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Abstract—Answering queries using materialized views has team(0)

been well studied in the context of structured queries and has /\

shown significant performance benefits. Despite the popularity of 1
keyword search over XML data, it is an open problem whether name(1) playerst3)

materialized views can be leveraged for query evaluation. In i /\

this paper, we investigate this problem and present techniques suns(2) player(4) player(11)

for answering keyword queries using a minimal number of

materialized views. Experimental evaluation demonstrates the %\ /N
efficiency of the proposed techniques. name(5) nationality(7) position(9) name(12) nationality(14) position(16)
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XML has been used as the standard data representation Fig. 1. Sample XML Tree

format for web and scientific applications. Since a typical

web user or a scientific user does not know structured quetrthermore, if there are several sets of views that can answer
languages (such as XPath, XQuery), and the data schema mayuery, which set should be used? Finally, how should we
be unavailable, complex, or fast-evolving, providing keyworgse such a set of views to answer the query?
search on XML becomes critical in those applications. ThoughTg the best of our knowledge, this is the first work on
much work has been done on inferring the semantics of XMinswering XML keyword searches using materialized views.
keyword search by defining query results appropriately ([6jve find that it is possible to answer queries using views for
[4], [3], [1], [2]), the problem of how to efficiently evaluate 5 widely adopted XML keyword search semanti€snallest
and optimize XML keyword search has not yet been wellowest Common Ancest¢8LCA) [6]. While SLCA will be
addressed. formally defined in Section Il, we illustrate it by an example.
By avoiding computing query results directly from theconsider a quenyNash, positioh and the XML document
source data, exploiting materialized views has been provgn Figure 1 where each XML node is associated with a
crucial for performance optimization in evaluating SQlynjque identifer. Though there can be many XML data nodes
queries on databases and XPath/XQuery on XML. Cachigatching keywordposition only the one with ID 9 should be
query results as materialized views in web applications c@Bnsidered as closely related to the matciNashsince they
also reduce the workload of servers and network traffic.  refer to the same player. This can be detected using the SLCA
Given the benefits of materialized views in structured queBgmantics.
processing, it is a natural idea to leverage them to speed Ugror SLCA semantics, we analyze whether a view is relevant
XML keyword search. However, to the best of our knowledgger answering a given query. We then prove that the problem of
there is no research conducted on answering XML keywofdding the smallest set of materialized views that can answer
search using materialized views. a query is NP-hard. A polynomial time algorithm is developed
Many problems need to be addressed in order to answgffind such a set with IQ)| approximation, wheréQ)| is the
XML keyword queries using a set of materialized views ofymber of keywords in the query. Finally we show how to
previous search results. If the query is the same as a view thakwer queries using the selected set of views. Experimen-
has been materialized, we can simply access the materialiggdevaluation shows significant performance improvements
view and return it to the user. If the query is similar bupf answering queries using views. The techniques that we
not identical to existing materialized views, is it still possibl?,ropose for exploiting materialized SLCAs of XML keyword
to utilize the views for query evaluation in order to gaikearches can be incorporated into existing XML keyword
performance improvements? The answer actually dependss@irch engines that adopt SLCA semantics for defining query

the definition of query results. Then, are there any existiR@sultd, including XSeek [4], XKSearch [6], [2] and [5].
XML keyword search semantics for which a query can be

answered usmg_ views? If so, which views amgevantto 1Some systems perform additional node filtering after SLCA computation
a given query, i.e. they can be used to answer the querydone.



Il. BACKGROUND JRiaiN

A
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We model XML data as a directed tree, such as the one u /VN‘
shown in Figure 1. Each internal node represents an element
. ki ko - kn
or attribute, and each leaf node represents a data value.
A query is specified as a set of keywords. We use the Fig. 2. An Example for Proposition 3.3

following notations for keyword search queries.
o ) A. Ildentifying Relevant Views
Definition 2.1: Let ; and Q> be keyword queries. We say , ) ) .
Qs is a subquery of);, or Q, is a superquery of),, denoted First, we need to find out the inherent relationship among
asQ, C Q,, if every keyword inQ, is in Q,. The size of a queries in order to identify relevant views for a given query.

queryQ, denoted a$Q)|, is the number of keywords i). m The following propositions show that the result of a quéry
can be computed only from the results of its subqueries.

ing\]/\{[?) dSeLf'(;i t[g(]e query resuilt of XML keyword search aCcorqD_roposition 3.1: For two queries; andQ2, SLCA(D, Q1

' U Q2) = SLCA(D, SLCA(D, Q1), SLCA(D, Q-2)) for any
Definition 2.2: The query result or materialized viewof a dataD.
keyword searclf) on XML dataD, is the set of SLCA nodes Proof Sketch: According to Definition 2.2, for each €
SLCA(D,Q), which consists of all the nodes defined as SLCA(D,Q; U Q,), s contains all the keywords in both
follows: @1 and @, therefore it must contain at least one node

1) s contains matches to all the keywords @ in its " SLCA(D,Q:) and one node inSLCA(D,Qs) in its
subtree. Furthermore, none g6 descendants can contain a

subtree.
2) There does not exist a descendantsofhat contains Node in SLCA(D, Q) and a node inSLCA(D, Q) in its
matches to all the keywords i) in its subtree. subtree. According to Definition 2.3, all suelnodes compose
SLCA(D,SLCA(D,Q1),SLCA(D, Q2)). n

Query and view are used interchangeably in the papar.

Recall query{Nash, positiof on the XML tree in Figure 1. Corollary 3.2: For query@ = @1 U Q2 U ... U @y,
Though nodeplayers contains matches to both keywords ifve have SLCA(D,Q) = SLOA(D,SLCA(D,Q1),...,
the query in its subtree, it is not considered as an SLCA nodé'CA(D,Qy)) for any D. .

since its childplayer (4) already contains matches to bo”broposition 3.3:For two querie); andQs, if Q1 ¢ Qs, then

keywords. Whileplayer(4) is an SLCA node. This reflects thatSLCA(D, Q1) can not provide useful information to compute

the keyword matches connected through gtayer(4) node chCA(D Q»), for all dataD

have a closer relationship (and therefore should be returnedyi .
: of Sketch: Let query @, k € @Q;, and Q> =
the query result) compared with the ones connected throug]g?’ Ks,... ko), thus Q1 ¢ Q.. Suppose the proposition

the playersnode. _ ) _does not hold, that isSLCA(D, Q2) can be obtained from
For the convenience of nota_tlon, we also refer SLCA W'tQLCA(D,Ql) for any D. We show a counter example.

respect to sets of XML nodes instead of keywords. Consider the XML data fragmef in Figure 2, where a solid

Definition 2.3: Let Ny, No, ..., N,, ben sets of nodes in XML line denotes a parent-child edge and a dotted line denotes

dataD. SLCA(D, Ny, Ns,...,N,,) consists of all such nodesan ancestor-descendant path, afdCA(D,Q:) = {u}.

s As we can seep € SLCA(D,Qs), v ¢ SLCA(D, Q).

SLCA(D, Q) does not provide information about the loca-

i i 1(1<i<n)i . : .
1) s contains at least one node in eadh (1 < i < n) in tion of nodev, which essentially could be anywhereZin and

its subtree. : X
2) There is no descendant efthat contains at least onetherefore is not helpful for computingLCA(D, Q»). .
node in eachV; (1 <i < n) in its subtree. [

In summary, to compute the results of a quely a
materialized view that is a subquery @} is relevant If
there is a keywordc € @, such that none of the subqueries
of @ containingk is materialized, then we need to access
the original dataD and find the matches té to compute
[1l. EXPLOITING MATERIALIZED VIEWS TOANSWER SLCA(D, Q).

QUERIES Example 3.4: Consider evaluating) = {A,B,C,D,E}

In this section, we discuss how to leverage materializ&V€" @ set of materialized views: Q; = {4, B}, Q> =
views for query evaluation. Obviously if a materialized viewH: B:C}, Qs = {D,}' Q1 = {B,D}, Qs = {E, F}. Q1
is exactly the same as the query, it directly gives the query ’ Q4 are subq_uerles_o@ and_therefor_e are relevant .
result. In the following, we focus the discussion on evaluatir@'/nce keywordE is not in any view that is a subquery dJ,
queries that are different from existing views. e need to access the matchesitan the source data. =

As we can see, suppose quefy contains keywords
ki,...,ky, and letM; be the set of matches g (1 < ¢ < n),
thenSLCA(D, Q) = SLCA(D, My, Ms, ..., M,).
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B. Evaluating Queries

P
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Although any subquery of a quel is relevant for com- o
puting the result of@), we should find the smallest set of " [L & 0“2‘
materialized views that can maximally cover the keywords | & ‘ [l | Ni=N —m
QA1 QA3 QA4 QAS

Second (s)
w
38
Second (s)
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~

in @ in order to reduce the size of intermediate results and a2 _ w1 a3 4 s
achieve efficiency. The following proposition shows that this romsesteh Rusng Yews rem s Bosneiews
(a) Auction (160MB) (b) DBLP (66MB)

problem is NP-hard.

Theorem 3.5: Consider a set of materialized viewsand a
query , the problem of selecting the smallest 3&{ such
thaty CV,andy(vV | Ve V)=UIV |V eVv)na,is
NP-hard. [

The proof is omitted due to space limitatién The main

Fig. 3. Processing Time of Exploiting Views to Evaluate New Queries

IV. EXPERIMENTS

To evaluate our approach, we compare the processing time
idea i hat i ding decisi bl of answering queries using materialized views and possibly a
INgahlsdtob prO\C/je t. at f'ts coLrespon Ing eC|bs||on Probiem &nail portion of the data with that of answering queries from

-hard by reduction rom t € Set cover pro em. scratch. Some experiment results are shown in Figure 3. Two

We propose a polynomial time greedy algorithm to selegh;, sets, Auction generated by XMark, and a part of DBLP,
relevant materialized views for a given queRy from a set ¢ tegted. Each data set has five materialized views generated.
of materialized views). Initially, all keywords in@ are not \ya test five keyword queries for a data set.
covered. For each view € V, V. C @, we record the  \ye can see that in general leveraging materialized views
number of uncovered keywords i@ that can be covered ,qpieves significant benefits in processing time, compared with
by V as V.cov_er, which is mmahze@ _to be|V|. At each computing query results from scratch. FOr4, QD4 and
step, .the algorithm chooses a materialized subquerfy_ tfat QD5, the two approaches have roughly the same processing
contains the largest number of uncovered keywordg ithat time, as there is no materialized view that is a subquery

is,V eV, V C (@, andV.cover is the maximal. Then for each of QA4, QD4 and QD5, and we have to compute them
previously uncovered keywordthat is now covered by', We  fm seratch. The extra processing time in our approach for

find each view that contains and decrease its cover by On€jyentifying a small subset of relevant materialized views is
that is,vV’ € V, such thak € V', we havel’.cover——. The very small.

procedure continues till all the keywords dh are covered, or

none of the views iV can provide additional cover. Then we . V. CONCLUSIONS .
compute the results af based on Corollary 3.2. This paper addresses an open problem of answering XML

During each step for view selection, we may find a quelk yword s_e_a_rch us_ing materialized views. We adopt the_ query
and its subqueries, all of which are relevant views and ha(esult definition using the concept of SLCA proposed in the

the samecover value. We show that choosing superqueriégerature [6]. We identify the relevant materialized views for
can reduce the size of intermediate results a given query, and develop an algorithm to find a small set of

relevant views that can answer a query. Finally, we present how

Proposition 3.6: ConsiderQ and its subquery)’, Q" € Q. to answer the query using such a set of views. Experimental
We have|SLCA(D, Q)| < [SLCA(D,Q')| for any dataD. evaluation shows significant performance improvements of
®  our approach over computing query results from scratch. Our

This algorithm has time complexit9(|V||Q|2) and approx- techniques can be incorporated into any XML keyword search
imation ratio IHQ). system that uses SLCA semantics ([4], [6], [5], [2]).
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