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Abstract— XML queries specify predicates on the content and scanning a large number of path combinations. For instance,
the structure of the elements of tree-structured XML documents. the root node of theiblp [10] database has 3,288,858 im-
Hence, discovering the occurrences of twig (tree structure) query mediate children (as of September 2005) which makes it

patterns is a core operation for XML query processing. In this . - . o .
paper, we propose a novel technique for matching XML twig impossible to inspect all the path combinations specially when

query patterns, named TWIX, which results in a substantial the given query includes the root node. Despite optimizations
reduction of the search space, response time, size and structure[6], [13], it is still inevitable that a large number of binary path

invariance through a distributed binary labeling and tree traver-  combinations have to be examined. For instance, the inspection
sal algorithm. Furthermore, TWIX benefits from an interactive of dblp database for quer@)1 reveals 212,273 instances of
graphical user interface for twig query matching. (dblp/inproceedings ), 491,783 of ipproceedings/author ),

|. INTRODUCTION and 150 ofauthor  instances containing the teravitebour

The rich content and the semi-structurednessf XML Bruno et al. [6] proposediwigstack that uses a chain of

documents demands efficient support for complex yet declgp-ked gtacks to compactly represent. t_he |ntermed|ate.path
ative queries. XML documents can be viewed as order&gPression results and subsequently joins them to obtain the

tree structures where each tree node corresponds to ddi(e"y wig pattern match. Lu et al. [13] exterigStack

ment ELEMENTSor ATTRIBUTES and edges represent di_for optimality when PC edges are used as well. Moreover,

rect (element-sub-elementyelationships Structured queries various numbering sphemesave been _prop(_)sed (21 6],
agls [12] which associate interval encoding with every node,

on such ordered trees specify complex selection predic E p he d q helo identify PC AD

on elementlabels (keyword search) and theelationships a}sq Oﬂ,t € ocumﬁnt OL er. ;0 €lp entify hl gr|

among them (structure pattern search). In general, Str&g_atlpns Ips among the nodes. For instance, each la €l may
onsist of §tart, end level) values for each node, acquired

tural relationship queries may be categorized in two dif .
ferent classesi) path expressignand ii) twig queries. In rom the preordertraversal of the document, which is used to

such queries, single slash and double slash edge notatiq!?ém)é_d%ter?m% theA/IerncaI_ stlructuralrl:(;atlt_)nsh|pshargong
are used to require the presence ofParent-Child (Pc) e Individual nodes. Alternatively, severaldexing methods

or simply anAncestor-Descendant (ADlationship among L7): [8l: [91, [12], [17] have also been proposed to index the
the nodes, respectively. For instance, the query: /dbip/ elements and attributes of XML documents. Most of these

methods represent intervals as points in a multidimensional

finproceedings[/author = ‘Abiteboul’] is a path expres- o . X ) .

sion query that matches all the proceedingsvritten by the space and utilize available indexing techniques, such as B
author:Abiteboul  , for which i) the binary structural com- tregs and R-trees, on element sets to store and query these
ponent {proceedings/author ) has a PC relationship, while points. Re.cently, s.everaliproposals hav<_a _been madg to encode
(dblpfinproceedings ) element pair imposes an AD rela,[ion_structural information to improve the efficiency of twig query
ship. Similarly, the twig query2 = /article[fauthor = evaluation. Xu et al. [19] incorporates the notion of Lowest
‘Abiteboul’ AND file = "XML] seeks the articles written Common Ancestor (LCA) for a more efficient keyword search.

Li et al. [11] propose Meaningful Lowest Common Ancestor
o ) (MLCAS)-embedded XQuery that provides the user with the
The initial structural search techniques [2], [3] proposegl| expressive power of XQuery while eliminating the need
processing the twig queries in the following ordéix decom-  for the user's knowledge of the underlying schema specifica-
pose the twig query structure into its binary path expressiggns. Most similarly, Lu et al. [14] propose the use of a new

components(ii) perform a semi top-down inspection of thgapeling scheme namesktended Dewethat facilitates access
XML document tree for each decomposed path cOmpOnef.the Japels of each node of a path expression, by inspecting
(4) join the potential matching instances to each of thes eaf |abel alone. We argue that therizontal (proximity)
query’s binary components to form the answer to the origingt the nodes may further be incorporated to help identify the
twig query. relevance of the nodes to each other. Moreover, the preorder
The top-down traversal of the document tree results and level information associated with the nodes, and hence the

by the authombiteboul , having the termxmL’ in their titles.



information derived from the node labels, is vdiypited and
! OFFLINE ONLINE
hence not capable of supporting extended functionalities. For

instance, given the labels of any two nodes, the computation
of their Nearest Common Ancestor (NC8quires additional
computations by traversing through the parental labels of the
document tree nodes.

XML tree T

Query tree Q

This paper proposes the TWIX technique, which shares
similar ideas with structural-based twig processing meth- | - i BinaryLademmH ‘ Eﬂ,'c'm,e P
ods, but further utilizes the statistical and positional char- Matching
acteristics of the document tree nodes. TWIX, in par-
ticular, exploits the common optimization technique of
pushing down theselection operation down to the
leaves of the query plan tree where trselectivity of a
the nodes is the most. Consider the quep, it is
clear that selectivity(Abiteboul ) > selectivity(author ),
and selectivity(Abiteboul ) > selectivity(inproceedings ). B
Hence, for any given path expression, TWIX inspects a com- |
pact inverted index for the occurrences of the query’s leaves
in the document and deploys an efficient bottom-up scheme

which builds the twig subtree answers on top of the matched . Roloced Subires

leaves. As a result, the internal nodes ardy checked for Construction
the final twig candidates. Moreover, considerir@2 where “ & Hiltration
selectivity(‘Abiteboul ) = 150 and selectivity('XML ) =
980, there are only 22 matching articles satisfying both of the
query's predicates. It is clear that thitebour and‘xXmL’
instances within each of those 22 answers, reside within the

samel/article subtree node. Hence, TWIX further utilize§givigual unit. Figure 1 depicts a general overview of the
the preorder values to maintain therizontal proximityof the 1y x procedure, which consists of affline pre-processing
matching nodes, in order to focus only on those matching legly an online phase, described in the following sections.

instances which are potentially the attributes of a common 9y thermore, an algorithmic description of TWIX is provided
ject. This observation would narrow the scope of the SearChiFPFigure 3.

only those leaf matching instances that acto$e enoughto

each other. Furthermore, we note that the information encoded, p,qics et 7 — (V, E) denote an ordered XML document

within the traditional labeldimits the functionalities that can tree, whereV and E represent the set of nodes and edges
be efficiently supported on the element nodes of the doc“m?gépectively. Each internal node hasag (e.g., author ) and

tree. TWIX, therefore, usesricher labeling schemd4] that each leaf node has wlue which corresponds to the tag of
efficiently infer additional information regarding the structurqlts parent (e.g.:Serge Abiteboul ) which is not necessarily

relationships among the nodes, partlculquy ﬁn_dmgl‘tlearest unique acros¥’ (e.g., the termuohn’  may appear in the value
Common Ancestor (NCAYf the nodes, wittminimal compu- contents of arauthor or atitle).

tational and space overhead. A fully functionalva-based
implementation of TWIX interactive system and a graphica\ offline Pre-processing Phase

user interface (GUI) has been developed, which allows the ) ] ) )
users to enter queries graphically using a tree data model he offline pre-processing phase is designed to calculate and

[1]. TWIX implementation allows us to clearly demonstratemaimai” the additional information needed to facilitate more

on real large scale datasets, the effectiveness of the Twiiicient processing of the query in the online phase. It consists
approach for processing twig queries. of three main components) Preorder assignmer) Binary

. . _label assignment, and) Inverted index. Given a document
The rest of the paper is organized as follows: SectiQfue 7" TWIX augments each node with a preorder rank and
2 provides an overview of the TWIX procedure and each pinary |abel. The document tréeis also indexed using an
component of the proposed technique. Section 3 discusses;fif ted index on all the leaves @f The preorder traversal is
empirical performance analysis followed by Section 4 Wh'cﬂerformed onT and each node is associated with its unique

concludes the work. preorder traversal rankThe preorder values of the nodes in a
document tree impose a logical document order. Consider the
sample bibliography XML document treég of Figure 2(a),

In this section, we describe the primary components dfe tags of the internal nodes with the preorder ranks 3 and
TWIX and provide in-depth descriptions and analysis of ead?, namedn; andnis, areauthor andttle . Moreover, the

Actual Subtrees

‘ Actual Subtree Construction ‘

o : | Belaxed Subtrees

Fig. 1. TWIX procedure: a general overview.

II. THE TWIX PROCEDURE
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Fig. 2. (a) An XML document tred" from DBLP, (b) A sample twig querg), and the (c) actual and (d) induced subtrees restricted to the leaf Ndodes
{na4, ne}.

valuesof the leaf nodes with the preorder ranks 4 and 18&erefore, starts with document filtrationprocedure to elim-

namedn, and ni3, are’'Serge Abiteboul and Colorful inate those XML documents whose DTD does not match
XML, respectively, which are the value contents related to thiee given query. For instance, given a quéepy = /dblp/
nodesns and ni3. Using the preorder ranks of the nodegarticle[/author = ’Abiteboul’] , all the PC and AD edges

each node is further assigned a uniqu@og n)-bit binary of @ are extracted ddge; = [dblp/article ] and edges =
label, proposed by Alstrup et al. [4], which can later be usefdrticle/author ]) and the search space is limited to only
to efficiently determine the nearest common ancestor of athose XML documents whose DTD schema includes both
two nodes inconstant timeThe details of the binary labeling edge; andedges edges.

algorithm can be found in [4]. Finally, an inverted indéx

is constructed on the leaf keywords @fto help efficiently > Leaf Matching. Given a twig queryQ, we are interested
locate the occurrences of any given keyword in the documentidentifying all its possible matches in those document trees
tree. For each keyword;, there exists an entry(;,,) in  whose DTD match withQ. Our bottom-upleaf matching
the inverted index corresponding to the hashed vai(lg) phaseapproach starts by first trying to identify all leaf sets in
and also a link to the preorder rank list of the occurrencgsthat match the leaves ¢}, in the correct order. We therefore
of k; in T, sorted on the preorder values of the instancedefine the notions of leaf matching and the matching set, as
For instance, the inverted indék for the treeT of Figure follows.

2(a) would have one entry per unique leaf keyword/ofThe

entry for the termserge’ , T (serge), POINtS to the sorted  Definition 1: Given a keywords and a treeT, the leaf
list [ng — ngs — null]. Given a leaf keyword; of the query matching of s in T is e(s, T'), the set of all the leaf nodes of
(further discussed in the online phase), its corresponding enfry whose value contains the keywosd

in T is quickly located, where all the occurrencesipfn T

may be found by simply traversing the nodes in the associated=xample. Let 7; denote the set of leaves &, T =

link list at Y, {n4,ng,ng,n11,n13, n15 , N7, Ne3, Nes, Nes, N7o, 72} as de-

_ _ picted in Figure 2(a). Givens =Abiteboul : e(s,T)
B. Online Query Processing Phase = {n4,nes} = {Serge Abiteboul (9, Serge Abiteboul ()},
The online phase of TWIX performs the query processifgoreover, given s’ = ‘Color : e(s,T) = {niz} =

phase of the system and is sequentially organized in the féfolorful XML (19}

lowing four main stagest) DTD filtration, 2) Leaf matching,

3) Horizontal & Vertical filtration, andt) Structure matching: ~ Definition 2: Given a set of keywords$' = {si,...,sm},
the leaf matching setof S on T, E(S,T), is the set of

> DTD Filtration of Documents. An XML document repos- all the leaf matchings e(s;, 7). More formally, E(S,T) =

itory may have multiple XML document sets with different{es, ..., e}, wheree; = e(s;,T") denotes the leaf matching

schema, defined in their corresponding (and unique) DT® s; in T'. The nodes of each sef are ordered in increasing

(Document Type Definition). It is clear that the answers torder of their corresponding preorder rank.

a twig query@ should reside in an XML document whose

DTD potentially supports the structure imposed®yTWIX, Hence, given the term (keyword), which corresponds to



Offline pre-processing phaseGiven an XML document tre@™: Note that thetuple matching setis the set of all the
1) Perform apreorder traversalon treeT” and associate greorder traversal ’

) rank o each node o ) § attachanary Iabelio each nod possible candidates for the query’s leaf keyword combinations.
errorm Inal apelingprocedure and attac ary lapelto each node i H

o T, &4 op &4 A néive approaph quld generate all such pairs and perform

Online phase Given twig query patteri) with the set of leaves) . : the necessary inspection steps to extrac.t the .correct answers.

Notafions: However, such an approach is not practical since the size of
> S = {s1,...,sm}: set of all the keywords of the query’s leaves: (> . . o

QL) the tuple matching set can become quite large. Hence, it is
> e(s;, T) = e;: Leaf matching ofs; in 7. essential to incorporate an online filtration technique at the
> a; = (t1,...,tm): @ matching instance tuple, whete < j; < g = . . . . .

o). matching instance pair generation step in order not to generate
> 7, preorder traversal rank of the node irrelevant matching candidate pairs.

> 7: horizontal distance threshold.

e [DTD Filtrati . Filter the d t h DTD d t b . . . . . .
s ogea) - Fiter the documents whose 06 not @MY Filtration Techniques. The horizontal and vertical dis-
_ o tances between nodes of the matching instances are used as
o [Horizontal and Vertical Filtration] . .
While progressively producing the; tuples: a measure to assess the relevance of the matching instance.
Wf}ile ] ftﬂ do g TWIX applies the filtration techniques in the following order
or | = (0] — 1. do . . . . . .
it ( NCA( t“ZLH) == root || /Nert. distance 1) Horizontal followed by 2) Verticalfiltration. The filtration
Ir e T agyy)l 27) /Inorizontal distance step is later followed by thé&tructure matchingophase. The

— P f th i . . . . . ..
fune g from fe processing queue horizontal filtration is based on thEoximity and thepreorder

> {an,,...,ax, }: the set of all matching instance tuples which are rjot ranksof the nodes, while the vertical filtration uses thieary

yet pruned. labels of the nodes. As mentioned earlier, theeorder ranks
« [Induced Subtree Structure Matching] of the nodes impose a logical order on the document tree.
While progressively constructing the induced subtreeq"dbr the leaf pairs | However, the combination of both techniques is essential since
of eacha,rp = (t1,...,tm) tuple: th hich lusivel | f
for each £= 1 to  m—1: do ere are cases which are exclusively captured only by one o
if ( NCA( t;,ti+1) '= NCA( si,8;41) ) = Prune ar, them.

from further processing. . . . o .
The proposed filtration techniques are specifically tailored
e [Full Structure Matching]

For each of the remaining induced subtrees of the non-pruned matchin[:P the class of XML documents such as DBLP [10]’ where

instances d, ...ax,), construct their actual induced subtrees as the node context(individual meaningful entitigsstarts at
Ta. ... T,

o ach 1 2% w1 to ma: do the _|mmed|ate_ ch_lldren level of the root (e.gutice ).

- Match the structure of Ta, against twig query For instance, in Figure 2(a) the node contexts are the sub-

patem Q. trees rooted at the immediate children of the root, such as
inproceedings, article , and www In other words, all the

Fig. 3. TWIX procedure formulation. nodes in the subtre@, provide details of the same entity

pertaining to a conference proceeding paper, witkhor

= ’'Serge Abiteboul’ , title = 'Dynamic XML’ , andyear =
a leaf in queryQ, e; denotes the corresponding list linked tg2003 . Similarly, nodes belonging to different node contexts
the entryY,,, of the inverted index’ of all the occurrences detail the information on different entities. Such an assumption
of s; inT. may be adaptively adjusted and pushed further down the tree

using the knowledge of the general structure (DTD) of the

Example. Given the set of a query’s leaf key—underlying data.

words S = {s1, s2} = {Abiteboul’, 'color } re-
sults in E(S,T) = {e1,ea} where ey = {ng,nes}
= {sSerge Abiteboul () Serge Abiteboul (68)}, and ey =
{n13} = { colorful xML ®)}. From the query processing
point of view,e; = T, (,,) : [n4 — nes — null], and similarly
e2 = Th(syy * [n13 — null].

e Horizontal Filtration Technique (HFT).:The number
of potential matching instance&)/(S,T)|, is a function of
(7) the total number ofleaf matching set4E(S,T)|, and
(ii) the size of eacHeaf matching|e;|. The execution of
a keyword search to find the matches to the leaves)pof
Q1. = {'Abiteboul’, XML’ } results ine('Abitebour ,dblp)
o ] = 150, ande(’xML’ ,dblp) = 957 instances. The total number
Definition 3: Given a set of keyword$' = {s1,...,sm}, of matching instances in the worst case|} (S, dblp)| =
a matching instanceof S in E(S,T) is defined as a unique 153 « 957 — 143,550, which shows the quadratic size
m-ary tuplea = [t1,...,t,] such thatt; € e; for 1 <i <m.  of the intermediate results set and the inevitable need for
The tuple matching set M (S, T), denotes the set of all the gficient filtration techniques. TWIX incorporates a merge-join
possible uniquen-ary matching instance tuples &f on T, aiching instance enumeration using horizontal filtration to
where|[M (S, T)| = L, |es. make sure that the number of the processed matching instances
is not quadratic. This procedure is explained using an example.
Example. Given S={Abiteboul’,color o M(S,T)={
[n4, misl,[nes, n13]} = {[Serge Abiteboul (4, Colorful Motivating Example. Consider the query) and the doc-
XML(13)],[Serge Abiteboul ~ (68) Colorful XML ~(13)] 1. ument treeT of Figure 2(a), whereQ; = {s1, s2} = {



‘Jagadish’, "XML’ }ande(s1,T) = {n11} ande(s2,T) ={ entail the same entity. In théblp example of Figure 2(a),
ng, N13, Ne3, Nes, 70 - A ndive enumeration of the matchingr = maz {7,9,...,7} = 9 and applying thehorizontal
instance set results iE(Qr,T) = {[n11,n6], [n11,n13], distance boundthe matching instance pairsiss, ng] and
[n11,m63], [n11,n65], [n11,770]} consisting of 5 instances [ngs, n13] will be pruned from further considerations, i.e.,
which is quadratic in size. However, it is clear that thér,, — r,,,| = |68 — 13| = 55 > 7 = 9. The threshold
matching instances beyond,, n,3] are definitely irrelevant constant for each document tree is determined as an offline
because the nodesgs, ngs, and nyg are located too far profile.
from their matching counterpart;; and hence correspond
to different node contextsly versusTs; andTgs. To tackle Sort-Merge-Join (SMJ). matching instance pair generation:
this problem, we have deployed a Sort-Merge-Join (SMI) is very important to note that the SMJ generation of
algorithm which, due to the need for some preliminary fothe matching instance pairs and the horizontal filtration are
malizations, is explained at the end of this section. performed in a single phase. Given the quépyand the
document tred’, where@, = {s1, so} from the “motivating
Property 1: Let "root” denote the root node of tree T whereexample” of the beginning of this section. L&f = e(s1,7)
|T| = n, and let GuLorReN(root) = {c1, ..., ¢, } represent the and P = e(s,, T') be sorted on the preorder rank values of
immediate children (in the left-to-right sibling order) of thetheir respective nodes. The algorithm generates the qualifying
root node. Given any node, its preorder traversal rank; matching instance pairsi{,p], for m € M andp € P, by
can be computed as, essentially merging the two sorted lists where the merging
ri=|Te,_,| +1ic1, for1<i<m, criteria requires the preorder ranks of the nodesand p to
pe below the threshold, as calculated above. Therefore, the
enumeration of the list for a given leaf keyword is continued
as long asmerge criteria|preorder(m) — preorder(n)| < 7
holds. Hence, the generation/enumeration of the matching
For instance, given the tred of Figure 2(a) and instances would st_op after inspecting the mat_ching instance
CHILDREN(’/‘OOf) — {017027”.70’”/} — {inproceedings @) [nu,nﬁg]. For a given nOdeﬂll,- we call the ||StA(n11)
article (9, ..., inproceedings (66)}. The corresponding = [n63, nes, n7ol, @s theBlack Listof ny;.0nce the sorted

preorder ranks and subtree sizes of the immediate childf@Riching instances for the given keywords are accessed, the
of the root are{r; = 2,7 = 9 rm = 66} and {|T.,| = SMJ algorithm incorporates the threshold for the merge
) sy !im — c1| —

7|7, =9 IT,, | = 7}, respectively. The rank of a nodecriteria. This guarantees that, for a given € A, nodes of
9 Co| T Yy Cm | — l .

¢; is equal to{the rank of node;_; } + {the size of the subtree t_hose instances oP beyon_d the first elemen_t of_ the black
rooted at node;_; }. list A(m) are never considered. The combination of HFT

with SMJ avoids the exponential size of the intermediate
Definition 4: (Horizontal distance threshold). Given a result set. The cost of merging/ and P is O (M + N)

wherer;_; and|T., ,| denote the preorder traversal rank o
the nodec;_;, and the size of the subtree rooted cat;,
respectively.

tree T, the horizontal distance threshold, is defined as: considering that botii/ and P are already sorted in the offline
phase. Moreover, more sophisticated merging techniques, such
7 =maz {|T;,| |Ve; € CHILDREN(R)}. as additionally using clustered index dd and/or P, may

) ) be used to further boost the performance. These result are
.Inspe(;tlng Figure 2(a), the subtree rooted at nede: gasily extended to the case whe€@; | > 2 using transitivity.
aticle (Vhas the maximum size and henee= |T.,| = 9. Foliowing property generalizes the above arguments.

. Proposition (Zj: (H_orlzzrétal glstancezl?oundd).Let; z.indv Property 3: Given query Q, document tree T ar@l, =
enote two nodes in trée, whereu € 1., andv € 1I;: {s1, ..., sk }. For any matching instance ra e(s;,T), all

|rw — 70| >T=1#7, for1<i,57<m. the matching instances df(m) € e(s;1,T) are pruned from
further consideration, whered i < K — 1.
For instance, for the subtree rooted at the node

inproceedings  (?), T3, the node with the minimum preorder e Vertical Filtration Technique (VFT):Vertical filtration is
is the root node ofl; which has the preorder = 2, and the used for further filtration of leaf matching instances, sub-
node with the maximum preorder is the lowest-right nod&xof sequent to the HFT. VFT is inspired by the fact that the
having the preordeflz|+r—1 =7 + 2 -1 = 8. The difference NCA of any two given nodes:, v belonging to the same
between the preorder ranks of nodesoceedings (2 and context (subtree) should be a node other than the root node.
2003 ® can not be larger thajfi,| = 7. As a resulty denotes In Figure 2(a), nodes, andng belong to the same context
the maximum difference between the preorder ranks of angde (hproceedings (2, which is the root node of the subtree
two nodes that belong to the same subtree or context. Hen€g), In contrast, the nodeas and n,; belong to different
if the preorder traversal rank of any two given nodes is momontexts (subtree$, versusTy) and as a result their nearest
than the horizontal threshold, then it is guaranteed thatcommon ancestor is thmot node, that is, NCA{4,ng) =
they do not belong to the same subtree and hence do net= inproceedings (2 and NCAus, n11) = root = dolp (1),



However, we have further extended this notion to the conteitgorithm 1 Subtree Construction Procedure:

node instead of the root. For instance, given two query |egtations o . )
. . Set of leaves in increasing order of their preorder traversal rank.

nodesu andv with the NCA nodew, as imposed by the query, The inverted index built on the potential parents of the noded/in

we filter out all the instance pairs of.,(v) whose NCA is a Each node entry[J] points to the list of its children.

node other thanu. This feature is captured in the following g 2 22 NOPE N =1

property formulation. je—1
fori=1to|N|—1:do
Property 4: Let v and v denote two leaf nodes in the  NODE[j + 2] «— N;j1
document tree T such that € T, andv € T,;, wherec; e for +2
andc; denote the roots of the entity subtrees containing u and Allocate the inverted index I|V| — 1].
- j—1
Vi respectlvely. forall 4 € [2...2%X|N| —2], i < i+ 2: do
I [j] — NODE [4]
. Insert CHILDREN(! [j]) to the linked list of the | ] node entry.
ci =¢j u, v belong to the same entity je—j+1
end for
> Sort the node entries of the inverted index],lon the decreasing
order of theirlevel value as it appears in the document tree.

Unfortunately, HFT can not eliminate such matching in-fori=|[N|—-1tolido
. . . . . . for all nodes N in the list I[¢] do

stance pairs, since nodes may be arbitrarily close in their i n; is not markechen
preorder rank, and still have the root as their NCA. For ';":tf";;rf;(n,\?d)ei .
instance, the nodes in the matching instance pair 111] end if !
are 3 units apart in horizontal distance, which is less than end for
the threshold bound, 9, but do not belong to the same context™ ™
(meaningful subtree). We, therefore, need to efficiently identify
the NCA of any two given nodes to eliminate such instances.
VFT incorporates the information encoded in the binary labe®atching leaf nodes of a matching instance, the binary labels
of the nodes for NCA calculation. These uniq@e(log n)- ©Of each node are used to progressively find the NCA of the
bit binary labels facilitate theonstant timecalculation of adjacent leaf instance nodes and further connecting the nodes
the NCA [4]. The details of the incorporated binary labeling? their appropriate NCA. Figure 2(c) depicts the subtree of
assignment and NCA calculation is provided in [4]. Perl’, of Figure 2(a), induced by the set of leaf nod€s= {n,,
forming VFT subsequent to HFT will further eliminate thes}, which is simply constructed by finding the NCA of;
matching instance paiins, n11] from further considerations. and ng. The result is a much more compact subtree (hiding
The vertical filtration eliminates all those matching instance#inecessary intermediate nodes) and is used to further prune

a; = (t1,...,tn), where the NCA of at least one of its noddalse positives. Figures 2(c) and 2(d) depict theucedand
pairs, (t;,t;41), is the root node. actualsubtrees of" restricted to the set of leaf nod&& It can

be observed that the subtree in Figure 2(c) does not include the
Note that, when considering a very deep document trésgermediate nodes on the path-n, andng-ny Which is the

where the root’s fanout is very small, the lower level nodg€ason behind the compactness of the induced versus actual
may instead be considered to define ttmele contextsHow- subtrees. Theompactnessf the induced subtree is a function
ever, the presence of a domain expert to categorize differ@ifitthe vertical and horizontal distance of the nodes present in
classes of XML documents based on their DTD structutbe twig query. That is, the resulting induced subtree would be
might be necessary. The incorporation of an adaptive algoritinere compact when the distance between the instance nodes
to facilitate the automated determination of the node contexgslarger which, in turn, results in a longer path between the
is part of our future directions on TWIX. nodes and their corresponding NCA.

NCA(u,v) = {otherwise u, v belong to different entities.

> Structure Matching. So far, TWIX has only been process- Algorithm 1 depicts the detailed procedure of theuced

ing the leaf information of the query and has determined tlseibtree construction from a set of leaves. The firfsr
candidate leaf matches. Now, given a leaf matching instanioep calculates the NCA of every two adjacent leaf instance
we need to construct the subtree structure confined to itnodesN; and N;,; within a matching instance. Any node
T and compare it with the query’s tree structure. Avea N; (2 < ¢ < t — 1) contributes to two NCA calculations:
structure matching approach would compare every single pAMEA(N;_1, N;) and NCAQ;, N;11), which results in two

of each matching instance against its counterpart in the qugygtential candidates for the appropriate choice of ancestor
However, this process is very costly and for this reason vier each leaf node. Next, an inverted list is constructed for
introduce the notion of thanduced subtree An induced each NCA node linked to the sorted list of its descendants.
subtreeis a topological subtree of' confined to a set of These NCA nodes are sorted in increasing order of their
leaves while preserving the PC and AD properties among tberrespondindevel information in7'. For instance, in Figure
nodes. It is constructed using the binary labels associated wa{{a) nodesiy andn;3 belong to the level 2 and 4, respectively.
each leaf instance node of a matching instance pair. Given triaally, the lastfor loop assigns the appropriate ancestor



for every node of the set (including leaves and the NCAeeded for each corresponding dataset, without using any com-
nodes) in a bottom-up fashion. Moreover, since the numbgression/encoding techniques. Moreover, row 5 denotes the
of leaves used in a twig query is generally very smallQ), average number of bits used per node. The last row denotes the
the induced subtreeonstruction procedure has an expectedbeling storage requirement (space overhead) as a percentage
constant timedue to the very small number of leaf nodesof the original dataset size. The storage cost of maintaining
The following definition ensures that the induced subtrdsnary labels stays at an average of 6.8% for XMark and 15.4%
construction procedure preserves the relationship among ftbethedblp datasets. The difference is due to the fact that the
nodes as required LY. overall size of the binary labels is closely related to the average
depth of each document tree and corresponding number of
Definition 5 (nduced Subtreg: Given a tree T with set of nodes. This is a very desirable feature of the binary labeling
leavesl; andN C T7.: Thesubtree of T induced by Nis the scheme because the space overhead of maintaining them is
non-emptyinduced subtreeof T restricted to the leaf nodesvery affordable.
in N. Let R(N,T) denote the induced subtree of T induced
by N, then for any two nodes,v € N, A. Filtration Analysis
TWIX deploys various filtration techniques to reduce the
size of the intermediate result set. Figure 4 depicts the set of
eries used in the filtration study, 3 queries were chosen for
Ip and 6 random queries on the synthetic XMARK dataset.

NCAT (u,v) = NCARND) (4 v).

Matching of the structures is performed in two sequenti%t;

:rsrt]a?ehsigl) ér?\?urcl:ed shubtreﬁ rirr:atcmhmt@r?i?] z)inAftﬁal sil;bttrene Each of the inspected queries investigates a general category
aiching Given each qualifying matching instance (insta CHt qgueries ranging from simple twig queries to those with

of Q's leaves)S from the filtration phase, its induced SUbtreemultiple subtrees with various selectivity at the leaf levels.

R(S), is constructed (e.g., Figure 2(c)). Each path of th&1 and Q2 are only made of PC edges whifg3 is made of

gduced sdubhr(;eli%(S) IS tcck)]mpa.redt agalnstr:t.shcgunte;part '?AD edges, and the rest include a combination of both PC and
(Q). and all those matching instances which do not exac D edges. Moreover@1, @3 and Q4 — 8 are simple twig

match are filtered from further consideration. The actu%eries having a single subtree while andQ9 impose more
subtree comparison is performed for only those matchne an one subtree structures including different context nodes

instances not yet filtered out. This comparison phase furtl’i%réJ inproceedings and proceedings _in Q2). In order to
compares the intermediate nodes of the actual subtree of dy the impact of selectivity on the performance of TWIX,

we incorporated queries with various selectivity. The numbers
A&sociated with the nodes in Figure 4 denotestectivityof

the each particulaeLEMENTentry in the inspected dataset. For
instance, the leaf level selectivity of the queps is equal to

TWIX Overview. Given a queryq, first of all, its edge 34 x 618, which is an average-selective query in contrast to

:ﬁ;at;%?;g;psi :;r)e fgr:r;piarlrglde v(:\%?lg:isagf tggcl?rl—eDr?tsprEIZi?t%é%and @9 which indicate no selectivity with the values of
P : ' x 10659 and 52< 1661 x 89, respectively.

query’'s leaf set is compared against the leaf inverted index
of the “qualifying’ document trees and the leaf matchingE

remaining matching instances versus their counterpat as
the final refinement step. The final result is the set of tho
subtrees ofl" which match the query structur@.

) . S ration order The first step in the filtration study is to
instances are reported using the combination of SMJ and H b y

. . ) termine the most effective order of applying the proposed
procedures. Furthermore, the appropriate filtration teChn'q%ﬁation techniques. For this purpose, we executedhe)3

are applied (VFT and Structure matching) and the compleﬁ%m Figure 4 against thdblp dataset. The response times

subtree structure of the remaining matching instances are CAPthe filtration in two different ordersiFT—VET— Structure

pared against the query structure. An algorithmic formulatioghd VFT—HFT—Structure are shown in Figure 5(a). The

OT the main components of TWIX procedure is shown 'Humbers indicate the average response times of 10 different
Figure 3. runs of the same queries against each designated dataset.
In comparison, HFT, due to considering the proximity of
the nodes in the tree, provides much more efficient filtration
when it is performed first, while VFT has to perform more
We implemented the TWIX system usirfava 1.4.2and calculations (e.g., detecting NCA and context node). Hence,
ran our experimentations on Bentium M-2GHzprocessor we concluded to apply HFT prior to VFT filtration.
with 2GB of main memory. The experimental evaluations were
performed on a set of both synthetic (XMark [18]) and redtiltration Effectiveness Table Il depicts the effectiveness of
(dblp , acquired from the University of Washington’s XMLthe proposed filtrations foexact searchof the sample twig
Data Repository alttp://iwww.cs.washington.edu/research/xmidatagetsiqueries provided in Figure 4. The second column of Table
XML datasets. Table | depicts the statistics of the incorporatéid shows the total number of potential matching instance
datasets and along with corresponding sizes of the binamymbinations total tupleg. However, TWIX inspects a re-
labeling scheme. Row 4 of Table | shows the amount of storadeced number of potential tuples resulted from the proposed

Il. | MPLEMENTATION AND FUNCTIONALITY ANALYSIS



XMark
( scale factor) DBLP
(01) T (02) [ (06) [ (10)
Datasize (MB) 11.3 22.8 68.2 113 127
Number of Nodes 119,091 | 239,103 | 712,660 | 2,849,444| 5,682,094
Max/Avg Depth 12/6 12/6 12/6 12/6 6/2.9
Binary Labels (MB) 0.79 1.66 5.16 8.97 19.6
Avg bits/Node 23 24 25 26 25
Labeling Storage Overhead 6.98% 7.2% 5.25% 7.93% 15.4%
TABLE |

XML DATASETS USED IN THE EXPERIMENTS AND THE SIZE OF THE BINARY LABELS

o1 w2 as
dblp dblp
I — T~
article inproceedings proceedings inproceedings
(112134) (212273) (38810) (212273)
author title author title editor . // \\
(716|596) (329|242) (716|596) (329|242) (72|97) A(IIIS/O) ' (3]1969;9)
Abiteboul XML Abiteboul XML Halevy
(150) (980) (150) (980) (22)
m Q4 Q5 Q6 Q7 Q8 Q9
regions regions regions
(262) (262) (262)
item item item person person person
}790) (21790) /(21790) }3163)\\ (28163) (28163)
location name location description | description shipping name province gender province email profile province
(217|50) (51183) (21750) (56217) (56|Tl7) (32|796) (51183) (6658) (6831) (6658) ?21}?05)5 (12&|323) (66|58)
Croatia chides China rice rice internationally Pratyush California female California khalid graduate California
(34) (618) (110) (780) (780) (10659) (8) (89) (4049) (89) (52) (1661) (89)
Fig. 4. Twig queries used in the filtration and timing analysis.
uery otal Tuples uples lltration lltration tructure Matching
Q1 150x980 = 147,000 57,984 57,912 69 2
Q2 150x980x 22 = 3,234,000 624,794 566,315 436 56
Q3 150x 31629 = 4,744,350 2,530,453 1,905,540 111 0
Q4 34%x618 = 21,012 12,469 12,464 2 0
Q5 110x 780 = 85,800 46,331 46,239 2 0
Q6 780x 10659 = 831,402, 2,294,501 2,293,506 982 13
Q7 8x89 = 712 689 684 5 0
Q8 4049x 89 = 360,361 178,509 178,471 28 0
Q9 52x1661x89 = 7,687,108 2,848,717 2,848,717 0 0
TABLE I

FILTRATION COMPARISON.

Sort-Merge-Join (SMJ) phase which is depicted in the thifdtration techniques in thelFT — VFT — Structure Matching
column of the table. This number shows the actual size ofder. For instance, applying HFT @pl prunes 57912 out of

the search space. The comparison of the second and third 57984 tuples, leaving only 57984 - 57912 = 72 tuples
columns depicts the amount of the space reduction achieved further inspection. Furthermore, VFT filters out 69 of the
through the application of SMJ. For instance, the applicatioemaining 72 tuples, leaving only 3 tuples behind. Finally, the
of SMJ for Q2 results in the reduction of the search spacgructure matching phase compares the path structure of these
from 3,234,000 tuples to 624,794, or in short, that reduces tReuples, filters out 2 of them, and returns 1 final answer to
search space by inspecting only the 20% of the database. Tt user. Note that, there are cases where the tuples which
rest of the columns show the amount of filtration achieveate delivered to the structure matching phase, are already
(the number of tuples filtered quiising each of the proposed*answers to the query (e.g., on the last columns Q#-Q6



Response Time (seconds)
Response Time (seconds)

o ml ey

a1 Q2 a3 @ a2 03 |04 |05 [ @6 | a7 | @8 | Q9
O HFT > VFT > Structure 0.34 1.97 2.05 oTWIX 034 | 197 | 2.05 | 0.12 | 0.09 | 3.64 | 0.04 | 0.32 | 2.75
@ VFT > HFT > Structure 2.156 32.074 54.094 u Twig k | 16.65 | 20.15 | 4.46 | 1.53 | 1.54 | 2.27 | 1.32 | 0.82 | 1.4
Query Query
(a) Response time of various filtration order applications. (b) OQuery response time on dblp and XMark queries.

Fig. 5. Response time analysis of (a) applying filtration techniques in various orders, and (b) filtration efficiency.

andQ7-Q9 queries). This is a very desirable quality of TWIXXML) being represented by the databases possibly designed by
that passes only a limited number of tuples to the elaboratéferent companies. Figure 7(a) depicts the response time (in

structure matching phase. seconds) results of running queri€d0-@Q13 against TWIX
] ) versus TwigStack. TwigStack demonstrates an exponential
B. Response Time Analysis increase in the response time when adding more structure to

We compared the performance of TWIX againghe query, however, TWIX’s response time remaimgniost
TwigStacf6]* for all the queries of Figure 4. The completgnvariant’ to the underlying structure. This is due to the fact
results are shown in Figure 5(b), where the numbers in tHeat TWIX uses the proximity distance of the leaf nodes (e.g.,
table denote the actual response times (in seconds) averafjeieboul  and XML and the notion of thecontext node
over 10 different runs of the query. TWIX outperformede.qg., inproceedings ) for the HFT and VFT filtrations,
TwigStackfor all the queries except for querig@6 and Q9 which are invariant to the other internal nodes of the query
while still performing reasonably close)6 and Q9 are twig. Moreover, as depicted in Table Il, the combination of
examples of queries with very low selectivity. These resultdFT and VFT prunes most of the irrelevant tuples, leaving
are consistent with the main goal of TWIX which is to targeonly very few tuples (e.g., 57984 - 57912 - 69 = 3 tuples for
selectiveto highly-selectivequeries, in all of which TWIX Q1 in Table II) for the structure matching phase to inspect.
has substantially outperformetvigStack For the selective
queries, TWIX’s running time outperformed TwigStack byD. Size Scalability Analysis
49-times at the best]1), 2-time at the lowest()3), with the

. . Figure 7(b) demonstrates the efficiency of TWIX when
average of 18-times faster response time over all@hel)5, '9u () elency W

. o = varying the sizes of the underlying dataset. We incorporated
and .Q7'Q8 queries. The efﬁuency_ of TWIX forselective various scaling factors 0.1, 0.2, 0.6, and 1.0 on the XMark syn-
queries 1S an artifact of the effec.tlven.ess of the bOttom'Ll!Hetic dataset, generating XML documents of sizes 11.3MB,
space reduction employed by the filtration phases. The rea '8MB, 68.2MB and 113MB, respectively. A random query

behind thg higher response time of TwigStack versus TW as chosen to be placed against all of these datasets)Fhe
(on selective queries) is the fact that the frequency of ﬂgﬁ Figure 4 was chosen for this purpose due to the following

internal ELEMENTIOdes plays an important role migstack, reasons:1) Q5 is not ‘too-selective in order not to bias
Wh'Ch are frequently encountered in real datasets gaugpr TWIX significantly, 2) it includes both PC and AD edges, and
in-dblp ). 3) the depth of the twig query is larger than 2. Figure 7(b)
C. Structure Scalability Analysis (Structure Invariance) shows the overall database size scalability of TWIX versus

, of TwigStack. TWIX maintains a much lower rate of increase
We further studied the advantages of TWIX when procesg; rasnonse time compared with TwigStack, which is due to

ing queries with various structures. Figure 6 depicts 4 qUETIgS, f,1owing reasonsi) The constructed inverted index on
QlO-Ql?), having gxactly the same set (_)f keywords, withy, o keywords of the document tree provides a very efficient
different structures imposed on them. This is an example of the.ass method, and) The increase in size of the database is
sameidentical entity (an article written byAbiteboul  on more likely to introduce more generainternal node’ such
1The source codes for this algorithm was kindly provided by Jiaheng L?J_ls item |, chatlon a”fj descrlpthn . (w.rt. @5) rather
from National University of Singapore. than affecting the quantity oféach individual keyword such

2TwigStack maintains one stack per internal node of the query. aschina or rice . The scalability of TWIX with respect
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(a) Structure Scalability analysis. (b) Size scalability analysis.

Fig. 7.

Response time analysis of (a) structure scalability, and (b) size scalability of TWIX versus TwigStack.

to the size of the underlying database is a very advantageo[s$ C. Botev, J. Shanmugasundaram and S. Amer-Yahia, A TeXQuery-Based

aspect of applying bottom-up searching for selective querie?é]

.
This paper proposed an efficient system design and in%—]

IV. CONCLUSION

XML Full-Text Search Engine. SIGMOD, 943-944 (2004).

N. Bruno, N. Koudas and D. Srivastava, Holistic twig joins: optimal

XML pattern matching. SIGMOD, 310-321 (2002).

S. Chien, Z. Vagena, D. Zhang, V.J. Tsotras and C. Zaniolo, Efficient
Structural Joins on Indexed XML Documents. VLDB, 263-274 (2002).

plementa’[ion, named TWIX, for Iabeling and matching of{8] T. Grust, Accelerating XPath location steps. SIGMOD, 109-120 (2002).

selective twig queries in a database of XML documents. TWIX®
incorporates a unique bottom-up traversal of document trges
by locating the matching keyword instances and progressivély
constructing the matching subtrees on top of the keywog%]

matching instances using a rich binary labeling scheme |

Various efficient and effective filtration techniques based digl

DTD relevance, the horizontal and vertical proximity dif-

ferences of the node extents, and structure matching werg
deployed. Experimental results demonstrate the promising
filtration, response time, structure invariance and the siﬁ%]

scalability features of TWIX.
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