ciently in a combined intensional and extensional comigan procedure. Here we exploit the fact that
even when two queries cannot be compared directly, the&rsehhits can.The schema hits of a cached
queryQ are held in a main-memory index structure for fast cache-igod without access to the actual
query results on disk. Comparing the schema hit®bandQ may reveal that while the matches to some
schema hits t@Q" must be computed from scratch, others are (perhaps pg@rtiahtained in the match
set of a schema hit tQ; in other wordsQ overlaps withQ". Similarly, if the matches to all schema hits
of Q" are fully contained irQ's match sets, the@ containsQ". After the query look-up and comparison,
an integrated evaluation process retrieves part of theresiilt of Q" from one or more cached queries, if
possible, and the rest from scratch.
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The different notions of query containment and overlap Hasen formally de ned in the preceding
chapter (see Section 9.2). Recall that while results of &e@dcjueryQ containing a new quer@®" may
only need to be purged of false positives with respe@toexploiting query overlap or partial containment
is more challenging because it allows only for an incompéstadluation ofQ" to be nished in following
steps, perhaps by accessing the full data set. As shown ind~jla—c. on page 131, the result of an
overlapping quer®) may be incomplete in two ways: not necessarily all par®®bére matched iQ, and
also entire hits can be missing (which might be obtained fotimer cached queries, though). Unlike prior
work addressing only query containment, where all desieg¢d i subsumed by the result of a single cached
query, we consider the more general overlap problem be¢aysempleting partial and retrieving missing
matches is usually still faster than answer@yfrom scratch; (2) the cached part of the result is quickly
available while the evaluation of the missing part is goingrothe background; (3) when performing tép-
search, those matches retrieved in the cache may even doffce |l the request. These advantages can
be particularly rewarding in the interactive retrievalsago that motivated this work (see Chapter 1).

TheRCADG Cachalso addresses the open question of how to bene t from irgdiate results com-
puted during the evaluation of queries to be cached. We Hasereed that all incremental approaches we
know of restrict themselves to caching merely nal queryules despite the fact that even when the nal
result to a cached quefy is too restricted and hence useless for answe@hga partial evaluation o®
may yield full or partial matches t@". As a matter of fact, intermediate results are sometimesymare
likely to overlap with subsequent queries (for an exampéeSection 10.3 below). Therefore tREADG
Cachealso stores intermediate results obtained during the atialuof cached queries. The intermediate
results tables produced by tRECADG(see Chapter 8) conveniently provide the query processbrmil-
tiple “snapshots” of a query result as it evolved during ttepwise evaluation process. The information
which snapshots (i.e., intermediate or nal results) arailable for a particular query in the cache is de-
rived from the query plan that was used to compute them. Bethout the underlying query plan are kept
as annotations to the schema hits in the main-memory paheotache. One problem besides ef cient
cache look-ups is to avoid a cache blow-up in space, due tdadhénformation about query intensions,
extensions and plans in the cache.

Finally, we consider a preliminary strategy for choosing ttiest among several reusable queries in the
cache. Based on the query plans for the candidate quelties)ative plans are deduced for incrementally
answering the current query from the respective resultiéncache. These plans are then compared in
terms of their execution cost, in order to exploit possilbly most useful cache contents.

Before explaining the nuts and bolts of incremental XML guerocessing with th&@RCADG Cachg
the next two sections present a couple of examples thatraliesthe general ideas behind our approach.
Section 10.4 then explains to what extent READG Cachéakes advantage of query containment and
overlap. In Section 10.5 all essential data structures &gatithms of the cache are presented in detail.
Section 10.6 reports on our experimental evaluation oREBADG Cache The rest of the chapter high-
lights differences to other approaches as well as opendssupossible optimizations.

10.2 Schema Information in theRCADG Cache

Schema information is useful for incremental query proogsbecause it helps to detect query overlap
or partial containment for queries that are hard to compara purely intensional basis. For instance,
consider the three queries in Figure 18-4c. on page 143 which represent the intensional viewpoint,
depicting exactly the information that is visible on the guievel. For the sake of the example, assume
that the nal results of the querie®®andQ (a., b.) have already been retrieved and stored in the query
cache (ignoring its exact structure for the moment). Notie the third quen@" (c.) cannot be proved

to be contained in any of the cached queries from the intessitone: the keyword constrairitee” and
“female” makeQ" more restrictive tha® andQC but at the same time the tag disjunctigender_ sex

is less restrictive. Thus we cannot decide whether the ttes@t sets overlap, nor retrieve exactly the
intersection ofQ" with Q or Q% unless we compare the actual results in the documentse 8ircwould
requireQ" to be evaluated from scratch, the cache contents seemsialasswerind". However, below
we show how to translate the intensions of all three quediextensional constraints on the schema level,
which are then compared in order to obtain part of the answ&tfrom the cache at low computational
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and I/O cost.

In many situations the schema information is indispensilnlexploiting cache contents. For a cached
queryQ° and a new quer®" whose intensions tell nothing about containment or overdapema hits
may show whethe®® nevertheless contair®", or else which parts ocingQ") are missing inangQ°)
and would need to be retrieved from other cached result®or fhe documents. Typical cases include the
following:

QF has aParentonstraint wher&®" allows Pareni (similar for Child and/or different proximity)
QF has a speci c tag, type or level constraint that is missin@in

QF has speci c tag constraints where@8 accepts the disjunction of a superset of these tags
any combination of the above

As mentioned above, descriptive schemata, as up-to-datenaties of the current document structure,
often allow to detect more of the reusable cache contents fihescriptive schemata, which tend to be
too general. A key concept in comparing queries on the schewehareS-constraints and-constraints
(see De nitions 2.7 and 2.8 on page 12). Recall from ChaptiéraBa given quer®" is evaluated (from
scratch) with th&R CADGIn two phases: during schema matching, we matcl$tbenstraints irQ" against
the schema tree, which produces a set of schema hits. Thamgdiacument matching we successively
retrieve the occurrences of these schema hits while mag@flis D-constraints in an interleaved process.
To rephrase the caching problem, we would like to reuse (magtial) matches to (at least some) schema
hits from cached queries with constraints similarQ®, and match only the missing constraintsQf
against themS-constraints play an important role in ef ciently nding usable queries in the cache. In
the sequel we assume that every query has at least one [Sitanstraint (caching queries withoBarent
and Child edges with th&RCADG Cachés discussed in Section 10.8).

10.2.1 A Simple Example

First consider a cached que® that has exactly the same structureisin Figure 10.k. on page 143,
but lacks the keyword constraints. Clea@y andQ" have identica-constraints and hence the same two
schema hits:?C = c?n and 02Qc = cgn (see Figures 211, g. on page 8), but possibly different result sets.
To decide whethe®°® overlaps withQ", we obviously need to compare thd3econstraints in both queries
that correspond to each other. In this simple example theespondence is easy to spot becaQSe
and Q" are isomorphic. More involved cases are discussed belowe gEmeral idea is to compare the
(extensional) schema hits matching both queries alongthvéh (intensional) query constraints. In what
we call schematizationall unary and binarn-constraints in a query are applied to those nodes of a
particular schema hit which match the query nodes involvetthése constraints. Intuitively, each query
node is “replaced” with the corresponding node in the schkinaln the sequel, leQ#cQ denote the
schematization of a given ques, with one of its schema hitg,Q. For instance, Figures 10f.1g. depict
Q”#c?n andQ”#cgn, i.e., the schematizations Q" with c?n and CZQn, respectively. Foc?n, e.g., the
schematize®-constraints ar€ontaing ee” (#2), Containgemale” (#5), Parent#2; #1) andParenf(#5;#1)
(the inversion of the binary constraints is explained atBchematizin@® with c?c yields the same result,
except that the keyword constraints are missing.

The schematization of D-constraints tells us which part®band ¢ must be reconciled: andQ"
overlap with respect t«r?n and c?c if the schematize®-constraints that we get f&@° are no more re-
strictive than those obtained f@f' on the same schema nodes. For the binary constrai@tsamdQ", this
is trivial since they are equaP@aren#2; #1) and Paren{(#5;#1) in either query). However, the condition
would also be satis ed, say, if we had a bindbyconstraintNextElt; (#2;#5) in Qc#cigc and a corre-

spondingD-constraintNextSib; (#2,#5) or PrevSit§(#5,#2) in Q“#cign (now shown in Figure 10.1). In
our example, the overlap test also succeeds for the unamstreants in both queries because the empty
keyword constraint attached to node #ZJfw cfc is obviously less restrictive than the keyword constraint
Containg ee” (#2) in Q“#c?n, and likewise for node #5. The test would fail, e.g.Qﬁ#c?c specied a
single keyword other thatiLee” for node #2 or an additional binary constraint not mirronedgi‘#c?n.
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Note that even if the test fails, the answer€XoandQ" might happen to overlap or even be exactly equal
for the particular document collection in question. Howesgeach coincidental overlap cannot be detected
without access to the document level. Hence our approacécisssarily incomplete, just like the purely
intensional techniques developed earlier.

In our simple example, thB-constraints iMQ° arenecessary conditiorfer any match taQ" because
Q¢ Q" i.e.,Qf containsgQ" as de ned in the preceding chapter (see De nition 9.4 on pE8E. In fact,
we can even make stronger statements with respect to thednel schema hits of° andQ", namely,
ans(c?c) ans(c?n) and ans(cgc) ans(cZQn). Note that such containment between the matches to
particular schema hits may hold even when the two querietifutly contain one another. For instance,
imagine thaQ® is modi ed so as to accept only elements with tagx as matches tqj, but not those with
tag gender . Clearly there is no full containme®@® Q" under these circumstances: wh)é indeed
node-contain®", as required in De nition 9.4 on page 131, the matchearis(cgn) are not mirrored in
angQ°), i.e., Q¢ does not match-contaf@". But still we haveans(cfc) ans(cfn), so that at least a part
of Qs result can be retrieved in the cache. Thus the schemiatizabmetimes permits to reuse cache
contents (in this case, the cached matchea_qc() that would otherwise be ignored.

Given thatans(c?c) ans(cfn), the suf cient conditionsneeded to retrieve exactans(cfn) follow
from the comparison of the schematiZeetonstraints irQ"#c?C andQ”#c?n. The goal is to createra-

mainder quenyfHristidis and Petropoulos 2002] that retum&x(c?n) based orans(cfc) that is stored in

the cache, without repeating work that was done for beforensdvaluating)®. Here the remainder query
n C

for computingang c? ) from ang c? ) consists simply of the keyword constrairitentaing ee” (#2) and

Containgemale” (#5). In other words, the matches dxfn are obtained by selecting those matchesﬁcoin
the cache wheré.ee” occurs in thenameelement andfemale” occurs in thesex element. If the cached
elements are stored with their textual contents, we saeaat two accesses to the documents compared to
evaluatingQ" from scratch. But even when the keyword constraints arekelteagainst the documents (as
it is the case for thRCADG Cachgsee below), starting from a limited set of cached matchatsaheady
satisfy a certain number of query constraints (e.g., alibjirtonstraints irQ°) typically substantially re-
duces the evaluation cost in terms of CPU time and I/O opmratiThis is where the bene t of incremental
guery processing comes from.

In fact we do not requir€® to node-contaifQ" in order to take advantage of cached matchalecco
as in the example above. Inste@l may well have some extra nodes not mirrore@hnwhose matches
can be fetched from the documents during the evaluationeofémainder query. While this does cause
joins and possibly 1/0, at least the cached matchezslqcotell us exactly where to nd the missing data
in the documents. For instance, supp&¥ealso included aParentconstraint to a fourth query node
with tag profile , similar to Q%in Figure 10.1a. on the next page. Retrieving the missipgofile
element for every match tQ° in the cache could be done very ef ciently with tRCADG given the set
of these matches as a starting point. Supporting overlgpgpireries in this way makes the cache much
more effective than other approaches that are restrictedltguery containment or even equivalence (see
Chapter 9). The de nition oschema-hit containmertelow formally describes the degree of overlap
supported by th @ CADG Cache

10.2.2 The General Case

The simple example above illustrates how the schematizati®-constraints reveals which constraints
in Q" andQ° correspond and must be compared in their restrictivenessle\ldr isomorphic queries this
is trivial, the real bene t of schematization shows wh@handQ° are structurally different. Two problems
must be solved here. First, we would like to be able to idgmtiferlapping queries fo®" in a (possibly
large) number of queries in the cache, and second, we need @mwampareQ™'s schema hits and cached
schema hits that are not isomorphic.

To tackle the rst problem, we also schematize gheonstraints in all queries to be cached or evaluated
incrementally. The schematization of S-constraints helps in locating eddjueries that are potentially
useful for evaluating @ Note that while this look-up technique turns out to be vefgetfve and ef cient,
it cannot guarantee to produce only relevant candidatesuseceven nding cached queries that overlap
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person
Parent,

name edu sex name gend"ervse;,x
"female” Lee female
a. cached querg)® b. cached quer® c. new queryQ"

"female”

0 n
d. QP#c® e. Q#cQ@ f. Q#c?

Figure 10.1: Schematization of three sample queries
against the document tree in Figure B.lon page 8.
a—cC. query intensions. d—g. queries after schematiza-
tion with the schema hits in Figures 21+g. Note that

Q" has distinct schematizatioris g. for the two schema Name Mo
. Qn_ Qn . . .

hits ¢;°; ¢5 , respectively. Binary constraints have been o

normalized, tag constraints are shown for convenience. 9. Q'#c;

with Q" would require access to the document level, let alone thmeontairQ". For ef ciency reasons,
we simply look up all cached queries that share an edge witméw query after the schematization of
S-constraints. For instance, consider the qu@fyin Figure 10.k. again. Schematizing the two binary
S-constraints irQ", Child{q]; g5) andChild®(d};d3), as before yield€hildY#1;#2), Child®, (#1;#5) for
the schema hic®" and ChildY#1;#2), Child®,(#1;#6) for c®". Any schematized query with one of these
edges in the cache is regarded as a candidate for the compafid-constraints, as described above.

However, there may be even more equally relevant querigseirtache that also include one of the
S-constraints above, albeit in a syntactically differentywd-or instance,Childol(#l; #5) is of course
equivalent toParen?, (#5;#1). Moreover, after schematization we can even tieatenf, (#5;#1) and
Parenfl (#5,#1) as interchangeable for anyj because the vertical distance between the schema nodes
#5 and #1 is xed, so that it does not matter which proximityibds were speci ed in the original quety.
Therefore the schematizé&constraints in any query being added to or looked up in tldlhearenor-
malized as follows: (1) evenChild® constraint is replaced with its unique equival@&arenf constraint;
(2) all proximity bounds forParen? edges are replaced with the™symbol; (3) Paren? becomesParent
to prepare the subsequent comparisoefonstraints; (4) tag, type and level constraints are dikexh
being unambiguous for schema nodes. In the ca@‘#chn, this yieldsParent (#2,#1), Parent (#5;#1)
(see Figure 10.1), whereas for;)”#cfn we haveParent(#2;#1), Parent(#6;#1) (see Figure 10.4.).

Now assume that these constraints@rare looked up in a cache that contains the results of the two
queriesQ®andQ shown in Figures 10.4. andb., respectively. As mentioned earlier (see Figuresi2.4.
on page 8)Q%andQ each have one schema m‘i’ andcQ, respectively). The outcome of schematizing
Qwith ¢, Q%c < andQ with ¢®, Q#c¢?, is shown in Figures 10d. ande, respectively. The six
binary S-constraints depicted there make up the schema-levelisniéthe cache (we ignore the cached
guery answers on the document level for the moment). LookmBarent (#2;#1), Parent(#5;#1) and
Parent(#6;#1) for Q" in the cache, we retrieve bo®%c?” andQ#c® (each sharing two binary con-
straints withQ”#c?n and one WithQ”#cgn, see Figure 10.1). Now that we have found candidates for
the incremental evaluation 6", we need to check whether there is actually query contaihoresverlap
of Q" andQor Q. This is done by comparing the schematif2donstraints. The following de nition

INote that proximity bounds may only be ignored when schezimatithe vertical tree relationShild and Parent
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captures a suf cient condition for query overlap that is lexied by theRCADG Cache

De nition 10.1 (Schema-hit containment) Let D be a document collection and let S be the schema tree
. C n . . .

for D. Besides, letQ andc Q' respectively be schema hits in S for a cached quérgr@ a new query O

against D. We say that?" containsc?", ¢ c?", iff all of the following conditions are satis ed:

1. F#c either is a subgraph of &3¢, or else contains no additional binary constraints that
introduce a proper restriction of aris ) in D.

2. Given any D-constraint in €¢c <’ that has a corresponding D-constraint if®c?", the former is
at most as restrictive as the latter.

The rst condition in De nition 10.1 explicitly states thatertain additional constraints @° which are
not mirrored inQ" may be ignored. For instance, the schematizatio@b#ith c produces the binary
constraintParent (#5; #3) (highlighted green in Figure 10dl on the previous page) which is missing in
Q”#cign (see Figure 10.fl). However, removing this constraint fro®would not alterang Q% because
the ancestors of the schema node #5 are unambiguously xedcéithis additional constraint @°can
be ignored. Since the second condition in De nition 10.1lsoasatis ed, we have s c?n.

By contrast, the other cached que@, contains a binary constraint that must not be ignored. The
Parent(#4;#1) edge highlighted red in Figure 1021 which is not mirrored in Figure 10f] indeed
makesQ more restrictive: compare Figures 2.1f. on page 8 to verify that the mateh in ans(c?n) is
not part ofang c®), because of this edge. Henc® does not contairtr?n in the sense of De nition 10.1.
Likewise, since theParent(#5;#1) constraint inQ%c<” andQ#c® (see Figures 10d., e) is missing
in Q”#CZQn (see Figure 10.4.), the second schema hjgn for Q" is not contained in any cached schema

hit. Thereforeans(cgn) cannot be computed incrementally with tREADG Cache In this way we
examine all schematized constraints in a cached query thata mirrored inQ" to decide whether the
query can still contribute matches @'. By contrast, extra constraints in the new qu@yare simply
added to the remainder query (see above). The second amidiDe nition 10.1 is checked by comparing
D-constraints as described befdre.

Through schematization we learn that part of the answete- namely, the matches to the rst
schema hi'tr:?n — can be obtained incrementally fra@Y by matching the keyword constraints ftiree”
and“female” againsang CQO) in the cache. By contrast, the rest of the answ&te- namely, the matches

to the second schema hl:i§gn — must be retrieved from scratch. Again, this distinctioruldde impossible
on the intensional level and even if a DTD were given.

10.3 Intermediate Query Results in theRCADG Cache

The examples above assumed that only the nal results oftbejueriesQ andQare stored in the cache.
However, the(RCADGevaluation algorithm matché3-constraints step-wise, not all at once. Recall from
Chapter 8 that the result of every step in a query plan is dtora separate table in the RDBS. Caching
these intermediate results can further increase the m#eess of the cache when partial matches to a
cached query happen to coincide with results for the newyo@Qer

For instance, assume that tbeconstraints in the quer@ from Figure 10.Db. on the previous page
have been matched according to the query Bi@rshown in Figures 8.14., b. on page 109. Recall that
PQ comprises three steps: in the rst two step%andsg , theD-constraintsChild(d; 1), Parent(gas; q1)
and Containgemale’ (g4) are matched, producing as an intermediate result the twohesady;az. This
intermediate result after st@ is symbolized by the blue ellipse in Figure 10.2 on the fagiage. Only
in the third steps?, the edu nodeqs is matched, causings to be discarded from the nal answer @

(grey ellipse in Figure 10.2). Thus befcx% all matches ta:?n (namely,a; andag) can be obtained from

2Note that when looking up a new schematized qu@i‘wﬁcQn in the cache, every schematized qu@"}#ch that is retrieved
shares some binaSconstraints (i.e.Parenfor Child°edges) withQ"#c<". For the corresponding binaB-constraints (i.e.Parent
and Child edges) irQ¢#c <", the second condition in De nition 10.1 is trivially ful Bd. This means that in fact this condition need
only be checked for additional constraints(@l‘i#cQC that are not mirrored i@”#ch.
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Figure 10.2: Containment and overlap of intermediate aral query results. An intermediate result for
the queryQ shown on top (center) contains two document matcagandas (blue ellipse on the bottom
level). In the last step of the evaluation @f the matchag is discarded from the nal answer @Q (grey
ellipse). Thus only the intermediate result @@contains all matches to the rst schema hﬁn of Q" (left
half of the green area on the bottom level), whei@asnal answer is too restrictive fo@".

the intermediate result & in the cache. (Observe that in Figure 10.2 the blue ellips@iieg ang c)
and the left part of the green area denomg(cfn) contain the same set of matches, namelyandag).
This makeQ a competitor ofQ%in the contribution of cached query results for evalua@ig Moreover,
Q's matches already satisfy the keyword constr@lohtaingemare (#5) that also appears iQ", but notQ°
Thus the intermediate result f@ in the cache even permits to answ@t more ef ciently than when
usingQ® The query planner described in Section 10.5 below theegioefersQ to QP thus saving an
access to the document level.

The example illustrates how the caching of intermediataltesan improve both the effectiveness of
the cache and the ef ciency of the evaluation of remaindeargs. Of course, this bene t comes at the
expense of higher storage demands (see Section 10.6 forireepeal results). In order to keep track of
the intermediate results available for the quérin the cache, we annotate each schematiz-ewnstraint
in Q with the unique step in the underlying query pBR in which that constraint was matched during
the evaluation ofQ. This allows to determine the latest evaluation stefP®after which the cached
schema hitc@ can be reused for answering the new quéfy Let ‘]CQng denote the part o) after

schematization witlcQ that has been matched before or in m;gpi.e., everything but the highlighted
portion of Figure 10.&. on page 143. In our example, we ha&as(c?n) = ans(JcQng), hence the

intermediate result fo® obtained in the stepg can be used for answering part@f.
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10.4 Exploiting Containment and Overlap with the RCADG Cache

The preceding sections have sketched how to take advantageiges in th(RCADG Cachéhat overlap
with or even contain a quei@" to be evaluated incrementally. However, not all cached hest¢o such
gueries can be exploited in that way. In fact, our techniqueses the sets of matches to cached schema
hits that contain all matches to a given schemacfit of Q", as de ned above. In other wordangc?")
cannot be obtained by combining sets of matches to multghiersa hits in the cache. Note, however, that
matches to distinct schema hits @fF may well be obtained from different schema hits or even thff¢
queries in the cache. The following de nition formally spes which part of the answer t@" can be
taken from the cache:

De nition 10.2 (RCADG Cache overlap) Let D be a document collection, let S be the schema tree for D,
and let C be arRCADG Cacheuilt from queries against D. Besides, lef Qe a query against D to be
evaluated incrementally using the contents of C. Furtheemior any query Q against D letXbe the
set of schema hits of Q in S, and I€t % Qe2C X2 be the set of all schema hits stored in the cache C.
Finally, let X= fc@" 2 XQ"j9 cC2 XC : c© ¢ c'gbe the set of schema hits of @at are contained in
any cached schema hit (see De nition 10.1 on page 144). S

TheRCADG Cacheverlapang(Q") for Q"in C is de ned as ans(Q") = .o,y angc?").

The RCADG Cacheverlapans:(Q"), ang(Q") angQ"), denotes exactly the subset of document
matches tdQ" that is taken from the cache (and possibly completed with ttatm theRCADGelement
table through remainder queries, as explained in the nexiosg. Note that we can compute the union
in the de nition of ang(Q") without checking for duplicate matches since the sets otheat to distinct
schema hits of the same query are always disjoint, as olzben&ection 2.3.

As can be seen from De nition 10.2n%(Q") subsumes all matches to those schema hitQfahat
are contained in any cached schema hit. In other words, ssiimontainment is necessary for detecting
and exploiting query overlap with tHRCADG CacheOn the other hand, remember that schema-hit con-
tainment is only a suf cient condition for query overlagg.i. there may be partial or even full containment
between queries whose schema hits violate either conditi@e nition 10.1 on page 144. This is be-
cause query overlap and containment are de ned in termseofititument matches to the queries, but the
schema-level view provided by the schema hits is only an@agppration of the actual query extension on
the document level. Hence the method to detect query ovéritpve propose is necessarily incomplete
with respect to the de nitions on page 131. However, it is pbete in the sense that a cache look-up for a
given schematization d" retrieves all schematizations of cached queries wSosadD-constraints are
equivalent or more general.

10.5 Incremental Query Evaluation with the RCADG Cache

This section presents the data structures and algorithnisdiemental query evaluation with tRCADG
Cache The cache stores the queries, query plans and query résoitsintermediate and nal) obtained
in theRCADGevaluation procedure that is described in Chapter 8. Itistasf (1) a main-memory index
structureC containing the intensions, schema-level extensions aald&tion plans of the cached queries,
and (2) the document-level matches to all cached queridshwéside in result tables in the RDBS.

Each query to be cached is normalized and schematized asbéesabove (see Section 10.2). The
resulting graph is decomposed intosthema edggshe binary constraints between schema nodes in Fig-
ures 10.H.~g.on page 143), which are then store€inThe same decomposition, applied to a schematized
new queryQ", produces the schema edges to be looked wp ihe look-up result is a mappirlgj?n be-
tween schema edges created @Y and schema edges belonging to some cached queries, togsther
information about the query plans that were used to matclattes.

The schema edges retrieved in the cache tell us which caclextbg and schema hits are candidates
for (partially) answerind". Every pair of schematizations of a cached query @hdhat have a schema
edge in common (lik@#c® andQ”#c?n in Figures 10.%, f.) must be tested for schema-hit containment,
as sketched before (see Section 10.2.2). This way we conapaeéH Q" of cache hitsspecifying (1) all
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Figure 10.3: Integrated query evaluation with R€ ADGandRCADG Cache

cached schema hits that contain a schema hiQfbfsee Section 10.2), (2) the evaluation steps providing
the right “snapshots” of their sets of matches in the cache $ection 10.3), and (3) the remainder queries
for restricting and/or completing these cached resulfgsedding on the additional constraintsQ. Once

the cache hits are available, a query plan is created for mgchinder query, telling us how to obtain the
desired matches Q" based on the data speci ed by the corresponding cache hiparips the full data
set in the element table. Since the same subsé&f'sfanswer may be obtained from distinct cache hits,
we propose a cost measure that indicates which of seveeahative plans to execute in order to exploit
the best- tting cache hit. Owing to schema information, ruplicates need to be eliminated when merging
results from distinct query plans.

Figure 10.3 illustrates the integrated query evaluatiotin whe RCADGandRCADG Cache Every
guery to be evaluated incrementally is rst matched on theesta level. The resulting schematizations
are then decomposed into schema edges, which are looked the imain-memory part of the cache.
Those schematizations for which no relevant cache contents be retrieved are evaluated from scratch,
as explained in Chapter 8. The others enter the query cosgmaghase, where query constraints are
examined in order to decide for which schema hits matcheavaitable in the cache. Again some schema
hits may be scheduled for the evaluation from scratch. Qpkmning is essentially the same for both
evaluation threads, except that for the incremental etialuanly remainder query plans are devised,
not full evaluation plans. The aforementioned cost esimnatelects the most promising among multiple
alternative plans for matching a given schema hit from tloleaThe routines for translating and executing
query plans are identical. The disjoint union of all restdisdistinct schema hits yields the nal result.
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schema edge cache edges

Parent(#5#1) 7! f h Parent(qs; 01); s(f; fcQgi ;
" fcgi

hParent(a3; o); s2 g
Parent(#2#1) 7! f h Parent(qp; q1); §; fcQgi ;
hParent (a3; o?); §O; fcgi g

0. 0y Q° Qi
Parent(#5#3) 7' f h Parent(ds;dy); sy fc¥gig
Parent(#4;#1) 7! f h Parent(qz; q1); §; fcQgig

Figure 10.4: TheRCADG CacheC gogg containing the schematized queri@¥ c?” and Q#c® from
Figures 10.4. e. on page 143. Every distincgichema edgei.e., a binary constraint from any of the
schematized queries (left-hand side), is mapped to a smabfe edgefor different queries in the cache
(right-hand side). Each such cache edge speci es (1) thresponding query edge before schematization,
(2) the evaluation step in which the constraint was matched,(3) the set of schema hits that produced
the contraint during schematization. In our example, tla@econly singleton sets of schema hits because
bothQ®andQ each have only one schema hit.

10.5.1 Storing Queries in theRCADG Cache

The main-memory paf of theRCADG Cachés a mapping from schema edges to sets of so-calietie
edgeghat indicate which queries and schema hits in the cacheupssbla particular schema edge during
schematization. Figure 10.4 depi@safter adding the querie®® andQ from Figure 10.1 on page 143,
assuming the schema hits and query plans discussed abovefei this particular cache &g qg-

For instance, consider the rst entry @ goqg, Which maps the schema edge= Parent(#5;#1) to

two distinct cache edges. The rst cache edg%arent(q;;;qﬁ;s?;f ¢Qgi, indicates that schematizing the
binary constrainParent(ds;qy) in Q with the schema hitQ produced the schema edgg and that this
constraint was matched on the document level in s?eqiuring the evaluation d. Likewise, the second
cache edge associated within C; o g States that the same schema edge is also p@%:fo Note that
the two cached queri€andQ®bind the same schema node #5 to query nodes with diff€reamstraints:
as shown in Figures 10dL, e.on page 143, the query nodgin Q has a keyword constraint féfemale”
whereas the query nodﬁ has no keyword constraint. When retrieving the two cachegdlyring the
look-up for a new quer®)”, whose schematization also contaigsthe differentD-constraints attached to
Oa andqg will need to be compared to tH2-constraints ifQ" (see Section 10.5.3 below).

In Figure 10.4 each cache edge covers exactly one scheti@tinha query in the cache. For instance,
the cache edge in the rst row represents a binary constiai@# cQ and the cache edge in the second
row represents one |Q°#CQ Note, however, that in general multiple schema hits fordhmme cached
guery may produce the same schema edge. An example is g|\Fegures 10.1, g. on page 143 where
the schema edgBarent (#2;#1) is part of botI“Q”#c andQ”#c . Therefore each cache edge stands
for a set of schema this, as indicated by the curly bracesharofl and c?in Figure 10.4. It is easy to
see that all schema hits in a given cache edge coincide orothesponding query edge, i.e., they map
its source and target nodes to the same pair of schema notsesndte that a cache edge for a particular
evaluation step has no other (but maybe fewer) schema hitsathy cache edge an earlier step in the same
query plan because schema hits may be discarded, but nat dddeg the evaluation (see Chapter 8).

As more queries are added to the cache, new cache edges fidtent binary constraints, eval-
uation steps and schema hits are associated with new oingxsthema edges i6. HenceC is a
one-to-many mapping from schema edges to cache edges.

10.5.2 Retrieving Cache Contents

Every new query to be evaluated incrementally rst undeggbe same schema-level rewriting and match-
ing procedures that were described for the evaluation froratsh (see Sections 8.4.1 and 8.4.2). In the
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schema evaluation match edges

hit step new edge cache edge

len 7 f s? 7! f h Parent(d3; qf); hParent(qs; ql);s?; fcQgii g ;
sg 7! f h Parent(q); df); hParent(qp; ql);sg; fcQgiig ;
s?o 7! f h Parent(q}; qf); hParent(qS; q(l’);s?O; fcLgii g ;
Q° | n. 4Ny - 0. 0y <% £ ~Q0i i
S5 7' f h Parent(qy; d}); hParent(ds; d7);s;;fc~giigg

an 7 f 3(22 7! f h Parent(q); df); hParent(qp; ql);sg; fcQgii g ;
sZQO 70 f h Parent(q; df); hParent(qd; q(l’);son; fcgii g g

Figure 10.5: The resull%,’Qg of looking up cache edges & g (see Figure 10.4 on the preceding

page) for the schematized binary constraint@'i'r;i’r‘cign andQ”#cZQn (see Figures 1011, g. on page 143).
The look-up result is a nested mapping with the followingisture. Each of the two schema hits @
(left column) is mapped to a nested mapping that groups theved cache edges by evaluation steps.
Every distinct evaluation step from any of the retrievedheaedges (middle column) is mapped to a set of
match edgegach representing the matching of a relevant binary cansisdich happened in that step.
A match edge simply binds a cache edge to the correspondary @dge inQ", and thus indicates which
D-constraints in a cached query and3h must be compared.

case of our sample quey", this yields the two schema hit*siQn and cSn. Next, the query is normalized
and schematized with each of these schema hits, as showgureBil0.1., g. on page 143. The resulting
schema edges are then looked up in the main-memory part (@G Cacheln our example, three
distinct schema edges are looked up, nanfelyent (#5;#1), Parent(#2;#1) and Parent(#6;#1). In the
cacheC; qoq, four cache edges are retrieved for the rst two schema e(tgpsfour rows in Figure 10.4
on the facing page) whereas there is no hit for the third one.

The look-up result forQ" is rearranged in a nested maB" (see Figure 10.5), as follows. Each
cache edge; retrieved for a schema edge is bound to the binary constraistin Q" that createdts.

For instance, looking up the schema edge= Parent(#5;#1) that was created from the binary con-
straintc = Parent(q3;q7) in Q", we retrieve the cache edge= hParent(q4;q1);s?;f cgi in Gt qg-
Thereforec andc. are associated in the rst entry eR" in Figure 10.5. Henceforth we refer to such a
pair hc;c.i of a query edge in Q" and a cache edgg retrieved forc as amatch edge Match edges
specify whichD-constraints in a cached and a new query must be reconcitetfi@ma-hit containment

to hold true. In this case, the rst match edge in Figure 1@é&cses that the second condition in De ni-
tion 10.1 on page 144 must be checked forfheonstraints attached to two pairs of query nodes, namely,
03,04 andq];q:. The differences and relations between schema edges, edgles and match edges is
summarized in Table 10.1 on the following page.

As can be seen in Figure 10.5, the look-up@3rin Ci g Produces six match edges (right-hand side,
one match edge in each row). The nested structutéoemerges when grouping these match edges by
(1) by the schema hit fd@" for which the cache edges were retrieved (left column) ahdy2he evaluation
steps in the cache edges (middle column), in that order.ristamce, the rst four match edges;Lif‘?n were
retrieve forQ”#cign and the last two foQ”#cgn. Note that sinc@”#cign andQ”#cSn share the same
schema edgParent (#2;#1) (see Figures 10f], g. on page 143), the match edges &é?n in the last two

rows of Figure 10.5 are duplicates of the match edges:fgrin rows two and four. This redundancy
will allow us to obtain matches to distinct schema hits @rindependently, which is a characteristic of
the notion ofRCADG Cacheverlap introduced before (see De nition 10.2 on page 146)act, L<" is
usually not materialized in its entirety at any given pomtime. Instead we successively and separately
create, then process and nally discard each of the distamtievel entries for all schema hits @f (see
below).

As indicated by the curly braces in Figure 10.5, each nestingl in L is a one-to-many mapping.
On the lower level (right-hand side), there may be multiglelee edges representing binary constraints in
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edge type description
query edgec Speci es a binary query constraint on the intensional levEhese are the edges in
(Fig. 10.1a{c) the query graph. There are query edges for expressing alltiXBaes.
schema edges| Represents a schema-level match to a query edge for a spechema hit. Schema
(Fig. 10.1d.{g) edges are created by schematizing queries to be cached oetmaked up in the

cache. They serve as keys in the main-memory part of the caeflewing to
retrieve cached candidate queries for a new query to be atatliincrementally.
cache edgec; | Indicates which query edge in a cached query correspondsparticular schemal
(Fig. 10.4) edge, and which schema hits produced that schema edge dtnegchematization
of that query. Cache edges serve to collect all schema hita ttached query that
are relevant to a speci c schema edge being looked up in thehea Each cache
edge also speci es in which evaluation step the query edgpugstion was matched
on document level.

match edgecn, | Binds a cache edge to a query edge that belongs a new quernyghbeoked up in
(Fig. 10.5) the cache. Match edges specify whiBhconstraints in a cached query correspond
to which D-constraints in the new query. This is essential for deaidgthema-hit
containment and creating remainder queries that return READG Cache overlap.

Table 10.1: Different representations of binary query t@ists (“edges”) during the incremental evalua-
tion process. Only query edges ( rst row) are part of the gurodel (see Section 2.2). All other types of
edge are needed for retrieving and comparing queries taatared in th&RCADG Cache

a speci ¢ cached query that were matched in the same evatuatep (although this is not the case for
our sample querie@° andQ in the cache). The upper level of’ (left-hand side of Figure 10.5) is a
one-to-many mapping, too, since for the same schema hit efvequery, cache edges for different queries
and evaluation steps may be retrieved in the cache, as simava igure.

Finally, note that the look-up resulR®” for Q" only covers the rst two steps in the evaluation of the
cached querie®®andQ. In particular, the cache entries @agoqg for the schema edge2arent (#5,#3)
andParent (#4;#1) (last two rows in Figure 10.4 on page 148) are not retrievedibse these are not part
of any schematization @@" (see Figure 10.1 on page 143). Provided that the mappingiyimteC; qoog
is implemented so as to avoid a sequential scan of the menasigent cache part (e.g., using suitable hash
functions), such irrelevant cache contents are typicadlyen touched during the look-up. This means that
even as the cache grows, the promising candidate queriesteeved very ef ciently. In Section 10.6 we
experimentally con rm the scalability of thRCADG Cache

10.5.3 Deciding Schema-Hit Containment

This subsection presents an algorithm for computingREBADG Cacheverlap (see De nition 10.2 on
page 146) for a new que®" to be evaluated incrementally, given the cache look-uplré&i. At the
heart of the algorithm is the decision procedure for schéineentainment. For each cached schemahit
in LQ" that was retrieved for a schema bf®" of Q", we check whethee s c?" as de ned on page 144.
If the test succeeds, we create a cache hit saying:tha.jcQn to the seH?" of cache hits foQ". Before
explaining the containment test and the creation of cactse let us take a brief look at the set of cache
hits that are eventually produced for the qu&?yin Figure 10.1 on page 143, assuming the caGhgqg
that containg)®andQ, as before. .

Figure 10.6 on the next page depibt,%;Qog, i.e., the set of cache hits obtained @' in the example

above. Two cache hits have been created from the look-ujtt Ilq%bog in Figure 10.5 on the preceding
page. Each cache hit speci es in the three leftmost colunomstb obtain the matches to a speci ¢ schema
hit for Q" (in the examplecfn) from the matches to a particular schema hit in the cacReof cQO) using

a xed shapshot (ste|[§ andsgo, respectively). For instance, the cachekhith the rst row in Figure 10.6
tells us thalans(c?n) is a subset oans(JcQng). Furthermore, from the pairs of corresponding edges in
the querie®)" andQ (middle), we see that the matches to the query riffde Q" are taken from the set of

150 Felix Weigel



CHAPTER 10. THERCADG CACHHE-OR XML QUERIES AND RESULTS

cache nal schema corresponding edges in constraints in
hit step hits new and cached queries remainder query
n Parent (q3; q) Parent (q3; qf) ) )
k =hsQ; f3Q g 2 3L : f Containg e () [
B e TO parent(qua) | Parent(asan) feer (B0
n Parent (q3; off Parent (q3; Containg ee (o)
K0 = h S?O; chQOKQo sC? 9 (qé Q(l)) ; (03;a7) ; : S ee (qZ)n
S Parent(as;dy) Parent(q3 ql) Containgemale’ (03)

Figure 10.6: The séﬂf QoQg of cache hits foQn constructed frorilf Qg

two cache hitk andk®both obtamans(c1 ) from the cache, Whereams(cZQn) must be computed from
scratch. The cache hit in the rst row, reuses the intermediate result that was cached after toade
step in the evaluation of the que®y with one keyword constraint as remainder query. The caittie the
second rowk® needs two keyword constraints against the nal answeréajtreryQin the cache.

in Figure 10.5 on page 149. The

matches tay; in the mentioned subset, and likewise égrq, as well asj3; g4. Finally, the remainder query
in the rightmost column indicates which subset of the cadgkedlts is relevant tQ". In the case ok,
a single keyword constraint narromsns(JcQKs?) down to those tuples where the elements matchfhg

(i.e., g2) contain the keywordLee Alternatively, the second cache if shows how to compute the
same se'ans(cl ) from ans(JcQ ngo) Note that in this case, the remainder query has two keyword

restrictions instead of one as wikh) because in Q"does not enforce the constra@ontaingemaie that
is required byoj (see Figure 10.¢. on page 143), unlike the nodg in Q that is used by.

Creating cache hits. Algorithm 10.1 on the following page lists pseudocode fargassing a schema
hit cQ" of Q", given the cache look-up resw®" and an initially empty satlQ" of cache hits to be created
for c?". The procedurereateCacheHitsuccessively visits all sets of match edgesd@? and distinct
evaluation steps ih?". Evaluation steps belonging to the same query plan are ggedene after the other,
in the order de ned by the plan. Remember that the match efiges speci ¢ evaluation step indicate
which pairs of query nodes and edgesdfhand a cached query might correspond. The ofatetoop in
Algorithm 10.1 (lines 8—41) nds all consistent combinatof match edges in each stgfflines 27—-30),
and tests for which of these combinations there is a cachsehsz hitc such thatick; s c?". Inline
with De nition 10.1 on page 144, the containment test inesthe comparison of keyword constraints
attached to corresponding query nodes (lines 15—25) asawelf the binaryD-constraints that have been
matched up to steg (lines 32—40). These two issues are elaborated below.

Each combination of match edges is represented as a caoctenldiining the corresponding pairs of
new and cached query edges as well as the remaining consira@'. Cache hits that were successful in
steps are added to the skl of currently active cache hits. If there is another itenafior steps. 1, these
cache hits are extended with additional match edges fronstepto nd out whethedck;,, sc?" holds
true, too. Successful cache hits for sggphat fail in steps. 1 are removed froni,, and are collected
in Holg instead. They remember as the last reusable snapshot of the results they représgrtp not
participate in any further iterations. The other cachedniter yet another round of containment tests until
there are either no more steps in the current plan, or ondstejssing inL?" (lines 10-12). A missing
step indicates that none of the constraints matched in tdyisis mirrored in"#cQ". As a consequence,
all subsequent snapshots of the cached query result adtenidsing step cannot be reused & .

In the end, all cache hits that were successful for any stgymynplan are added to the result Bt
(lines 43—48).HQn collects the cache hits for all schema hits@¥, which are computed in successive
calls tocreateCacheHits Cache hits that represent the same combination of comespp query edges
for the same evaluation step are merged. Thus a single citdheH?” may specify multiple schema-hit
containment pairs for different schema hit<@5f(hence the curly braces in the third column in Figure 10.6).
This way each cache hit for a stgpcan be translated into a single remainder query plan opegrati the
matches to multiple schema hits at once, which are all stortite result table fog (and maybe those of
its successors). Query planning fQf is explained in Section 10.5.4.
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1 /I createCacheHitscreation of cache hits for a new schema hit
2 /I 1 ¢ a schema hit for a new quer@"

3 // 1 L2 the cache look-up result forQ"

4 Il HY': the set of cache hits to be created

5 procedure createCacheHitécQ": schema hitL.Q": map,H?Q": set of cache hits)
6 group the steps with keg?" in L?" by the plan they belong to

7 Heur := 0; Hgig := 0 for each new plan being processed
g  forall stepss in a given plan, in the order of their executido

9 /I only results obtained in successive evaluation steps cdre used
10 if i > 1 and the step befor® was skippedthen
11 break loop
12 end if
13 /I nd cached and new query edges whosé>-constraints can be reconciled
14 M:=0
15 for all match edgesm, associated witls; in LQ" do
16 c" :=the query edge fror®" in ¢y,
17 c := the query edge from the cache edgein
18 g9; g :=the source and target nodescBf
19 Os; G :=the source and target nodescof
20 Ks := call checkKeyword&yl; gs)
21 Kt := call checkkeyword&y"; ¢ )
22 if Ks 6 niland K; & nil then
23 M :=M[fh c"; ¢; Ks[ Ktig
24 end if
25 end for
26 /I update the set of cache hits with new pairs of correspondi query edges
27 H :=the cache hits itl¢ that are inconsistent with any subset of edge paiid in
28 Heur := Heur NH; Hoig :=Hoig [ H
29 H := all consistent cache hits created fréfgyr using any subset of edge pairshh
30 Heur := Heur[ H
31 I/ keep only cache hits contributing a schema hit that contairs ¢<’
32 for all cache hitk 2 Hgyr do
33 X := call checkSnapshdk;s;LQ")
34 if X = 0then
35 Heur :=Heurnfkg; Hog :=Hoid [f kg
36 else
37 for an arbitraryc 2 X, addJcks s c?" to k (replacing any existing statement foR")
38 replace the step ik with 5
39 end if
40 end for
41 end for

42 Il collect and possibly merge successful cache hits for allets and plans
43 forall cache hitsk 2 Heyr[ Hoig With a schema-hit containment foR" do

44 if 9k%2 HQ": k; k®have the same corresponding query edges andistep
45 addk's schema-hit containment fa?<" to k°

46 else

47 HQ :=H'[f kg

48 end if

49 end for

50 end procedure

Algorithm 10.1: Creation of cache hits with tiRCADG Cache The input is a schema hit?" for the
new queryQ" to be evaluated, the resul®" of looking upQ" in the RCADG Cachgand a seH?" for
collecting the cache hits to be created. A sample outputd&/shin Figure 10.6 on the previous page.
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Checking unary D-constraints. The only unanD-constraints to be compared in the containment test are
keyword constraint$.The procedurereateCacheHiti Algorithm 10.1 on the facing page compares the
keyword constraints of every pair of query nodes that arestiugce or target nodes of two query edges in
the same match edge (lines 15—25). Only edges whose souftargat node constraints can be reconciled
pairwise are added to the 9dt(line 23) that is used to create new cache hits (lines 27—30).

The actual comparison of keyword constraints is triggesecabls tocheckKeywords lines 20 and 21
of Algorithm 10.1. The pseudocode foneckKeywordss given in Algorithm 10.2. The procedure com-
pares the keyword constraints of two query nogéandq belonging to the new querl®" and a cached
queryQ, respectively. It returns the subsetgfs keyword constraints that remain to be checked against
the cached matches tp or nil if g's keyword constraints are too strict fgf. The empty set is returned
(line 60) if g" andq specify the same keywords with essentially the same Boglazior (conjunction
or disjunction) and scope (containment or government)nly g has keyword constraintsjl is returned
(line 63). If onthe contrary only" has keyword constraints, all these constraints must behmdiine 66).

In all remaining cases the keyword constraintsgbfand g must be compared more thoroughly, as
shown in Figure 10.7 on page 155. The right-hand side of thereg(coloured) comprises sixteen areas
of eight squares each, most of them containing a relatiomabsl, which are arranged in pairs (a grey
square on the left and a coloured or white square on the riffaiph of the sixteen areas corresponds to a
particular combination of the following four parametgsictor(q), scop€q) (horizontal) angunctor(q"),
scopé€q") (vertical). The upper left area, e.g., applies if both nosjescify a disjunction of containment
constraints.

The four pairs of relation symbols in each area are to be reddlwws: “=”,“ ", “ "and*“ "~
denote the equality, containment (in either direction) aod-empty intersection (overlap) of sets, respec-
tively. Any pairhg; g4 of a grey and a coloured symbol indicates that if the two setegwords used
in the constraints off andq" are in relationg (grey square), then the two sets of elements that satisfy
these constraints are in relatigd (coloured square). For instance, consider the upper laftpa=i in
Figure 10.7. It says that ifj andq" both specify a disjunction of containment constraints fa same
set of keywords, then they will be matched by the same seteshehts (as far as keyword constraints
are concerned, i.e., ignoring all other query constraima$d andg” may be involved in). This obvious
fact is captured by the rst conditional branch of the proaestheckKeyword#s Algorithm 10.2 on the
following page, along with the other fotwx ;=i pairs (highlighted grey and red).

The other pairs in Figure 10.7 deal with less obvious cas#igalrs with a “ ” symbol on the right-
hand side (highlighted yellow) indicate th@s keyword constraints are no more restrictive than those
of ", which is exploited in lines 74 and 77 of Algorithm 10.2.gifandq" both specify a conjunction of
such constraints with the same scope (the two yellowsymbols directly below the two lower-right red
“=" symbols in Figure 10.7), then only the constraintgihthat are missing i need to be part of the
remainder query (line 74). For instance, given two sets astraintsContaing,(q) * Containg, (q) and
Containg,(q") ~ Containg,(q") ~ Containg,(q") for q andq", respectively, onlyContaing,(q") must be
checked against the matchesctin the cache. In all other cases where the keyword constraan be
reconciled (remaining pairs with yellow “ symbols in Figure 10.7), the remainder query includes the
entire set of keyword constraints gf.

For all but the yellow and red pairs in Figure 10.7 (symbats ‘and , respectively), either the
set of elements matchings keyword constraints is known to be a subseg®f set of matches (blue
“ "symbols), or no speci c relation between the match setslmaimferred (white squares with no sym-
bol). For these junctor/scope/keyword combinations, ttee@durecheckKeywordseturnsnil (line 69
in Algorithm 10.2 on the next page), which causes the comeding match edge to be discarded from
cache-hit creation (line 23 in Algorithm 10.1 on the faciragp).

Checking binary D-constraints. The notion of schema-hit containment in De nition 10.1 orgpd 44

implies that the schematized cached query does not comgiDaonstraints which make its extension
too restrictive with respect to the schematized new q@ryFor every binanD-constraints in the cached
query, this means that if the constraint has a counterpa®'jrthey must be reconciled, and if not, the

SRecall from De nition 2.7 on page 11 that the other unary gueonstraints specifying tag, type and level conditions are
S-constraints. Being fully captured by schema nodes, theg met be matched on the document level.
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51 /I checkKeywordscomparison of keyword constraints

52 /I ! " a query node in the new quer®"

53 /I ! g a query node in a cached quer)

54 I/ a set of keyword constraints for the remainder query, aril

55 procedure checkKeyword&": query nodeq: query node)

56 /I " and q have similar constraints for the same keywords
57  if keyword$q") = keywordgq) and

58 (junctor(g") = junctor(q) or jkeyword¢q")j < 2) and
59 ('scopéq™) = scopdq) or jkeyword¢q")j = 0) then
' 60 return 0

61 // only g has keyword constraints
62  else ifkeyword¢g™) = 0then
I 63 return nil

64 Il only d" has keyword constraints
65  else ifkeyword$q) = 0then
I 66 return the constraints fokeywordgq")

67 /I Q's keyword constraints are too restrictive
68  elseifhg;q"i does not have a yellow "
I 69 return nil

70 I/ some keyword constraints in Q" are already subsumed by
71 elseifjunctor(q") = “~” and

72 junctor(q") = junctor(q) and
73 scopéq") = scopéq) then

I 74 return the constraints fokeyword$q™) nkeywordgq)
75 I all keyword constraints in Q" must be matched
76 else

77 return the constraints fokeywordgq")
78 endif

79 end procedure

in the “matches” column in Figure 10then

Algorithm 10.2: Comparison of keyword constraints with READG Cache This procedure is needed
for verifying the second condition in De nition 10.1 on pa@é4. The input is a query node in the new
query Q" to be evaluated and a query node from a qu@rin the RCADG Cache The output is the
(possibly empty) subset of the keyword constraintg'bthat need to be matched as part of the remainder
query forQ". A return valuenil indicates that the keyword constraintgffandq cannot be reconciled. For

a given query nodg, junctor(q) is the Boolean operator{™ or “_"), andscop€q) is either containment

or government.
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Figure 10.7: Comparison of the keyword constraints of a ropifea cached query and a nodéfrom a
new query to be evaluated incrementally. Each cell in thietedpresents a speci c relation between the
two sets of keywords used in the constraints (left half oftslg highlighted grey) and the resulting relation
between the two sets of elements that satisfy these camsti@ight half of the cell, white or coloured).
The pairs of relations vary with the nature of the keywordstmaints inq andq". For instance, if both
nodes specify a disjunction of containment constraintsr(fgpper-left pairs) and has more keywords in
the disjunction tham" (third pair, symbol “ " highlighted grey), then it may also have a superset of the
matches ta" (symbol “ " highlighted yellow). By contrast, if both query nodes fe a conjunction of
government constraints (four lower-right pairs) apdas again more keywords thah, then it may only
have a subset of the matchegffo(third pair, symbol “ " highlighted blue).

constraint must not introduce a proper restriction. Thigeis ed by the procedureheckSnapshdisted in
Algorithm 10.3 on the following page. The procedure is aallepeatedly bgreateCacheHit line 33 of
Algorithm 10.1 on page 152 for a (preliminary) cachekhénd an evaluation stepof a particular quer®

in the cache. At this point in time contains a set of corresponding query edges f@bandQ" as well as

a set of remainder query constraints €, as illustrated in Figure 10.6 on page 151. The pairs of query
edges ink indicate which binary constraints i@ have which counterparts iQ" after schematization.
Q" is schematized with a speci ¢ schema ki®" given as a parameter tweateCacheHit§see above).
The schema hits fo that produced the pairs of query edgesiare available from the corresponding
cache edges focQ" ands in the look-up result Q" (see Figure 10.5 on page 149). 4§ be the set
of these schema hits. Now the task is to check whether thexelésist onec 2 X5 such that the binary
D-constraints inQ#c and Q"#c<’ comply with De nition 10.1 (the unaryp-constraints were already
compared befor& was created, see above).

Note that to con rmJcks s c?" we only need to examine those binddyconstraints of) that were
matched in ste, because constraints in earlier steps of the same plan fegere dhecked in previous
iterations of the outermosor loop in createCacheHitgline 8 in Algorithm 10.1). As observed in Sec-
tion 10.5.1, this is true for all schema hits in theXgf which is contained in the set of schema hits retrieved
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80 /I checkSnapshodecision of schema-hit containment

81 // ! k: a preliminary cache hit for a schema hit?Q" of the new queryQ"
82 /I ! s: a step in the evaluation plan of a cached quel@

83 // 1 L2 the cache look-up result forQ"

84 I/ a set of schema hits foiQ that contain ¢<" in step s

g5 procedure checkSnapshgk: cache hits: evaluation sted,Q": map)
86 X:=nil

87 I/ all edges of Q decided or reconstructed irs must be mirrored inQ"#c?"
g8g  forall query edges2 Deg[ Reg do

89 if cis not among the edges from cached querids then

90 return 0

91 end if

92 Xc := the schema hits from the cache edged8f, s andcin LY
93 if X = nil then

94 X=X

95 else

96 X=X\ X

97 end if

98 end for

99 // all query nodes of Q joined ins must be mirrored iNQ"#c<"
100  for all query nodes 2 Join do

101 if qis not among the nodes from cached queriek then
102 return 0
103 end if

104  end for
105  return X

106 end procedure

Algorithm 10.3: Decision of schema-hit containment witle RCADG Cachéslightly simpli ed). This
procedure is needed for verifying the rst condition in Détion 10.1 on page 144. The input is a cache
hit k created for a schema hi?" of the new quen@" to be evaluated, an evaluation s&for a cached
queryQ that supplies the cached edgeskinand the cache look-up result f@. The output is the set of
schema hits fof) that containc?” in steps.. A return value 0 indicates thatassociates edges from both
queries in such a way that the containment test fails, becsasie binary constraints in the schematized
queryQ that were decided or reconstructed in stegre not mirrored iQ#c?".

for any predecessor &f. The procedureheckSnapshaeturns the subset X of all schema hits for
which the containment test succeededX is non-emptyk's evaluation step and schema-hit containment
for cQ" are updated accordingly (lines 37, 38 in Algorithm 10.1 ogep&52). Note that since all schema
hits in X coincide on the query edges represented lfsee Section 10.5.1), only one statement of the form
Jok ¢ is added tok in line 37, for any schema hit 2 X.

The procedureheckSnapshan Algorithm 10.3 tests whether any binary constraint wasidked or
reconstructed i lacks a counterpart iQ#c< (line 89). If so, the containment test fails ferands,
and the empty set is returned. Otherwise we fetch for eactycpagec 2 Deg[ Reg the corresponding
set of schema hits ih?", which is contained in the cache foR", s andc (see Figure 10.5 on page 149).
The setX eventually contains the intersection of all these setsloés@a hits (lines 92—97).

To understand why query edges that were decided or recotestring must have a counterpart @"
for schema-hit containment to hold, consider a query edgd?(gs; &) in Deg [ Reg that is not mirrored
in Q"#c?". If both gs andg; have counterparts iQ"#c?", then matching may have caused tuples in
the intermediate result tQ to be discarded in step. For instance, it = PrevSilfqs; ¢;), then all tuples
whereqs is matched by a leftmost sibling are droppedsinHowever, these tuples might well be part of
the answer t®@", which accepts matches t¢g andg; for which the relationrR does not hold.

Now assume thajs has no counterpart iQ"#c?". From the query planning algorithm presented in
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Section 8.4.4, it is obvious that matchegganust have been obtained in stgr earlier: either by a join
with the element table which may have caused match€¥ to be discarded from the intermediate result
of Q in steps 1, or by reconstructing another query constraint whose targée isqs. However, since
there are no cycles in the deeg of reconstructed edges (see Chapter 8.4.4), the matchimgnadist have
involved an element-table join at some point of the evatugteither directly or indirectly, which violates
the rst condition in De nition 10.1 on page 144.

If gs2 Deg, then the same argument applies in cases whehas no counterpart iQ"#c". Now
assume thatjs 2 Reg. In general the reconstruction ofmay have caused tuples to be discarded that
would have been matches@ (again, consider the case where PrevSilfgs; q;) andgs is matched by a
leftmost sibling). Therefore query constraint®ag andReg are treated alike in line 88 checkSnapshot
However, in fact we can show that under certain circumstgnmezonstructed query edges whose target
node is not mirrored iQ" are admissible. The argument behind this is sketched inddetd.8.

As mentioned before, every join with the element table ip Sfamay eliminate tuples from the in-
termediate result of produced in that step. This might prevent the incrementalugtion ofQ" based
on this snapshot d®'s answer, unless the join conditions are also implied¥y Therefore we need to
check whether all query nodes@that are matched through an element-table join in stépve a coun-
terpart inQ"#c?". Nodes inJoin typically have at least one adjacent edgeDieg or Reg. If such a
node is not mirrored iQ"#c<", this edge does not satisfy the condition in line 89 of Algori 10.3 on
the facing page, so that the containment test fails, asdenHowever, the query planning algorithm in
Section 8.4.4 may also produce evaluation steps that coquziry nodes fron® to be joined, but no query
edges to be decided or reconstructed. As a simple solutieexplicitly verify that each node idoin; has
a counterpart Q" #c<’ (lines 100—-104 in Algorithm 10.3), which ensures that tharyrconstraints of
the two nodes were compared before. Again, possible oiinizs are discussed in Section 10.8.

To sum up, throughout this subsection we have seen ve reasdry the containment test for two
schema hitg Q" of Q" andc of Q may fail in a particular query steg:

1. No match edges were retrieved for another evaluationgtgedings in the same query plan (see
createCacheHitm Algorithm 10.1 on page 152, line 10). For instance, thibéscase for the schema

hit c;?” of Q" (see Figure 10.5).

2. The schematization with?" andc produces pairs of query nodes@i#c Q" andQ#cQ whose key-
word constraints cannot be reconciled (skeckKeyword@ Algorithm 10.2 on page 154, lines 63
and 69).

3. At least one binary constraint fro@ that is not mirrored irQ"#c<" was decided in step (see
lines 88—98 in Algorithm 10.3 on the preceding page). An gxas the constrainParent (#4;#1)
in Figure 10.%.0n page 143 that was decided in sﬁmf the evaluation 0.

4. At least one binary constraint fro@ that is not mirrored irQ"#c?" was reconstructed in step
(see lines 88—-98 in Algorithm 10.3 on the preceding page)ns€aints that do no introduce a
proper restriction may be ignored. An example is the quege®arent (#5;#3) in the quenQ® see
Figure 10.1d. on page 143.

5. At least one query node frof that is not mirrored irQ"#c<" was matched through an element-
table join in steps (see lines 100—104 in Algorithm 10.3 on the preceding page).

10.5.4 Remainder Query Planning

As mentioned before, a separate query plan is created fomeamber of the sét Q" of cache hits foQ".
Such a plan speci es how to obtain the matches to one or mdwensa hits ofQ" from a speci c interme-
diate result table in the cache that is determined by theugnégyaluation step represented by the cache hit.
Recall from Figure 10.6 on page 151 that every caché Higts all constraints in a particular remainder
query forQ" whose answer subsumes exactly these matches. From thendmmailery constraints ik, a
query plan fork is created as follows.
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plan P,%n = rs%;l; s%zi

n ul Qn —_ 1 . . H
plan PY' = hs?.li stepsgo; = hloim; Req; Degi

| Joimp = fojg
steps%l = hloing; Req; Deqi Req = fg
Joip = faqjg Deg = fg
Req = f n
Deq = fg steps%'2 = hloinp; Re@; Deoi
Joi, = foig
Ree = fg
Dec, = fg
a. plan based on cache Hitfor queryQ b. plan based on cache Hiffor queryQ®

Figure 10.8:RCADG Cacheuery plans for the incremental evaluation of the qu@?yin Figure 10.%.
on page 143, based on the different cache hits in Figure X0p&ge 151. a. The query plan created for
the cache hik (rst row in Figure 10.6). It computeans(cig ) from ans(JcQng). b. The query plan

created for the cache M (second row in Figure 10.6). It computmss(c?n) from ans(JcQongo).

The core of the planning algorithm sketched in Section 8glegbmmon to both the evaluation from
scratch and the evaluation with tRE€EADG CacheThe only difference is that when reusing cache contents,
someD-constraints in the new quey" need not be matched any more. Therefore the planning proeedu
createPlanin Algorithm 8.2 on page 110 is called with restricted $d{sandM; of query nodes and edges,
rather than all query nodes and edge®lhas for the evaluation from scratcM, comprises all query
nodes ofQ" that are involved in any unary or binary remainder query trairg in k, andM, contains
all binary remainder query constraintskn Consequently, in the resulting incremental query plarCfor
the element table is joined only for query nodes and keywaerstraints inQ" that are missing in the
cached query. Additional binary constraint€Qh are decided if they involve matches in the cached result,
otherwise reconstructed if possible.

Figure 10.8 depicts alternative query plans for computieghatches to the rst schema hit@f, ¢
(see Figure 10.8), based on results of either of the cached que&dieadQ®. The pIarP,?n in Figure 10.&.
for the cache hik from Figure 10.6 speci es how the matchesdﬁn are computed based on matches

to ¢@, using the result snapshot cached after the second step avétuation of). The pIanP,?n has only
one step created for the remainder query const@imttaing e (d5) in k. The step involves a single join
with the element table, needed to retrieve those matchq;simans(JcQng) which contain an occurrence
of the keyword'Lee” .

An alternative pIarIP,?on in Figure 10.8., created for the cache hifin Figure 10.6, obtains the matches
to c?n from ans(JcQongo), i.e., a part of the snapshot of the answer to q@tgached after stegsgo. This

plan requires two element-table joins because the remidpey ink °comprises two keyword constraints,
Containg ee» () andContaingemale’ (03). Note that botrP,?n andP,?on compute the same result —namely,
ans(c?n) — from distinct query results in the cache.

In general, to avoid the repeated matching of the same schirfaa Q", we need to decide for each

schema hit which cache hit to use. This is done based on a @zasure for the query plans created for
the different cache hits, which at the moment simply coumésrtumber of element-table joins needed to
execute a given plan. Thus in the example abcﬂ&g, has a lower cost thaﬁ,%n, hencek is used for
answeringQ" while kCis discarded. More sophisticated methods could also takesiccount selectivity
estimates for keyword and tag constraints. Essentiallgainge optimizations that were evoked for planning
the evaluation from scratch also apply to the incrementatygavaluation.

Figure 10.9 on the next page shows the SQL code generaterdouting the query plaﬁ,?n. It joins
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SELECT
DISTINCTel ASel, e2 ASe2, e4 ASe3 -- project result nodes as in cache hit k
FROM
Q 2 RT, -- retrieve answer from the penultimate intermediate resul t of Q
ElementTable EZ -- join intermediate result table with element table
WHERE
RT.sid = “c? AND -- select cached schema hit specified by cache hit k
ET2.pid = RT. p2 AND -- match unary constraint on g2 in remainder query

ET2.eid = RT.e2 AND
ET2. key = "Lee'
ORDER BY
el, e, &4 -- order result as needed

Figure 10.9: SQL code for retrieving the matches to the seﬁeitrcfn of queryQ" in Figure 10.%. using

a cached intermediate result of the quéryn Figure 10.1b. on page 143. The query statement computes
n

ans(le ) from ans(JcQng), as speci ed by the cache hitin Figure 10.6 on page 151. The talfle s,

containing this particular snapshot of the matches?ds shown in Figure 8.4.0n page 102. The keyword
constraint in the remainder queryknentails a join with the element table in Figure 6.1 on page 82.

the snapshot of)'s result in Figure 8.4. on page 102 with the element table shown in Figure 6.1 on
page 82. From the result table ©f all tuples representing matchesa8 are selected. The matches to the
qguery nodey, in these tuples are then looked up in the element table thatbiat they indeed contain the
keyword“Lee”, as demanded by the remainder query constraikt ifhe statement returns both tuples in
Q's result table in Figure 8.4., projected onto the eldsl, e2 ande4. The projection clause in Figure 10.9
re ects the pairs of corresponding query nodeginThe resulting tuplekl8;21;26i andh27;30;34i are
illustrated as matches andaz on the document level in Figure 10.2 on page 145. Note thasehend
tuple,as, is not available in the last result table@f(see Figure 8.4. on page 102), which again underpins
the bene t of caching intermediate query results.

In our running example, only matches¢1§n are retrieved in the cache whimg can) must be obtained
without cache support. Therefore two distinct query planstibe executed to obtain the complete result
of Q". In general, there may be multiple cache hits for distintétessa hits ofQ", each with its own
query plan, plus one additional plan covering all remairiolgema hits 0Q" that must be matched from
scratch. In our test system, these query plans are exe@dadistially in the order of increasing estimated
execution cost. However, since the results of the diffeqer@ry plans are guaranteed to be disjoint (see
above), thd(RCADG Cachés particularly amenable to the parallel processing of ipléicache hits. Thisis
likely to improve the user experience especially in a hightgractive, browsing-oriented retrieval scenario
like the one sketched in the introduction.

10.6 Experimental Evaluation

To evaluate the incremental query processing describelaeipitevious section, we have conducted two
different experiments. A small-scale experiment studies the performance for the incremental eval-
uation of a few hand-picked queries varies when cached egigrith different degrees of similarity are

available. The second experimentrelates the cost and beheaching on a larger scale, using a randomly
generated cache content and query workload. The two doduwobections used in the experiments are
IMDb andXMark 110Q respectively (see Section 13.2 in the appendix). Both exmats observe a num-

ber of different performance measures explained belowe@gbroperties of all test queries are shown in
Figure 10.1@. on page 161 for the small-scale experiment and in 18.dh page 162 for the large-scale

experimentt All query processing times presented in the sequel reptéseaverage time needed to com-
pute all matches to all nodes in a given query with R@ADG Cachgas explained above. The average
is computed over three out of ve consecutive runs afteralidmg the best and worst result, in order to

4Here the termsmall-scaleandlarge-scalerefer to the size of the query workload submitted to evatumgtiot to the size of the
test document collections. In fact, the larger of our twdeattions is used in the small-scale experiment.
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minimize artefacts. The correctness and completenes&atgults returned by tiRCADG Cachéave
been veri ed against the results computed from scratch. Cetele contents always include intermediate
and nal results. All result tables on disk are indexed witB*a-Tree on thesid column (see Figure 8.4 on
page 102).

The test system is a Java implementation (JDK 1.5.0) of the stauctures and algorithms presented
above. The mapping from schema edges to cached tuples ireinememory par€ of theRCADG Cache
(see Figure 10.4 on page 148) is a hash table providing astassortized constant time. At system start-
up C is loaded into memory, and JDBC connections to the RDBS lesckare established once for the
whole test session. This takes 1-2 seconds. During the iexpets, the test system and the RDBS are both
running on the same machine. Apart from these two tasksgimpater is idle during the experiments. All
gueries are processed sequentially in Test Environmerg€3ection 13.1).

10.6.1 Costand Bene t of Evaluating Queries with theRCADG Cache

We quantify the bene t of incremental query evaluation byasigring therocessing timand thenumber

of joinsneeded to compute the result (although counting the nunflieples being joined would be more
accurate). Since schema matching is the same for the exaldiedm cache and from scratch, we do not
count then-way selfjoin of the path table but only the number of joinshathe larger element table (the
processing time includes both phases). On the cost sid&viagy and matching overlapping queries and
their schema hits in the main-memory part of the cache takeg £xtra computation time not needed when
evaluating a query from scratch. We refer to this overheg@dache) search timeBesides, the persistent
cache data structures consume extra storage both in maimrypamd on disk, which we denote eache
size(in memoryandon disk respectively).

We now de ne the notion otache supporto measure how “useful” the cache content&iare for
evaluating a given quer@" incrementally. LeX be the set of schema hits f@", and letP a query plan
for processindd" from scratch with minimal estimated execution coss{P) > 0 (see Section 10.5.4).
Besides, let ; X,; be a partition o such that eack; contains exactly the schema hits represented by the
cache hitk; computed forQ" andC. Finally, let Py denote the query plan devised flqr Then the cache
S} Xk cos(Py)

jXj cos(P)
estimated cost of processing the selected cache hits, adatat over all the schema hits @F that they
represent. The denominator subsumes the estimated casnpiuting the matches to all schema hits from
scratch. Thus the entire formula quanti es the executiost saved in comparison to the evaluation from
scratch.

For simplicity, we henceforth assume tleas(P) is again the number of element-table joins needed to
executeéP. Note that with this coarse cost estimation function, a eatlpport of 100% doastnecessarily
mean thaQ" itself is found in the cache, only that no joins with the eletable are needed to evalug@
incrementally using. In the experiments described next, the cache supportateidco what extent the
evaluation ofQ" can possibly bene t from the cache. The following guidingegtions summarize three
major optimization goals:

support forQ" andC is de ned as 1 100%. In this formula, the numerator denotes the

1. effectiveness Are useful cached queries exploited if available?
2. ef ciency. Does the bene t of caching outweigh the overhead?
3. scalability: How does the overhead vary with growing cache size?

10.6.2 Small-Scale Experiment

To answer the rst of the above questions, we consecutivedjuate a xed test query against ve different
cached queries, in the order of increasing cache suppo#g.eXperiment illustrates on a small scale the
effectiveness of our approach, by showing how the increal@nbcessing time is correlated with the cache
support, which th&RCADG Cachestrives to optimize. Le® be the query to be evaluated incrementally,
andletQ;,1 j 5, denotethe ve queries serving as cache contents in thescorive runs.
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a. characteristics of theMDb b. complete results of the performance
sample query workload evaluation

Figure 10.10: Results of the small-scale experiment oiNtizb collection.

For this experiment we use th®IDb collection containing nearly 9 GB of XML documents about
movies and actors. The incremental query evaluation agaissquence of different cached queries is
conducted four times with distinct queri€¥' and corresponding cache contents (L 4). For each
queryQf, the cached querig; are derived fronQ by applying a speci c class of editing operations,
as they typically occur in user sessions with relevancelfaekt N denotes modi cations of the query
structure and. of the tag constraints;/+ means making the query more or less restrictive, respégtive
Combining the two degrees of freedom yields the four cladbedN+ L- andL+. For instance, adding
a query node is in clads-, whereas adding an alternative tag constraint to a nodetrestidy has a tag
constraint (or removing the existing constraint) would bé.+. Figure 10.1@. lists some properties of
the queryQ!" for each class of editing operations. For instance, thenenIN- lists characteristics of the
query Q] that is incrementally evaluated against a sequence ofepiereated through node restriction.
Note the large number of document matches in the last row.

Figure 10.1®. plots the processing time in milliseconds for each of thequeeries in each of the four
sequences. As can be seen on the abscissa, the cache suppsrfrom 0% [= 1) to 100% | = 5).
Forj= 1, the cache contains only the que&dy; that allows no joins with the element table to be saved,
compared to evaluatin@ from scratch. By contrast, fgr= 2 the cache contains the que®y, instead
which provides a cache support of 25%, and so on. This padigplies to all four sequences tested (see
the key in Figure 10.1B.). The results show that for all classes of editing operatitime processing time
decreases signi cantly with growing cache support, dow#@&6 of the time needed without the cache.

10.6.3 Large-Scale Experiment

The second experiment targets all three optimization goaddarge-scale setting. The goal is to monitor
the actual bene t experienced by users of a system that matesnediate and nal query result available
for reuse in thd(RCADG CacheTo this end, we simulate a cache growing from 0 to 199 distineries in
ve stages, as it could evolve during a longer retrieval pérvith continuous incremental query evaluation.
Figure 10.1H. on the following page lists some statistics of the cache énftlur stage€1to C4. In the
initial stageCO, the cache is empty (omitted in Figure 10dLbn the next page). As more and more queries
(i.e., cache edges from schematized queries) are addezizéhef the cache grows from 1 MB in memory
and 77 MB on disk CO, leftmost column) to 5 MB in memory and nearly 1 GB on di§k{( rightmost
column).

In the absence of a real-world query workload which could/drd extracted from the log of a system
in productive use, we model the workload as a sequence obramlieries, including some popular or
“hotspot” queries which are more likely to be asked repdgtguebssibly with modi cations as in the small-
scale experiment above). The test queries are obtainedl@s$o From a seed of 150 distinct randomly
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a. characteristics of selected queries in ¥Mark 1100sample query workload

b. complete resultgime: processing time (msyup cache support (%pvh: search time (%))

c. selected results d. contents of the evolving cache

Figure 10.11: Results of the large-scale experiment oiXtark 1100collection.
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generated tree queries against Kidark 1100collection, we randomly remove 15 hotspot queries. Then
we create ve exact copies and ve variants of each hotsperguQuery variants are obtained by applying

different editing operations such as, e.g., adding a quedg or removing a tag or keyword constraint. The

complete set of test queries is the union of the resultingHdi®pot queries and the remaining 135 seed
gueries.

Now 19 distinct queries are randomly removed from this sdtesE so-calledewqueries are to be
evaluated incrementally in the experiment. Figure 1@.1dn the facing page shows some properties
of selected new queries. The remainicachedqueries are added to tHRCADG Cachgsee below).
Obviously hotspot queries among the new queries are likelgnjoy a higher cache support, owing to
their duplicates and variants in the cache. Note that thbahility of a hotspot query being selected for
incremental evaluation is equal to the probability that espot query occurs in the entire test set, which is
reasonable.

After removing the 19 new queries from the workload and elating duplicates among the other
gueries, 199 queries remain to be added to the cache, asw$olithe set of 199 queries is randomly sorted
and partitioned into four subsets of 38, 35, 61 and 65 distineries, respectively. These are evaluated
from scratch, and the answers for each query set are sugelgssilded to the initially empty cache. This
yields the stage€1to C4in Figure 10.11. on the preceding page. Note that the main-memory footpfint o
theRCADG Cachés modest even when nearly 1 GB of results are cached on dislki@iing the B -Trees
on intermediate result tables). Since the growth of the eacmtents on disk is linear in the number of
cache edges, we expect that the system easily scales uerfhytithree orders of magnitude.

The results of evaluating all 19 new queries from scratchagainst the ve cache stages are listed in
Figure 10.1b. on the facing page. For each query (rows) and cache stagep@od columns), théme,
supandovh columns respectively list the processing time in millised®, the cache support in percent,
and the search time (as a percentage of the processing RRue)ime measurements subsume all retrieval
phases including rewriting, planning and translation,dibischema hits (those retrieved in the cache and
those matched from scratch). For the purpose of analyzeguktcome of the experiment, the new queries
are divided into four groups of three to seven members (grofipows in Figure 10.14.).5

All seven queries in the rst group bene t from speci ¢ cachentents available in different stages of
the cache evolution. For instance, consider the eldee0, timel andsupQ suplin the rst two rows in
Figure 10.1Db. At some pointin time during the transition from stag@to C1, cache contents have been
added that overlap with the queri®@® and T4, which avoids additional joins (cache support 100%) and
decreases the processing time by a factor 30 @and a factor 97 fol4. In subsequent stageSZ-C4),
the search time increases a little, but clearly does notriepa the overall size of the cache. The other
ve queries in the upper part of Figure 10.tlbene t only at later stagesT(l4 in C2, T15in C4; T20 and
T22in C2and later; and’21 in C2). Up to this point where the cache becomes useful for a givemyg
the cache look-up causes only a negligible overhead.

Of the 130,000 distinct matches retrieved when answeriagjtreryT21, 10% are retrieved from the
cache after only 0.6 seconds (not shown in Figure 10)11This illustrates how incremental evaluation
may increase the reactivity of the system even when only gfatthe results can be obtained from the
cache. Note that fof 22 which already has 100% cache suppor€i# the performance further improves
in C3andC4where newly cached queries permit more ef cient query planfsis effect, which we also
observe for the second group of queries in Figure 16.1i& not re ected in the cache values because our
primitive cost estimation is too coarse. Figure 1@1ilots selected results from the rst six columns in
Figure 10.1Db. (scratchandtimeO—time4) for all cache stages. Note the negligible overhead inttedu
by look-ups in the empty cache, compared to the evaluatam fcratch (left-hand side of Figure 10}l

The third group of queries in Figure 10.k1lists queries that do not bene t from cache contents,
mostly by lack of overlapping queries in the cache. Again Wwseove a small search overhead (inevitable
for deciding whether or not to use the cache) which grows nslmlier than the cache. The resultsT&
andT13 are computed from 2-3 overlapping queries with small cacippasrt, hence the evaluation from
scratch is faster. Query planning with selectivity estiesats mentioned above, is likely to eliminate such
cases. The same applies to the queries in the fourth grosiptifizee rows in Figure 10.11), where the

5This grouping of the new queries must not be confused wittp#rétioning of the cached queries into the four cache stétugt
was described earlier.
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cache look-up does not pay off compared to the extremelyefadtiation from scratch.

The queryT2 in the third group bene ts largely from the fact that everylea edgec. collectively
represents all schema hits that share a particular schegea Bécall from Section 10.5.2 that this allows
to compare the corresponding query constraints only oncthéowhole set of schema hits @3. Due to
the structure of the quef2, there are thousands of containing schema hits in the cabtolwnly differ
with respect to a single schema edge. We found that matchenghany shared schema edges repeatedly
would cost a needless extra 14 seconds, which is completeigied with our data structures. Nevertheless,
this observation indicates that in extreme cases where i g@m¢ails a huge look-up result, the runtime
overhead might be considerable. However, such cases adeldtmmediately after schema matching and
before the schematization, as soon as the number of sché&seehomes available. If a certain threshold is
exceeded, one may still decide at this point of the evalndtidook up only some schema hits in the cache,
or evaluate the whole query from scratch. Besides, quelithswary large result sets should probably not
be cached (also in view of the storage consumption, seecBeli.8).

10.7 Summary and Discussion

As a last step in this work on increasing the ef ciency of XMétrieval, this chapter has presented the
RCADG Cacheas a practical example of how to use schema information fratnuetural summary for
incrementally answering XML queries, based on a cache ountaboth intermediate and nal results
of prior queries. The bene t of incremental XML retrieval general has been discussed in the previous
chapter, along with some problems and possible solutioaisithve been ignored so far. TRCADG
Cacheaddresses several of these issues:

Use of query extensions. The incremental retrieval algorithm proposed here is lgrtgglored to the
two-phase retrieval performed by tRRRCADG which rst matches queries on the schema level so as to
obtain document-level matches more ef ciently. For READG the schema tree serves as a path index
locating parts of documents with speci ¢ properties, sushag paths and textual content. TREADG
Cacheuses the same schema information to retrieve and compareatguoeries that resemble a new query
to some extent. Here the schema hits provide an approxireatend the query extensions on the document
level. Inspecting these result views, one may be able tcereadain query results in the cache that are
ignored by purely intensional approaches. In doing SOREBADG Cacheises only schema information
that is supplied by thR CADGanyway, and therefore does not introduce an extra overhmagared to
the evaluation from scratch. Unlike the few DTD-aware systeeviewed in Chapter 9, our approach relies
on a descriptive schema and is therefore closer to the dugtae of the documents.

Reuse of overlapping query results. Most approaches to incremental XML retrieval are quite tedi

in their effectiveness, taking advantage only of cachedigs¢hat are either equivalent or strictly more
general than the new query to be evaluated. Moreover, cadhguery processing with and without
cache support has mostly been neglected. REBADG Cacheexploits query overlap to a large extent
by partitioning the query extension into sets of matchesgtirtt schema hits. This way part of the query
result may be obtained from the cache while another partiieved from scratch. Since the two partial
answers are computed independently, the approach is imheagnenable to parallelization. In the end all
results are simply put together in a disjoint union. We hawttireed an integrated evaluation procedure that
ef ciently detects and exploits any query overlap that carhandled by th @ CADG Cachgand retrieves
all missing results from scratch.

Reuse of intermediate query results. It has been mentioned before that intermediate results atedp
during the evaluation of cached queries have so far beeegdised. In this work, we have shown how the
techniques developed for caching nal query results canxteneled to apply also to intermediate results,
and how this allows to answer new queries incrementally foiclvno nal result in the cache could have
been reused, thus again increasing the effectiveness efttiee. It turns out that if intermediate results
are available, they may be treated in just the same way asquaty results, with only a modest amount

164 Felix Weigel



CHAPTER 10. THERCADG CACHHE-OR XML QUERIES AND RESULTS

of book-keeping required. The main challenge here is to mglidable representation of the available
“snapshots” of the cached query results as they evolved tower. Again, we nd that the necessary
information is readily available, namely, in the form of gquelans that capture all steps the evaluation has
gone through to answer the cached query. Thus we ef ciertgminine which “snapshot” of a given query
result is preferable, using no additional data structures.

Of course, keeping both intermediate and nal results in¢hehe entails a higher cost in terms of
storage. However, our experiments show thatR@ADG Cachescales well up to the gigabyte level in
term of both storage consumption and runtime performanegatticular, its main-memory footprint is
very low because the bulk of the cache contents is kept on disk

Runtime performance. In an extensive performance evaluation, we have demoedttae practical
bene t of using theRCADG Cachgassuming an unbiased synthetical query workload. Cordpare
the RCADG system, theRCADG Cacheachieves a speedup of up to two orders of magnitude in our
experiments. There are only few cases where the overhe#itefeache look-up is not compensated for by
faster retrieval, so that the evaluation from scratch itefa\lthough the loss in performance is not large
in these cases, there is some potential for optimizatioa.h&smother issue is the possibly larger overhead
caused by extremely unselective queries in the cache ($@8)be

A comparative study of the performance of different cachépgroaches is missing at the time of
this writing. One reason is that many authors have addrasséuly the theoretical side of the problem.
We therefore merely highlight some performance-relatfférdinces between earlier approaches and the
RCADG CacheFirst, theRCADG Cachealesigned to leverage and take advantage of the ef ciency and
scalability of theRCADG In particular, it takes over the relational storage schefrtte RCADG Recall
from Chapter 8 that elementsRCADGresult tables are not represented as XML fragments incgutthieir
entire document subtree, but rather by their unique eletabet only. As a consequence, the matching of
D-constraints in the remainder query (such as the keyworsdtcaint in the example above) requires access
to data “outside” theRCADG Cache However, the missing data is simply obtained through a yath
the element table, which resides in the same RDBS as the caclents. Thus remainder queries can be
processed as ef ciently as any other query, as shown in thergxents.

Marron and Lausen [2002] argue that the hierarchid2AP data model they use for theifLCaches
system (see Section 9.4.2) ts XML data better than the i@hal model. On the other hand, their
query interface is quite restricted, and not performansaltg are given that could support their claim.
Kang et al. [2005] survey different storage schemes for XMthes, without commitment to any speci ¢
qguery language. Their experiments suggest that querytsesathed in binary or plain text format can be
retrieved and updated faster than cache contents storedRDBS. However, this is mostly due to an extra
overhead for serializing relational data to XML text fragmse which are used to transfer results from the
database to the cache and further on to the user. Our datedmdent cache deliberately departs from such
a strict three-tier architecture, hence the results regdsy Kang et al. do not apply.

In contrast to work based on Incomplete Trees [Abiteboul.2G01b; Hristidis and Petropoulos 2002],
the RCADG Cacha&omes with a main-memory index structure for quick accessmthed queries with
speci ¢ extensional properties. Finally, while Hristidiad Petropoulos store the root path of every cached
element in their Modi ed Incomplete Tree, our approach exglthe BIRD labelling scheme to recon-
struct root paths, which therefore need not be cached. Tdtismy expedites the query evaluation, but
also reduces the storage requirements of the cache.

10.8 Optimizations and Open Problems

There are a number of ways in which tREADG Cachenay be enhanced over what has been described
above. Most optimizations center around cache look-up acte maintenance issues. The rest of this
chapter outlines the most salient issues; a more thorowglstigation is left for the future.

Binary query constraints other than Parentand Child. So far we have assumed that every query to be
cached has at least oRarentor Child edge, and have restricted the cache look-up to these cimstra
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As a matter of factNextSif PrevSiband Selfedges can be handled similarly. For instance, an additional
constraintNextSib}(qg;qg) in the queryQ" in Figure 10.Xk. on page 143 can be handled as follows:
during the schematization ", the NextSibedge translates to th&constraintSibling®. The schema
node #2 that matcheg has only one sibling satisfying the tag constrageinder _ sex , namely, node #6.
Therefore there is only one schema hit for the modi ed qu@y it looks exactly Iikec?n and produces

a schematization similar to the one in Figure 1d).tn page 143, only with an additional schema edge
NextSib}(#Z; #6).5 This schema edge is used as a look-up key jost like any other edge that represents
a Parenbr Child constraint. If the query nodg; had no tag constraint, then there would be three distinct
schema hits foQ" which would matctgj with the schema nodes #2, #3 and #6, respectively.

In contrast to the sibling anBlelfconstraints, th®-constraintd~ollowingandNextEltand their reverse
variants do not have correspondigonstraints. In fact, iQ" contained a query edgeollowing(q3; 03)
andqj3 had no tag constraint, they§ could be matched by any schema nod&,mot only #2, #3 and #6
as with NextSih These binary tree relations are therefore likely to predioc® many schema hits and
hence too many schema edges to be looked up in the cache. Mensstrict the schematization to
S-constraints as described before. Note that as a consegjube®R CADG Cacheannot handle queries
like Iperson/following::name that do not contain ang-constraint.

Transitive query constraints. Another look-up issue concerns the chaining of transitiverg con-
straints such a®arentor Child. For instance, consider the two quer@s= /person/profile/edu

andQ, = Ipersonfedu  against the same document collectidras in the running example (see Fig-
ure 2.1b.on page 8). From the schema tree in Figurec2.@ne can see that bo@y andQ, have the same
schema nodes matching thgierson and edu nodes (namely, #1 and #4, respectively). Clearly both
ang Q) andanq Q) are part of the(RCADG Cachverlap forD, so Q. should be evaluated incremen-
tally whenQs is in the cache and vice versa. However, if only the two schedges of1, Parent (#4; #3)
and Parent(#3;#1), are cached, a cache look-up for the schema edd& irParent (#4;#1), will fail.
Analogously, looking up either of the schema edge®pfvould ignore the schema edge@$. Note that
this does not cause wrong result to be produced, but we restyglimiss a chance for incremental query
evaluation, which decreases the ef ciency of the cache.mbst straightforward solution to this problem
is to extend the schematization such that transitive caimst like Parent(#4;#1) are silently added to the
cache as well as to the set of schema edges being lookeddup in

D-constraints in the schema-hit containment test. The notion of schema-hit containment (see De ni-
tion 10.1 on page 144) implies that binddyconstraints in a cached que®f which do not introduce a
proper restriction should be ignored in the containmertt &a&n if they are missing in the new quep}
being looked up in the cache. For instance, an unmirr&@entedge that was reconstructed during the
evaluation ofQ° is admissible because ancestor reconstruction cannoé gartial matches to be dis-
carded. This case is illustrated in Figure 18.bn page 143 for the query ed@arenta; a2) in queryQ®
(the corresponding schema edgarent (#5;#3) in Figure 10.1d. is highlighted green). Similarly, statis-
tics in theRCADG path table could reveal that certain constraints that asgicdve at rst sight (e.g.,
an existential child constraint expressed in an XPath pegd) are actually safe to ignore in the given
document collection. Furthermore, binary constraint®imeed not have an exact counterpar@Qhfor
schema-hit containment to hold. An example has been giv&estion 10.2.1 where the schema edge
NextEIlt; (#2;#5) in Q° corresponds to a more restrictive schema edeetSiby (#2;#5) in Q". The proce-
durecheckSnapshats outlined in Algorithm 10.3 on page 156 does not recognizk sases of schema-hit
containment. However, the necessary modi cations aregtttiorward.

Cache maintenance. In this work we have not addressed the problems related totaiaing the cache
contents over time that were sketched at the end of the previbapter. In practice these issues are
fundamental to any caching technique, not only in XML retale While some efforts have been devoted
to the maintenance of XML query caches, the research in #li stills seems very much in ux. Recall

SNote that for horizontal relations such as sibling constsaithe normalization must not remove the proximity bounelsause
these are not xed as fa€Child and Parent
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from Section 9.5 that major questions here are (1) whichliesw put into the cache; (2) which cache
contents to expel to avoid an over ow; and (3) how to initzalithe cache so that the system can jump-start
with an appropriate sample of the expected query workloala fossible criterion for deciding the rst
guestion, we have mentioned above that highly unselectiegies with many schema edges are likely
to suffer from a considerable look-up overhead, and theeesbould be shunned in caching. Second, to
retain the most useful data in a cache of limited size, a cepfeent strategy is needed. Besides standard
strategies for the maintenance of priority queues, ldast-recently/least-frequently usgubssible hints

for assigning appropriate priorities could come from esipliser feedback or silent monitoring of user
interaction. Alternatively, one might choose to retaingoesults that were most expensive to compute.
Mandhani and Suciu [2005] sketch a simple solution based aedasize limit, but only determined an
empirical workload-speci c value for the threshold. Thdgapropose a warm-up technique for cache
initialization.

A fourth problem related to cache maintenance occurs whernutiderlying document collection is
updated. In this situation some or all cache contents magrbecstale. Since the tag paths to updated
elements are available in the element table, we might usexiséing main-memory indeg to retrieve
stale cache contents ef ciently, exploiting schema infation in the same way as for detecting query
overlap. To some extent, the robustness of our cache alsmdsn the underlying tree encoding. Some
more hints at database update techniques are given by Qaharfi2000], although in a different retrieval
scenario.

Structural Summaries as a Core Technology for Ef cient XMétfeval 167



10.8. OPTIMIZATIONS AND OPEN PROBLEMS

168 Felix Weigel



Part VI

Conclusion

169






CHAPTER
ELEVEN

Summary and Discussion

This work is about how structural summaries for XML data cantdbute to making XML retrieval sys-
tems more ef cient. For studying this question the follogiipreliminaries have been introduced. First
of all, the notions of XML documents, the structuresshemaof such documents, their textual contents,
and queries specifying structural and textual propertfedesired portions of the documents have been
de ned and summarized in thehree-Level Model of XML Retrievédee Section 2.4 in Part I). Second,
we have given an informal de nition of the terstructural summarywhich is deliberately general enough
to include bothcentralizedapproximate representations of the document schemaecehtralizedexact
representations of relations between individual XML elatsein the form of labelling schemes. Third,
we consider distinct kinds of XML retrieval system, namelgtive relationalandhybrid ones.

The main argument of the thesis is that certain kinds of atratsummary, when applied appropriately,
speed up the query evaluation signi cantly even in verydeegllections of XML documents, while causing
only a modest storage overhead. This claim is underpinneekignsive experiments that evaluate the
proposed new techniques and also compare them to prior agpes known from the literature. The
preceding parts of this work have considered different $ygred various aspects of structural summaries
that all contribute to the ef ciency improvement, which ishéeved in native, hybrid and purely relational
retrieval systems. In the sequel we brie y recapitulate awlings, highlighting both problems that have
been solved and questions that remain open.

Part Il: Labelling Schemes for XML. Labelling schemes are decentralized structural summtrés
serve to match binary query constraints on the document leitleout accessing the documents them-
selves. Query constraints can be eittlecidedor reconstructedLabelling schemes differ greatly in their
expressivity (i.e., if and how they match speci c tree riglat), time and space ef ciency, and robustness
against modi cations to the document tree. These con igtoptimization goals span teade-off space
where different labelling schemes occupy different possi In Chapter 3 we have seen three classes of
labelling schemes. Firssubtree encoding@ncluding as subclassésterval, pre-/postorderand region
encoding} use node labels that represent the size of the subtree ofa document node. This gives
them rich decision capabilities and limited robustness,poavents support for reconstruction. Second,
path encoding$which subsumeotal andpartial path encodingsconcatenate node labels along the root
path of a given document node. The resulting labels are Ipigdsirge and therefore compressed using
different binary encodings. For reconstruction and deaishe labels can mostly be manipulated in their
binary form. Path encodings are typically fairly robustiagadocument updates. Third, a small number
of multiplicative encodingfabel the document tree as if it had a highly regular strigtusing different
non-materialized homomorphisms. The resulting labelinogemes are typically rather sparse but offer
fast decision and reconstruction of many tree relations.

Chapter 4 has presented tBERD labelling scheme [Weigel et al. 2005c; Weigel et al. 200&djul-
tiplicative encoding whose labels are created using eertamerical components, areights that re ect
properties common to multiple document nod®&RD uses the schema tree as a centralized structural
summary to ensure fast access to the weights for reconisinuetd decision.BIRD is among the most
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expressive labelling schemes in the literature. Expertmshow that it outperforms almost all other ap-
proaches in terms of retrieval speed and maximal label $ize ef ciency of reconstruction and compari-
son operations is shown to be paramount for good retrievébpeance. Only one competitor 81RD is
much more space-ef cient, but less expressive. A major tek of BIRD in its current form is its poor
updatability when faced with node insertions in certainifmss of the document tree. Several potential
optimizations have been sketched that should nilRD labels and weights more stable and at the same
time smaller than in our experiments.

Partll: Index Structures for XML. Different native index structures for XML documents areveyed
in Chapter 5, including traditional inverted lists from -gxt Information Retrieval, adaptations thereof to
elements with their tag paths, and nally tree data struzsdike the schema tree that can be used to index
tag paths and keywords simultaneously. The latter are ynestlants of centralized structural summaries
like the schema tree, and as such can be combined with ladpeBichemes for better retrieval performance.
The look-up latency of such path indices depends much on hagwpaths, textual contents, and their
combinations are physically represented, especially vpnecessing queries with branching paths.
Chapter 6 brie y reviews th€ ADG index [Weigel et al. 2004a; Weigel 2003], which achievesisig
cant performance gains by materializing the join of tag auth keyword information that prior approaches
have computed at runtime. Of course this also has an impdbeasize of the index structure, but the space
overhead is modest and practically restricted to secorstarpge. Note, however, that rather than trying
to assess the retrieval performance of a path index in isolat makes more sense to take into account
also which labelling schemes and structural join algorighare used with it. In Part Il we have given the
results of combining th€ ADGwith different labelling schemes in a hybrid retrieval gt with positive
outcome in terms of time- and space ef ciency as well as $ilitha In the remainder of the thesis, the
combination ofCADGandBIRD is further evaluated in a relational setting.

Part IV: Relational Storage of XML.  For various reason mentioned in the introduction to thisu(see
Chapter 1), the storage and retrieval of XML data in relalaatabase systems has aroused much interest
in recent years. In Chapter 7 we have reviewed different iiaystore the inherently hierarchical XML
documents in speci ¢ schemata of the at and rigid relatibdi@a model. Most earlier approaches simply
represent either singleton elements or pairs of parent hitdlelements as tuples in a table, thereby losing
the originally explicit information about the nesting oéglents and tags. Expensive structural joins are
needed to restore this information when matching querytcaings on the document level or the schema
level at runtime. Only few relational storage schemes haenlescribed in the literature that attempt to
represent schema-level information (most notably, taggan the RDBS. They mainly suffer from a lossy
representation of the hierarchical nesting in the documemhich can cause many partial matches to be
retrieved in vain during the evaluation of tree queries.

Our experiments in Chapter 8 reproduce such cases wheretthefsntermediate result retrieved by
these systems needlessly blow up to millions of elementapened to several hundred with our approach.
We basically use the same combinatiolfC&DGandBIRD as in Chapter 4, after migrating both to the re-
lational data model. The storage scheme of the resuRlgtional CADGQRCADQ [Weigel et al. 2005b]
is straightforward since we only need to x a suitable redatill schema for the structural summary part
of the CADG However, we carefully avoid the lossy representation gfgaths mentioned above. The
RCADGalso comes with some basic query rewriting techniques thadgprobably be extended. How-
ever, the core of the relational query evaluation with R@ADGis the query planning algorithm which
is described in great detail. The algorithm is designed teelieas much as possible fro®IRD's recon-
struction capabilities, which have proved crucial to goedi@rmance in our experiments with the hybrid
system (see Chapter 4).

As a matter of fact, there are at least two con icting optiatinn goals that a good planning strategy
should try to reconcile somehow. On the one hand, the quenyldtbe evaluated with the least possible
number of joins with the element table, where the bulk of tbeunent-level information resides. Every
binary query constraint that is reconstructed (in our cas@)gBIRD) saves one join with the element
table. On the other hand, to minimize the size of intermediesults to be joined when matching branch-
ing queries, the element table should be initially probetthwie most restrictive selection predicates. The
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problem here is twofold. First, those query nodes with thetrselective unary query constraints are not
necessarily those which allow to reconstruct a large nurobéinary constraints, hence the conict in
query planning. Moreover, while the selectivity of tag patimstraints is easily kept in the structural sum-
mary, estimating the cardinality of the set of matches toralmioed path/keyword constraint is non-trivial
given a limited amount of space for storing selectivity istats. Therefore we currently apply a simple
heuristic that simply prefers query nodes with any keywardstraint over those without keyword con-
straints, regardless of the frequency with which the adtegivord in the query occurs in the documents.
While this already yields very good results in our experitsewhere th(RCADGoutperforms other

relational and hybrid systems by up to three orders of magdritwe expect even better results from
more sophisticated query optimization and planning tespies. Another possible enhancement is the
implementation of a structural join operator in the RDBSrr€ntly theRCADGuses standard nested-loop
and indexed-loop joins since no tree-aware operator isablaiin our RDBS.

Part V: Caching Techniques for XML. Chapter 9 surveys a number of approaches to the incremental
evaluation of XML queries using cached results of earliegrggs. The different caching techniques are
compared in terms of various criteria of theoretical or picat interest. These include, among others,
the underlying data and query model, the way cached quenigsesults are represented, the extent to
which only partially relevant query results in the cache bameused, and the scalability of the approach
(determined by the cache size and the look-up latency). Aomiague here are the notions gfiery
containmenandquery overlap Even the apparently unambiguous idea of query containivetateen a
cached and a new query can have different meanings for seotisted data, depending on whether the
entire result of the new query must be physically presenthiéncache or whether only each match to the
new query must have a (possibly partial) counterpart in éselt of the cache query. In the latter case,
additional joins with the element table may be needed toiolitee complete result of the new query,
however this might still be done much faster than evaluatieghew query from scratch. In a third variant,
only some of the matches to the new query are retrieved ingbleecwhereas the remaining matches must
be computed from scratch. This requires the integrationisifmtt query evaluation procedures that may
or may not use the cache.

To facilitate the comparison of the various cache propasdle literature, we therefore formally de ne
different degrees of query containment and query overtdprrs out that almost all known approaches are
restricted to full query containment. Notice that this doesmean that all cases of strict query containment
are detected. Since this problem has exponential compleXiof the reviewed algorithms are incomplete.
This also applies to th®@ CADG Cachgan XML query cache that we introduce in Chapter 10. The
RCADG Cacheenhances th& CADGwith ef cient and scalable incremental query processingliké
almost all other approaches mentioned before, RRADG Cacheompares queries not only based on
their intensionsbut also theiextension®n the schema level, which provide an approximate view on the
actual query results on the document level. In a processdsthematizationqueries are rst matched
against the structural summary to nd representativessabrema hitsof different disjoint parts of the
query result, which is unknown at that time. The schema hé@gteen looked up in a main-memory index
to the cached queries and results in R@ADG Cache A sophisticated comparison of query intensions
and extensions (i.e., query constraints and schema hiitsysato detect certain cases of containment or
overlap which cannot be exploited without the structurahswary, even if a DTD is given. Again, the use
of structural summaries brings a decisive advantage ohensa-oblivious approaches, a phenomenon that
we already observed in previous parts of this work.

Furthermore, th&RCADG Cacheés the only XML cache we know of that exploits not only nal but
also intermediate query results which usually emerge afiyioturing query evaluation. In the case of the
RCADG intermediate results are conveniently stored as temypaoabies in the RDBS, which need only
be made persistent to be included in the cache. Obviousthittg more results generally increases not
only the effectiveness, but also the size of the cache. Ttrerene major challenge to be overcome for
exploiting query overlap and intermediate results was th&gh of a suitable cache index and look-up
procedure that enable fast access to potentially relevartas in the cache, even when the overall number
of cached queries is huge. A second precondition for suftdessploitation of overlapping queries in
the cache is that those matches to a new query that cannot&ieedbfrom the cache must be computed
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from scratch, and later be combined with the remainder ofjtlexy results that was retrieved in the cache.
Since the schema hits we use for selecting relevant cactterdsimepresent disjoint sets of matches on
the document level, we can simply evaluate the same quehyamitl without cache in parallel and nally
union the partial result sets without duplicate eliminatidn Chapter 10 we give a detailed description
of all necessary data structures and algorithms, along setieral examples that illustrate the benet of
the salient contributions of thRCADG Cachgnamely, query overlap detection and use of intermediate
results.

To evaluate th&RCADG Cachgwe have conducted two different experiments that simyatential
user behaviour in an interactive retrieval system such egtie sketched in the introduction to this work
(see Section 1.3). We nd that with tHRCADG Cachgethe query evaluation is accelerated by up to two
orders of magnitude, depending on the query workload asston#é the cache. A careful set-up monitors
a growing cache as it may evolve during the continuous useache-enabled retrieval system. An obvious
issue here is the maintenance of the cache over time, magilgothe choice of query results to be cached
and others to be expelled from the cache when is grows toe.ldiigese questions are not fully addressed
here, however preliminary solutions have been outlined.
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CHAPTER
TWELVE

Perspectives and Outlook

At this point, where all issues that are covered by this thhaive been mentioned and all contributions
made in about three years of work have been developed, dotachand evaluated, a nal word is in
order on how the results can guide or entail future work in #ié. We will brie y recapitulate what
can be gathered from this work as far as ef cient XML retrieigaconcerned, and then sketch two other
applications of structural summaries that can also beniectodly or indirectly from our results.

12.1 Lessons Learnt

The key conclusion that should be drawn from what has beesepted here is thatructural summaries
are indeed at the core of making XML retrieval ef cient andlsdle enough to face today's challenges and
tomorrow's expectationd/Ve have seen how structural summaries can solve some ofastisfamdamental
problems that arise during XML query evaluation, with wivatesystem or technique:

1. provide fast access to occurrences of speci ¢ tags or @aflgsdn the documents;
2. identify certain unsatis able queries immediately,lvaut accessing the documents;

3. decide the question whether a certain tree relation Hodtlween two elements, in constant time
without any 1/O;

4. reconstruct a part of the neighbourhood of a given elenrenbnstant time without any 1/0;

5. hold data that is speci c to a certain class of elementshabit is readily available for any of these
elements without redundant storage.

These features have been exploited at various places thootithis work: the native retrieval systex?
uses theCADG as path index an8IRD for deciding and reconstructing tree relations withoutesscto
the document level; the relational retrieval systBmX does the same with tiRCADG BIRD uses the
CADG or RCADGto store its weights; thePID scheme does the same with thataGuide and so on
(another example will be given below). From a bird's eye vidve reason why structural summaries are
the method of choice in the various cases is always the sampltydecause they provide the right amount
of information about the underlying XML data in the right wayd ignore the rest. This is exactly what
users expect from a retrieval system, and also what the deengl expects from its index structures and
access paths. In other words, a “good” structural summary fgiven purpose provides just the right
abstraction of the data that is needed to avoid the expensivepulation of the data itself. ThEhree-
Level Model of XML Retrievalepicted in Figure 2.3 on page 13 is meant to visualize jwtittiuition, in

a suf ciently generic way to be applied also to other retalescenarios that are different, but related. For
instance, the picture might be adapted to a streamed dateesau a set of distributed data sources, or the
combination of distinct summaries (abstractions) on mpldtintermediate levels.
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From a more down-to-earth perspective, the different datetsires and algorithms introduced in this
work are of course the predominant contribution, which wpehwill be broadly applicable in other sit-
uations where similar problems arise. While R€ADG Cachevith is rather specialized data structures
is likely more interesting from a system-centric point oéwj BIRD and theRCADG storage scheme
are generic enough to be adopted without much need for matibn. The abridged survey of labelling
schemes presented in Chapter 3 illustrates such transfeslations across quite disparate domains of
research: thus some of the most frequently cited labellelgmes in the XML literature were actually
designed for routing in communication networks. In factnsoof the work that was done before the ad-
vent of XML in the Discrete Mathematics community seems teehlaeen reconsidered (and sometimes
rediscovered) later, with new applications in mind.

It is equally true, however, that much of the more theoréachievements in labelling tree and graph
data never made it into the Related Work sections of papebshdin retrieval. The history of science
probably abounds with examples where “new” solutions (npoeeisely, solutions yet unconsidered) to a
speci ¢ problem emerged just because someone realizedhthéol work that had been done by someone
else before. This is said to emphasize the value of surveysaaalytical or empirical comparisons of
alternative approaches to similar, if not identical questi Thus if a prominent place in this work has been
reserved for classi cation, systematic comparison, Vigasion, and terminology, this was done with such
methodological considerations in mind.

A practical application of the classi cation criteria tHave been proposed for labelling schemes could
be a recommender tool that suggests a suitable scheme tpledap a given document collection, based
on characteristics of the documents (e.g., structurarbgéneity, maximum path length, maximum fan-
out, markup-to-text ratio), of the data source (static wemynamic, continuous versus bulk updates), of
the query workload to be expected (most common tree rel&tioeried, frequency of complex branching
patterns, proportion of structural to textual query caaists), of the runtime environment (primary and
secondary storage available, access speed to secondayeytand of the user's skills and expectations
(expert versus novice, real-time information need verdtdire analysis). It is easy to see that these
parameters re ect quite closely the optimization goals ififedent labelling schemes that are plotted in
Figure 4.10 on page 65.

Such a recommender tool is also conceivable for choosingtabsel path index, or for indexing fre-
quently queried parts of the document tree in some prividegshion. Similar indexing assistance is al-
ready offered by some commercial RDBSs. Analogous teclesiquight also apply to cache maintenance,
where the system must decide which query results to put irgaqtiery cache and which to expel once
the available resources (storage or look-up time, in the o&sery unselective queries) are exhausted. In
the end, monitoring the aforementioned user, data andmyséeameters (which may change over time)
could lead to a largely autonomous system administratien&ginning in the background. Going through
continuous maintenance cycles, it would adjust the syst&rmsto the current real usage, rather than the
ctitious usage assumed once before the system start-up.

12.2 Further Applications of Structural Summaries

Finally, we would like to hint at two other aspects of XML rietral besides ef ciency where structural sum-
maries are useful, namely, relevance ranking and useiictien in XML retrieval systems. These elds
being beyond the scope of this work, the following descoiptis necessarily cursory. A more balanced
discussion of the various bene ts of structural summagdsiund elsewhere [Weigel 2006].

12.2.1 Relevance Ranking

In Chapter 1 is was pointed out that Information Retriev&)(systems for XML documents face the
problem of relevance ranking with respect to both the tdxtoatents and the markup structure of the
documents. Most ranking models for structured documergsadaptations of at-text models such as
tf idf [Salton and McGill 1983], which computes relevance scoesed on (1) théerm frequencyi.e., the
number of occurrences of a given term (keyword) in a specocuiment, and (2) théocument frequency
i.e., the number of documents in the collection that congileast one occurrence of that term. When
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applying such models to XML documents, other or perhapstiaaddil frequencies are needed that re ect
the distribution of terms with respect to distinct elememtsags or tag paths. For instance, some XML
ranking models rede ne the document frequency as the numibelementswith a speci ¢ tag paththat
contain least one occurrence of a given term. Note that Wwithde nition the document frequency is a
function of a term and a tag path, while the former de nitidiose treated it as a function of a term only.

Rede ning frequencies in this way has immediate consege®far the storage structures used to im-
plement a given ranking model. For instance, while the nyetesim-speci ¢ document frequency ( rst
de nition above) easily ts an inverted text le (see Figutela. on page 72), the term/tag path-specic
document frequency (second de nition above) has no pladbeninverted text le because tag path in-
formation is not covered by this data structure. Suitabbeinstructures for this sort of document fre-
guency values include, e.g., the inverted text/path lee(Bégure 5.1.), the two- or three-dimensional
path bitmaps (see Figure 5.2 on page 73 and Figure 5.3 on gagespectively) and the element table of
the CADG (see Figure 6.1 on page 82).

In earlier work [Weigel et al. 2004b] we have developed a métto nd out which index structure is
capable of storing all sorts of frequency that are used byrtécp&ar ranking model for structured doc-
uments. A generic classi cation scheme, thath/Term/Node Hierarchyis introduced which describes
XML ranking models in terms of their dependency on threedind blocks of an XML document (namely,
Path, Termy andNodé. Since the same vocabulary is used to specify which doctipreperties a given
XML index can store, th@athTerniNodeHierarchy makes it easy to relate the needs of a ranking model
to the capabilities of an index. It turns out that the moradiemnking models can bene t from most of the
centralized structural summaries reviewed above. Howawsong the index structures presented in Part 1|
of this work, only theCADG (see Chapter 6), tHadexFabriqsee Section 5.4.2) and the inverted text/path

le (see Section 5.2) are capable of storing so-caPaN frequencied.e., frequency values that are at the
same time term-, path- and node-speciTN frequencies are used by some of the more sophisticated
ranking models such aPREJWolff et al. 2000].

Following thePTNanalysis of th&€ADGand other index structures, we have created a modCADG,
thelntegrated-Ranking CAD@ER-CADQG, which can be con gured so as to meet the demands of a variety
of different ranking models for XML [Weigel et al. 2005a; Wel et al. 2004b]. ThéR-CADGis an ex-
ample of how the ranking of structured documents can takargtdge of centralized structural summaries.
In terms of the Three-Level Model of XML Retrieval, the fremcy values stored in the summary make
certain properties regarding keyword and path distrimgion the document level visible on the schema
level. This permits systems to use advanced ranking mod#iscamplex frequency parameters that mir-
ror more closely the textual and structural properties efdbcuments, which may eventually lead to better
precision and recall. As a by-product, ef ciency bene tsclissed for unranked XML retrieval carry over
to the ranked case.

12.2.2 User Interaction

Section 1.3 has sketched a new way for users to interact kgthettrieval system, which makes heavy use
of a graphical representation of the schema tree as stalstwmmary. In earlier work [Meuss et al. 2005]
we have described a preliminary version of such a graph®al interface (GUI). The system proposed
there provides separate views on the schema, queries aritbrédnce a query has been formulated and
evaluated, the retrieved hits are explored in a graphigaksentation re ecting the query structure. While
browsing the result view, users often wish to modify the guesalizing mismatches with their information
need. Currently this requires re-editing and re-runnirggdhery outside the result view (perhaps after
consulting the schema again). This not only causes neetlegsutations to retrieve data which is already
known, but also makes it hard for the user to keep track of igsda the query result.

The most salient feature of the new GUI to be developed isigfirt integration of the schema, query
and result views. ldeally the user would silently issue nesrges or modify previous ones while brows-
ing the document schema or query result through a pointetiokl-interface, as follows. First the user
activates interesting tag paths in the schema tree and gsegmmnotates them with keyword constraihts.

INote the similarity between these user-speci ed querygpast in the schema tree and the schematized queries insmdoc
caching purposes in Chapter 10.
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The occurrences of these tag path patterns (actually, migco#dected schema hits) span a set of subtrees
in the documents which in turn induce a partial schema tratishspeci ¢ to the current activation. For
instance, consider the sample document Bee Figure 2.1b. on page 8. Initially the schema tr&or D
looks like the one shown in Figure Z1on page 8. If the user activates tiperson and gender nodes

in S, then the subtrees, to ag in D are temporarily ignored, being irrelevant to the currergrusterest
(since neither of the three subtrees contairgeader node). Consequently, the schema t&de reduced

to re ect exactly the schema of the remaining subtagef D. In this case, this means that the schema
nodes #3, #4 and #5 disappear from the schema view. Wherevasér changes the activation pattern in
the schema view, the structure of the schema tree shownithiemmediately updated, e.g., by hiding paths
outside the reduced schema as above, or by making hiddes ngabpear. Note that nding the currently
relevant subtrees d can bene t from our ef cient tree matching techniques, jliké the evaluation of
explicit user queries.

Note that the user can at any pointin time either narrow domwexpand the schema tr&by changing
the path activation. Moreover, distinct paths camimgedi.e., treated as equivalent both in query evalua-
tion and in the GUI. Conversely, occurrences of the samea#iggan be distinguished 8 based on their
textual content or statistics such as subtree sizesplisting the corresponding node in the schema view.
In terms of the Three-Level Model of XML Retrieval, this béuto some extent the distinction between
the schema and document levels. However, since users auné gohtrol over the shape of the schema
tree, we believe that this feature will actually help therdl@ relevant information in the document and
schema trees more naturally than when a rigid separatidredfito levels is enforced at all times. Again,
the bene t of structural summaries results from their pding the “right” abstraction of the document
contents. Users should ideally decide themselves whalt d&éabstraction is currently appropriate, given
the information need they have in mind.
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CHAPTER
THIRTEEN

13.1 Hardware and Software

Test Environment A
AMD Athlon XP 2600+2.1 GHz, 256 kB cache

CPU:
RAM:
Os:
RDBS:
JAVA:

1GB

Slackware Linuxversion 9.1, kernel version 2.4.26
PostgreSQlversion 7.3.2 (database cache disabled)
Sun JDK version 1.4.2

Test Environment B

CPU:
RAM:
os:
RDBS:
JAVA:

AMD Athlon XP 1800+1.5 GHz

1GB

SuSE Linuxversion 8.2, kernel version 2.4.20

PostgreSQlLversion 7.3.2 (database cache disabled)
Sun JDK version 1.4.1

Test Environment C
AMD Athlon XP 2600+2.1 GHz, 256 kB cache

CPU:
RAM:
os:
RDBS:
JAVA:

13.2 Document Collections

1GB

Slackware Linuxversion 9.1, kernel version 2.4.26
PostgreSQlversion 7.3.2 (database cache disabled)
Sun JDK version 1.5.0

Experimental Set-up

name XML size nodes keywords | tag paths | depth
Cities 1.3 MB 16,000 19,000 253 7
XMark 29 30 MB 417,000 84,000 515 13
DBLP 157 MB 5,390,160 757,451 129 7
NP 510 MB 4,585,000/ 130,000 2,349 40
INEX 536 MB 12,049,113| 496,169 10,203 17
XMark 1100 1,145 MB| 20,532,979 84,000 549 13
IMDb 8,633 MB | 83,404,825| 2,340,060 276 5

Table 13.1: Test document collections.
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CHAPTER
FOURTEEN

Comparative Performance Evaluation of Five Labelling Sobe

This section provides some detailed observations fromdhgarative performance evaluation of different
labelling schemes that is described in Section 4.6.3. Adioweed there, th8IRD, ORDPATH, PID, and
Virtual Nodesschemes are compared against each other and against thggptabelling as baseline. The
experiment is carried out on two document collectidbBLP and XMark 1100(see Section 13.2 above).
Each set of queries against either collection is evaluatpdatedly with three different path join strategies,
namely, ALWAY SFIRSTandNEVER[Weigel et al. 2005c].

Tables 14.1. andb. list the eight queries that are run against &L P and XMark 1100collections,
four against each. Queries with equal number resemble g¢behto a certain extent: boXMark 11005
andDBLP's QO queries are small trees with a single branching nodextaial constraint and a moderate
number of results (where matches for all query nodes aretedwas mentioned above). The Q1 queries
are structurally similar but lack the textual constrainhjeth makes them less selective than their QO coun-
terparts. The Q2 queries stress the path join capabilifiéseosystem, whereas each of the Q3 queries
consists of only one path.

The detailed performance results for all queries agaieddBLP andXMark 1100collections are given
in Tables 14.2. andb., respectively. For each of the three path join stratediesetare ve columns listing
the average time in milliseconds spent by a given labellaigme in different evaluation stages for a given
query. Each of the ve stages accumulates all instances @bbthe following problems that occur during
evaluation of a single query:

1. REC: reconstruction of thearent relation

2. DEC: decision of thehild' relatiort

3. JOIN: path join (subsumes part of REC, DEC and COMP)
4. FETCH: retrieval of document nodes from the RGBS

5. COMP: node label comparison

Running QO against both collections produces largely simésults. When applying t.WAY Strat-
egy, BIRD outperformsORDPATH and PID and is 2-3 times faster thavirtual Nodesthanks to faster
reconstruction, whereas preorder is prohibitively slowislchanges when tHelRST strategy introduces
decision. OrDBLP, preorder evaluation of QO is even slightly faster tBdRD (2.2%) and outperforms
Virtual Nodesby far. The latter is especially handicapped during the.j@m XMark 110Q preorder is
clearly inferior to any other scheme fBtRST PID andBIRD are more than twice as fast @RDPATH

1This subsumes part of COMP. Note that ietual Nodes scheme decide€hild' (u;V) for two document nodes; v by recon-
structingparent(v) and then testing whether the reconstructed ancestor lgbalsei. This extra reconstruction is subsumed by DEC
and not included in REC values.

2Note that since preorder labels support neither decisiormemnstruction, REC, DEC and JOIN may subsume considerabl
portions of fetching time in the baseline tests.
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a. DBLP

b. XMark 1100

Table 14.1: Sample queries against B®LP andXMark 1100collections (see Section 4.6.3).

and beavirtual Nodesby one order of magnitude. ApplyindEVERslows down evaluation roughly by a
factor 2 onDBLP and much more oXMark 1100 Due to faster decisioBIRD remains on the top.

Evaluating Q1 orXMark 1100takes somewhat longer than evaluating QO (typically oneroofimag-
nitude) because due to the missing textual query constrdartbigger node sets must be joined. The size
of the query results differs by two orders of magnituB&RD and PID retrieve more than 14,000 nodes
in less than 3 seconds, followed ®RDPATH (6 seconds). As before, performance breaks down when re-
construction is disabled. Thus the performance rankingriar to QO except that foFIRSTandNEVER
Virtual Nodesis far slower even than the baseline since its join handicighe particularly heavy for this
qguery. OnDBLP, Q1 reveals a pattern similar to QO but is evaluated muclerfa3the reason is that the
number of matches to all three query nodes in QO, ignoringekiial constraint, exceeds that for Q1 by
two orders of magnitude (e.g., 157,382 titles in QO verst93 titles in Q1). Therefore joining is much
easier for Q1 even though the nal result is bigger than tHa0. As a consequence, nearly 5000 nodes
are retrieved in only a few hundred milliseconds by most se®and strategies.

The evaluation of Q2 oxXMark 1100is lengthy despite the small number of nal matches. Aftér al
joining sets of some 100,000amenodes, 100,00®old nodes and 380,000ategory nodes with the
102 keyword nodes containing the query keyword puts the system to a batdwithout decisiorBIRD
and PID do the job in 14 seconds, saving 20 seconds compar@RiDPATH andVirtual Nodes As
for Q0 and Q1, the preorder scheme is not competitive. WighHHIRST strategy, where decision comes
into play, the former three schemes are not affected wheheasesponse time dfirtual Nodesgrows
by a factor 18 due to the join overhead. Interestingly, preorder benkatgely from decision for joining,
increasing its performance by a factor 40 comparesld/AY Sand evaluates Q2 slightly faster thAHRD.

The top-down join algorithm applied ByIRSTlets preorder save much time that is otherwise needed for
reconstruction (and hence, fetching). Disabling recamsion decreases the performance by roughly a
factor 3, but the scheme ranking remains the same.

OnDBLP, the task is somewhat easier (as long as reconstructioloigeal) because thétitle/i
branch has only 664 matches, which quickly narrows down {é73candidates of the leftmost branch in
the Q2 tree. Consequently, performance guresAbWAYSandFIRST hardly change compared to QO
(BIRD beforeORDPATH, PID, as well asVirtual Nodesand preorder). With reconstruction disabled,
however, fetching 157,382rticle  matches slows down the evaluation and increases the ditfese
between individual labelling schemes. As observedutark 1100 Q2 query,BIRD outperform€ORD-
PATH and PID by 1 second, preorder by 4.5 seconds, dirtlal Nodesby 5 minutes. The latter again
suffers from the join overhead.

Finally, the queries Q3 are degenerated trees each caogsatia single path, such that there are no
decision and join costs foALWAY Sand FIRST As could be expected, differences between these two
strategies in the performance of any given labelling schameenegligible on either collectionBIRD

184 Felix Weigel



CHAPTER 14. COMPARATIVE PERFORMANCE EVALUATION OF FIVE LABLLING SCHEMES

a. DBLP

b. XMark 1100
Table 14.2: Ef ciency pro ling of query evaluation with diérent labelling schemes (see Section 4.6.3).

retrieves 1,777 matches froMark 1100in 30 milliseconds on average, more than three times as fast
asORDPATH. PID comes close behind. Disabling reconstruction,Xf&/ERstrategy entails fetching

for all inner nodes on the query path. While DBLP this causes 3,748 nodes to be fetched, which
affects only the performance wirtual Nodesand preorder whose decision is less ef cient)dviark 1100
382,316 nodes undergo fetching and joining. AgaIRD and PID cope best with the decision problem
(10 and 11 seconds, respectively), followed by preordesébbnds)ODRDPATH (25 seconds, due to label
comparison), an¥irtual Nodes(3.8 minutes, due to the join overhead).
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access control, 6

alignment, 28, 33

ALWAYS$61-63, 183, 184
arithmetic, 17, 34, 42, 59, 99

arity, 32,32, 33,see alsdan-out
artefact, 61, 84, 160

asymptotic behaviour, 27, 37, 38, 60

attribute, 6, 7, 7fn, 8, 9, 9fn, 11, 22, 23, 52fn, 77,

81, 90, 103

B*-Tree, 23, 73, 84, 119, 124, 125, 160, 163
back-end, 57, 84, 119, 133, 134, 160
backtracking, 75-79, 81, 82
balancing, 43, 44, 46, 51, 54, 57, 64, 66
benchmark, 57, 104, 118-120, 123
bibliographic data, 3, 54, 118
binarization, 36
binary encodingseeencoding
bit-string, 27, 29, 33, 37, 59, 76, 107
operator, 106, 107fn
separator, 28, 29fn, 33
bitmap, 73, 74, 79
path, 73, 74, 79, 177
Boolean
function, 19
keyword constraint, 74
operator, 99, 153, 154
retrieval, 73
breadth- rst, 7fn, 35, 35fn, 36, 38, 59, 63, 109
browsing, 5, 6, 159, 177
bulk update, 40, 176

cache

content, 130, 133, 134, 136, 138, 141, 146,

148, 159-161, 163, 165-167
irrelevant, 140, 150, 163

INDEX

growth, 133, 150, 160, 161, 163, 174
look-up, 129, 130, 133, 134, 136, 137, 146,
150-152, 156, 163-166
maintenance, 165-167, 17&e alsaeplace-
ment strategy
over ow, 130, 133, 138, 167
semantic, 129
size, 130, 133, 160, 173
stage, 163, 163fn
support, 159-161, 163, 164
careting-in, 2929, 30, 30fn, 58, 64
classi cation, 18, 37, 84, 89, 129, 176, 177
closure, 8, 9
re exive-transitive, 19
transitive, 9, 19
cluster, 38
index, 119
table, 126
collapse, 104104 108
communication, 21, 176
comparison
lexicographical, 28
numeric, 28, 32, 121, 122
complexity, 57, 65, 111, 121, 129, 130, 132, 137,
173
exponential, 35, 65, 75fn, 78, 132,133,173
compression, 32-34, 37, 65, 76, 79, 171
concurrency, 5, 6, 89
conjunction, 71, 74, 79, 106, 107, 107fn, 115-117,
153, 155
content/structure join, 81, 82, 85, $&e alsanate-
rialized join
corpus, 10, 26, 40, 57, 84, 85, 119-122, 18de
alsodocument collection
cost estimation, 112, 125, 126, 147, 158-160, 163,
173

reusable, V, 134, 136-142, 147, 158, 16@ross-link, 77, 78see alsdDREF

174
database, 57, 181

data mining, 91

edge, 148148 149, 150, 152, 155, 156, 161data type, 9fn, 62, 90fn

163, 164
le system, 61, 84

DataGuide 11, 32-34, 37, 38, 75, 75fib, 7779,
81, 82, 84, 85, 175
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INDEX

DBLP, see Digital Bibliography and Library Project ment schema
decision, 19, 19fn19, 20, 23, 27, 30, 33, 34, 37,document/term matrix]3, 74
38, 42, 43, 48, 50, 52, 52fn, 53, 56, 57DOM, seeDocument Object Model
59-64, 66, 91, 97, 99, 101, 102, 108, 10D TD, seeDocument Type De nition
111, 113-115, 121, 123, 130, 131, 15@uplicate, 11, 32, 73, 78, 79, 93, 116, 134, 146, 147,
156, 171, 183, 183fn, 184, 185 149, 163, 174
depth- rst, 7fn, 26 durability, 21, 22 see alsaobustness
descriptive schemage alsalocument schema dynamic, 17, 30fn, 40, 52, 66, 126, 136, 176
Dewey 27, 27fn, 28-30, 32, 37-40, 54, 56, 64, 66

Dewey, Melvil, 27fn effectiveness, V, 5, 34, 85, 108, 111, 112, 130, 134,
Digital Bibliography and Library Project{DBLP), 138, 142, 144, 145, 160, 164, 173
54,57-62, 118, 122, 124, 181, 183-185encodingsee alsdabelling scheme
Discrete Mathematics, 37, 176 binary, 27, 29, 32, 37, 56, 171
disjunction, 9, 10, 12, 74, 76, 83, 106, 107, 107fn, pre x-free, 27,27fn, 28, 33
115-117, 132, 140, 141, 153, 155 equijoin,seejoin
distance, 19, 20, 26, 30, 32, 36, 39, 40, 50, 60, 6&aluation planseequery plan
71, 101, 143see als@roximity existential quanti cation, 125, 132, 166
distributed data source, 6, 175 expressivity, 1818, 20, 27, 30, 32, 34, 37-39, 41,
document 42, 43fn, 57, 65, 66, 126, 171

collection, V, 4, 6, 18, 30fn, 37, 40, 42, 52, 54,
57,58, 61, 66, 78, 82-84, 89, 93, 95, 118alse positive, 19, 41, 76, 77, 83, 95, 140
119, 122, 125, 126, 130fn, 132, 136, 13Tan-out, 29, 29fn, 35, 36, 40, 48, 65, 1&ee also

142, 144, 146, 159, 159fn, 166, 167, 176, arity
181, 183see alsaorpus eld, 98, 105, 107, 119, 159
height, 7, 23, 35, 36, 44, 46, 48, 51, 64, 65, 94  mandatory, 98
hierarchy, V, 3, 27fn, 89 optional, 98, 111, 124
level, seelevel Iter, 11, 85, 92, 94
order, 4, 7-9, 11, 17, 20, 22, 26-28, 30, 32, 3Bjnite-State Transducer (FST), 30, 33, 37, 38, 66,
41, 43, 46, 48, 49, 51, 54, 56, 62, 63, 65, see alsdransducer
66, 107, 118, 126, 133 FIRST 61-63, 183, 184

schema, V, 4-6, 12, 74, 83, 85, 90, 94, 124t text, V, 3-5, 71, 73, 172, 176
129, 132, 134, 136-141, 147, 164, 167oreign key, 81, 83, 92, 98, 119, 122
171, 177,see alsadDocument Type De - FST,seeFinite-State Transducer

nition
descriptive4, 137, 141, 164 gap positions, 22, 40
heterogeneous, 18, 57, 64, 67, 75, 75fn, 78eneralization, 4, 26, 52, 54, 130fn, 135
84, 118, 124see alsarregular global data, 4, 5, 17, 30, 33, 34, 37, 39, 66
homogeneous, 54, 64, 8&ke alsaegular  government, 9, 75, 83, 90, 98, 107, 115-117, 153-
irregular, V, 3, 34see alsdeterogeneous 155
prescriptive4, 89-91, 94, 137, 141 grammar, 4
regular, 34, 36, 38, 41, 91, 174¢e alsdo-
mogeneous heuristic, 79, 126, 173
structured, V, 5, 21, 26, 34, 71, 74, 81, 17@olistic, 79
177 homomorphism, 36, 171
text-centric, 3, 26 horizontal proximity, 38, 166fn

tree, 6, 7, 7fny7, 9-13, 17-24, 26, 27, 29, 30 hybrid retrieval systenseeretrieval system
30fn, 31-36, 38, 40-48, 50-52, 54-5@ypertext, 27
59, 63-67, 71-74, 75fn, 76, 77, 81, 82,
90, 91, 94, 98, 99, 112, 119, 123, 125/0, V, 13, 19, 40, 41, 52, 82, 83, 95, 97, 109, 126,

130, 131, 133, 133fn, 134, 143, 171, 172, 138, 139, 141, 142,175
176,178 IDREF, see als@ross-link
Document Object Model (DOM), 4, 26fn IDREE6, 7, 77

Document Type De nition (DTD), 4, 30, 38, 89, 94,IMDb, see Internet Movie Database
132, 133, 137, 144, 173%ee alsodocu- incomplete, 133, 137, 140, 142, 146, 173
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INDEX

index, 4, 4fn, 6, 11, 18, 58, 69, 71, 72, 74-78, 84yering, 38, 54fn54, 56, 63
85, 89, 121, 124, 137, 139, 146, 165, 172vel,see alsa hree-Level Model of XML Retrieval

175, 177 document,12, 14, 41, 50-54, 56, 74-77, 95,
path, 51, 72,92, 124, 164, 172,175, 176 97-99, 102, 104, 107, 108, 112-116, 119,
atomic, 73 122, 126, 142, 143, 145, 146, 148, 150,
compositional, 75 153fn, 159, 164, 171-175, 177, 178
weight, 51, 58, 67 query, 12,12, 137, 140
INEX, see Initiative for the Evaluation of XML Re- schema, 1313, 14, 41, 74, 76, 82, 83, 92-95,
trieval 98, 101, 102, 104, 105, 107, 108, 114,
information need, 176-178 115, 119, 121, 125, 126, 137, 140, 141,
Information Retrieval (IR), 3-5, 71, 73, 76, 126, 143, 146-148, 150, 164, 172,173, 177
172,176 limitations, 6, 65
Infoset, 26fn local data, 4, 11, 18, 40, 78, 79

Initiative for the Evaluation of XML Retrievé@INEX), locality, 135
57,58, 64, 75fn, 82, 118, 121, 124, 181 lossiness, 38, 66, 172

inlining, 90,90
insertion, 21-23, 27, 29, 30, 30fn, 37, 40, 54, 5@)arkup, V, 3, 26, 71, 176
63, 64, 66, 67,136, 172 match edge, 149,49 150-153, 157
integrated query evaluatioseequery evaluation ~ matching
Integrated-Ranking CADGL77,177 candidate, 1313, 19, 94, 184
Internet Movie Databas@MDb), 54, 56, 63, 64, 77, document-level, 99, 101, 103, 107, 108, 112,
118-120, 124, 159, 161, 181 113,121,122
inverted le, 71,71, 72, 73, 79, 81see alsdnverted partial, 99, 112, 121, 122, 140, 144, 166, 172
list rule,seerule
path, 73-77, 81-83 schema-level, 99, 101, 103, 105, 119, 125
tag, 72 materialization, 74, 79, 81, 90-92, 124, 129, 135,
inverted list, 71, 172,see alsanverted le 136, 149,171,172
IR, seelnformation Retrieval join, 81, 85, 124, 126
IR-CADG seelntegrated-Ranking CADG mediation, 91, 137
metric, 65
join modulo,42fn, 99
equi, 90, 91 multiplicative encodingseelabelling scheme

self, 90-92, 99, 101, 105, 121, 122, 125, 160
structural, 4, 4fn, 19, 21, 28, 36, 38, 40, 6X)amespace, 7fn, 8, 9, 9fn, 52fn
66, 72,72, 75, 79, 94, 119, 126, 137, 138native retrieval systenseeretrieval system
172,173 nesting, V, 4, 11, 22,57, 64, 122, 123
interval, 21fn
keyword signature, 7&,6, 77, 79, 83, 98, 106, 107, region, 21

124,126 NEVER 61-63, 183-185
label on-the-y, 79, 94
invariant, 4343, 46 optimization goal, 57, 64, 65, 78, 160, 161, 171, 176
size order
xed, 33, 37, 40, 57, 77 combined pre-/pos¥fn, 21, 21fn, 26
maximum, 18, 29, 37, 54fn, 57, 58, 64, 172 documentseedocument order
variable, 28, 37, 40, 56, 57 inverse postorder, 51, 532
labelling scheme sibling, 7,7, 8, 32fn, 98
multiplicative, 34,34, 35, 38, 40-42, 54, 64, partial, 32
171 over ow
path, 27,27, 31, 32, 34, 37, 38, 40, 41, 52, 54,  cacheseecache
56, 64, 171 graph, 91
subtree, 2121, 24, 26, 27, 30, 38, 40, 57, 66, label, 40, 54, 56, 63
119,171 weight, 63, 64, 66, 67
Layered BIRD54-56, 64, 66 overhead
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INDEX

runtime, 59, 62, 63, 79, 82, 118, 120, 120fn,
121, 122, 125, 129, 130, 160, 163-165,
167,184, 185

space, V, 30, 57, 64, 79, 85,171, 172

padding, 28, 34
paging, 10, 23, 76
parallelization, 90, 159, 164, 174
parameter, 5, 6, 20, 43, 46, 64, 78, 109fn, 132, 136,
153, 155,176, 177
partition, 54, 76, 78, 90, 133, 160, 163, 163fn, 164
path encodingseelabelling scheme
path occurrence, 77, 78, 120fn
Path/TernINodeHierarchy PTN), 177
PCDATA0
performance measure, 59, 61, 84, 85, 120, 121, 159,
160, 163
persistent storage, 17, 102, 135, 160, 173
plane
prdmax 25
prdpost 22, 23, 25
prdsize 25, 27
startend 25, 27
posting, 32, 7171, 73, 74, 82
pre-weight, 4444, 45, 47, 51 see alsoveight
precision, 97, 177
predecessor, 23, 35, 36, 49, 51, 52, 101, 156
pre x-free encodingseeencoding
prescriptive schemaee alsalocument schema
priorities, 37, 112, 124, 167
privacy, 6
pro ling, 61, 62, 185
projection, 99, 102, 104, 107, 114, 115, 159
proximity, 8, 9, 21, 26, 29, 30, 36, 40, 52, 52fn,
59, 60, 103, 104, 106, 107, 144ee also
distance
bounds, 12, 99, 103, 104, 106-108, 114, 115,
143, 143fn, 166fn
pruning, 79, 84
PTN, see PathfTerm/NodeHierarchy

query
answerseequery result
branching, 61, 62, 79, 92, 94, 95, 121, 122,
125, 133,137,172, 176, 183, 184
candidate, 138, 140, 142, 143, 146, 150
comparison
extensional, 134, 137-139
intensional, 134, 137-140, 142, 164
containment, V, 5, 6, 14, 129, 130, 130fn, 131,
131, 132, 134-143, 145, 146, 173
match, 131131, 137, 142
node, 131131, 142
editing, 161, 163, 177

evaluationsee alsauery processing
from scratch, V, 5, 101, 109, 111, 112, 129,
129 130, 131, 134-137, 139-142, 144,
147, 148, 151, 158-161, 163-165, 173,
174
incremental, V, 41, 81, 112, 12929 130,
132, 135-140, 142, 143, 146, 147, 150,
157-161, 163, 166, 173
integrated, 137, 139, 147, 164
extension, 1212fn, 13, 129-131, 133, 134,
137, 138, 140, 141, 146, 153, 164, 165,
173
graph, 10, 101, 103, 107, 111, 120-123, 125,
150
hotspot, 161, 163
intension, 1212fn, 14, 129, 130, 132-134, 137,
138, 140, 141, 144, 146, 150, 173
language, 4, 6, 9, 18, 19, 26, 61, 129, 130, 132—
134, 165
level, seelevel
optimization, 4, 5, 23, 37, 89, 97, 102fn, 108,
112,119,123,126, 158, 172,173
overlap, V, 5, 6, 14, 129, 130, 130fn, 13131,
132, 134-146, 160, 163, 164, 167, 173,
174
path, 75, 76, 78, 84, 92, 93, 132
performance, 27, 119-122, 126
plan, 102, 108108 109-113, 115-117, 121—
123, 138, 140, 144-148, 151, 156-160,
163, 165
alternative, 111, 130, 138, 140, 147, 158
planning, 5, 89, 92, 97, 98, 103, 105, 108-111,
115, 118, 119, 123-126, 138, 147, 151,
156, 157,163,172, 173
preprocessing, 95, 102
processing, 13, 81, 129, 136, 138-140, 142,
159, 164, 173see alsajuery evaluation
remainder, 142142, 144, 147, 151, 153-155,
157-159, 165
result, V, 5, 6, 10,10, 12fn, 14, 61, 71, 72,
75-77, 79, 82, 83, 90, 93, 94, 99, 102,
104, 105, 112, 116-119, 121, 122, 126,
129-1383, 133fn, 134-147, 151, 156-161,
163-165, 167, 173, 174, 176, 177, 184,
see alsaesult table
false, 93, 122, 125
nal, 99, 102, 116, 117, 122, 125, 137-140,
144, 145,147,151, 160, 164, 165, 184
intermediate, V, 79, 92, 95, 97, 99, 101, 102,
105, 108, 111-114, 117, 120-124, 126,
137, 138, 140, 144, 145, 151, 156, 157,
159, 163, 164, 172-174
partial, 136, 137, 164, 173
snapshot, 14Q,40, 147, 150, 151, 157-159,
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165 relational, V,4, 5, 18, 63, 90, 91, 95, 171, 175
rewriting, 99, 102, 102fn, 103, 104, 107-10%obustness, 18,8, 22, 27, 30, 37, 40-42, 64, 66, 78,
115,119,126, 172 83, 167, 171see alsaipdatability
document-level, 107 rule
schema-level, 102 adaptation, 105-107, 114-116
selectivity, 84, 97, 112, 120, 126, 138, 158, matching99, 100, 103, 105-107, 114-117
163,173

semantics, 8, 9, 66, 103, 104, 130, 138 safety, 5, 89
translation, 91, 97, 99, 101, 105, 107, 112, 114atis able, 84, 85, 103, 125, 175
120, 125, 133, 134, 140, 147, 151, 163calability, V, 3, 5, 41, 64, 89, 94, 125, 130, 139,

166 150, 160, 165, 172,173, 175

tree, 61, 62, 94, 134 schemaseedocument schema

twig, 4, 79 aware, 129
queue, 109, 111, 167 based, 89fn89, 90, 91, 94

edge, 146-148148 149, 150, 160, 164, 166,

R-Tree, 22 167
ranking model, 5, 176, 177 hit containment, 142144, 146, 149-153, 156,
RDBS, seerelational database system 166
recall, 177 level, seelevel
reconstruction, 19, 19fri,9, 20, 21, 27, 28, 30, 33— level matchingseematching

38, 41-43, 48-51, 56, 57, 59-66, 97, 99, level query rewritingseequery rewriting
101, 102, 108, 109, 111-115, 119, 121, oblivious, 90, 90fn90, 91, 125, 129, 173
122,125, 157,166, 171, 172, 183, 183frschematization, 141,41, 142-146, 148, 150, 155,

184, 185 157, 164, 166, 173
recovery, 6, 89 scratch, evaluation fronseequery evaluation
recursive search time, 160, 163
de nition, 44, 46 selection, 93, 103, 104, 107, 114,124,172
query, 90, 91 selfjoin, segjoin
schema, 38, 75, 84, 93-95, 118, 122, 125 semistructured data, V, 3, 71, 75, 91, 129, 132, 133,
redundancy, 32, 33, 37, 51, 73, 75, 75fn, 76-79, 92, 173
95,102, 124, 125, 133, 149, 175 separation leveR0, 29, 39, 50
regular expression, 4, 66, 79, 93, 93fn, 125 serialization, 7, 7fn, 21, 22, 126
path, 91, 132 set-at-a-time, 38
relabelling, 30, 30fn, 54, 63 SGML, seeStandard Generalized Markup Language
relational algebra, 5, 89, 99 shredding, 89, 90, 98

relational database system, V, 3, 5, 6, 41, 57, &dhrink-wrap, 2323, 25, 91, 119
66, 84, 85, 89, 91, 92, 94, 95, 97-99, 108kew, 29fn, 37
112, 114, 118, 119, 124-126, 139, 144napshotseequery result

146, 160, 165,172,173, 176, 183 space consumption, 27, 37, 57, 63, 64, 112, 124,

relational retrieval systenseeretrieval system 126

relevance feedback, 161 sparsenes??2, 30, 34, 35, 37, 38, 41, 52, 54, 63, 64,

relevance ranking, 5, 6, 92, 176 74,79, 171

removal, 40 Staircase Join23, 91, 94, 119

replacement strategy, 130, 133, 16&¢e alsacache Standard Generalized Markup Language (SGML),
maintenance 3,26, 32

response time, 85, 135, 184 static, 40, 52, 136, 176

result table, 99, 102, 105, 108, 112-116, 130, 148atistics, 78, 84, 92, 94, 97, 98, 105, 111, 118, 123—
151, 159, 160, 165ee alsauery result 125, 161, 166, 173, 178

retrieval phase, 99, 103, 107, 125, 163 stemming, 71, 85

retrieval system stop word,71, 85

hybrid, V, 4, 5, 18, 85, 89, 92, 94, 134, 139storage scheme, 89-94, 97, 118, 119, 124, 126, 129,

171-173 165,172,176

native, V, 4, 4fn4, 5, 18, 57, 63, 89, 91, 94,streamed data source, 6, 175
118-120, 120fn, 121, 124, 126, 175 string matching, 4, 92-94, 121, 122
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structural join,seejoin visualization, 65, 102, 175, 176
structural summary, 8, 10, 111, 13, 17, 33, 42,
51,58, 64, 67, 85, 90, 133, 164, 171-173veb, V, 3,118

175, 177 search, 5, 85
centralized, 4-6, 1111, 17, 18, 32, 34, 36, 37, weight, 41-4444, 45, 47, 49-51, 53-56, 58, 63,
41-43, 48,71, 78, 81, 89, 94, 95, 97, 124, 64, 66, 67, 98, 99, 101, 115¢e alsqre-
171,172, 177 weight
decentralized, 4, 11,1, 17, 41, 71, 78, 94, 97, invariant, 4343, 44
124,171 well-formed, 21fn, 22, 26
structured documenseedocument wildcard, 73, 75, 78, 92-94, 122, 132, 133

subtree encodinggeelabelling scheme

successor, 19, 151 XLink, seeXML Linking Language

XMark, see XML Benchmark

tag path, 11’11’ 32’ 33, 37’ 42’ 43' 54' 63, 66,XML BenchmarKXMark), 104, 119, 120, 122, 123
67, 72-75, 75fn, 76-79, 81-84, 90, 922('\/”_ Llnklng Language (XLInk), 6,78
95, 98, 99, 101, 108, 114, 115, 119, 12%ML Pointer Language (XPointer), 6,78
124,125 172, 173,177, 178 XPointer,seeXML Pointer Language

tag-speci ¢ sibling codes, 27, 32, 32fn, 38

template, 7777, 114

terminology, 41, 49, 89, 176

Three-Level Model of XML Retrieval, 6, 12—-14, 74—
76,137,171, 175,177,178

threshold, 136, 164, 167

topology, 40, 65

trade-off, 34, 37, 57, 58, 65

space, 65, 67171

transaction, 5, 89

transducer, 33%ee alsd-inite-State Transducer

transitive, 104, 108, 166

tree database, 17, 18

tree neighbourhood, 21, 34, 42, 175

tree-aware, 125, 173

Treebank75fn, 82

Trie, 73, 74fn, 76, 77, 79

tuning, 77

Unicode, 28fn
union, 8, 90, 146, 147, 163, 164, 174
unique, 7, 7fn, 11, 19, 27, 33, 34, 34fn, 42fn, 43, 71,
78,98, 115, 134, 143, 145, 157
node label, V, 4, 7, 11, 17, 28, 32, 41, 46, 71,
90, 92, 105, 107, 130, 165
updatability,37, 38, 40, 42, 57, 63—-65, 178¢e also
robustness
user, 5, 6, 12, 14, 85, 116, 118, 124, 129, 159, 161,
165, 167, 174-177,177fn, 178
expert, 176
interaction, 6, 14, 167,176, 177
novice, 176
user-de ned function, 66, 99, 126
UTF-8, 28, 28fn, 29, 37

versioning, 6
vertical proximity, 7, 30, 143, 143fn
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