Query Caching and View Selection for XML

Bhushan Mandhani

Databases

Dan Suciu

Dept of Computer Science
University of Washington
Seattle
USA
f bhushan,sucilg@cs.vashington.edu

Abstract

In this paper, we propose a method for
maintaining a semaric cade of material-
ized XPath views. The cadced views include
gueriesthat have been previously asked, and
additional selectedviews. The cade can be
stored inside the database, or on a di®eren
host machine. We describe a notion of XPath
query/view answerability, which allows us to
reducetree operationsto string operations for
matching a query/view pair. We show how to
store and maintain the caded views in rela-
tional tables, sothat cade lookup is very ef-
“cient. We also describe a technique for view
selection, given a warm-up workload. Finally,
we experimentally demonstrate the exciency
of our cadiing techniques, and performance
gains obtained by employing such a cade.

1 Intro duction

XML is increasingly being usedin data intensive ap-
plications. Major databasevendors are incorporating
native XML support in the latest versionsof their re-
lational databaseproducts. Data meart for web ser-
vices, and data exchange applications is often most
conveniertly stored directly as XML. In this scenario,
the number and size of XML databasesis rapidly in-
creasing,and XML data becomesthe focus of query
evaluators and optimizers.

In a relational database system, the in-memory
bu®ercade s crucial for good performance. A similar
bu®er cache can, and is, employed in XML systems.
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Howewer, XML query processingpresens a di®eren
set of challenges. Query execution on semistructured
data is intrinsically harder to optimize. The bu®er
cacdhe reducesthe disk I/O cost, but not the computa-
tional cost. We proposemaintaining a semariic cache
of query results [DFJ* 96]. It will addressthe compu-
tational cost and thus, complemen the bu®er cade.
It is simpleto have the semariic cade. In our scheme,
it is maintained in three tables in the database (two
purely relational, and onewith an XML column). Fur-
ther, the semartic cade can also be maintained on a
di®erert database system, on a remote host. Thus,
unlike the page-basedu®ercache, it can be employed
in a distributed setting too.

We describe in this paper, a framework for main-
taining and using a semaric cade of query results.
The caded queries are basically materialized views,
which can be used in query processing. Thus, at
any momert, the semariic cache cortains someviews

query Q, it inspects ead view V in the cade and de-
termines whether it is possibleto answer Q from the
result of V. In our setting, the viewsare XPath expres-
sions,while the queriesare either XPath or arestricted
XQuery fragment (which we describe later). For now,
we will take Q to be XPath, and describe the extension
to XQuery, later. We say that view V answers query
Q if there exists someother query C which, when ex-
ecuted on the result of V, givesthe result of Q. We
write this as CtV = Q. We call C the Composing
Query (CQ). When somecaded view answersa posed
query, we have a hit; otherwise we have a miss.

There are seweral applications for such a semartic
cadhe. First, considerits useinside the XML database
system. Supposesomequery Q is answeredby view V,
with C beingthe CQ. Then Q is answeredby executing
C, which is simpler than Q, on the result of V, which is
a much smaller XML fragmert than the original data
instance. This can result in a signi cant speedup, as
we show in our experiments. The semaric cade can
alsobe maintained at the application tier. Here, there
will be additional savings for a hit, from not having to



connectto the badkend database. For a heavily loaded
badkend sener, these savings can be large. This kind
of middle-tier caching has becomepopular for web ap-
plications using relational databases[LKM * 02]. Fi-
nally, the semaric cace can also be employed in a
setting like distributed XQuery [RBHS04 where sub-
queries of a query might refer to remote XML data
sources,connectedover a WAN. Here, a subquery that
hits in the local cace, will not have to be sent over
the network, and the savings can be huge.

Cheding query/view answerability requires match-
ing operations betweenthe tree patterns of the query
and view (we discussthis in Section 3). Looking up
the semariic cade by iterating over all views, will be
very inexcient whenthe number of views s large. We
list below our main cortributions:

2 We showv a method for cheding query/view an-
swerability 9C:Q = C %V, by string operations
which capture the semartics of the required tree
operations.

2 We describe a novel cache organization, in which
view expressionsare stored in relational tables,
and cade lookup is done by issuing SQL queries.

2 We demonstrate that cade lookup is very ex-
cient, even when there are seweral hundred thou-
sand cached views.

2 We describe a method for warm-up view selection,
when given a warm-up query workload.

2 We demonstrate impressive speedups for query
workloads having locality.

Example: We now present someexamplesof how
gueriesare answered from the cace. They will make
clearer the challengesin doing excient lookup in a
large cade, and also illustrate query rewriting for
cache hits. Suppose we have three cached views, as
shown below.

V1 | /aJu[@Vv]/w][X]
V2 | [a[x/Iy][p/Ir]
V3 | /laJ@v >50]

Supposequery Qlis/a[x][uw]/@v]/b . It isclearV1
answersit, with the ComposingQuery C1 being/*/b

In this case,a recursive reordering of predicates will
make V1 a pre x string of Q1. Consider query Q2 =
la[plg/r[x/yliz]/b . It isansweredby V2, with C2
beingjust Q2. In this case,we needto ched that view
predicate [p//r] \contains" query predicate [p/g/r] ,
and soon. Finally, let query Q3 be //aJ@v >100]. It
is answered by V3, with C3 being /*[@v > 100].

The rest of this paper is organized as follows. We
start with related work in Section 2. Section 3 de-
scribes how we determine query/view answerability.
Section4 describeshow our cadhe s stored, and looked

up. Section5 talks about view selection, basedon the
warm-up workload of queries. In Section6, we presert
our experimental results, and then conclude in Sec-
tion 7.

2 Related Work

A related problem is that of containment between
XPath queries. In [MS02, this problem is shown to be
coNP-complete. A polynomial time algorithm is also
preseried for cheding containment, which is sound
but not complete. Howewer,note that V contains Q
does not imply V answers Q. For example, let V =
/alb , and Q = /a[x]/b It is clear that Q is con-
tained in V. But it is not possibleto answer Q from
the result of V. [BOB™* 04] is the only other work we
are aware of, that proposesusing materialized XPath
views. Their criterion for query/view answerability is
exactly containment betweenthem. Their version of
what we call Composing Queries can require havigat-
ing up from the result nodes of the view being used.
For eat view, they store one or more of XML frag-
ments, object ids, and typed data values.

We choseto restrict ourselvesto just XML frag-
merts, and de ned query/view answerability accord-
ingly. This choice allows us to maintain our cace
outside the databasetoo, and target applications like
middle-tier caching and distributed XQuery, which we
mentioned earlier. Application-tier cacing for rela-
tional databaseshasreceived a lot of attention lately,
in the context of database-driven web sites[LKM * 02,
YFIV0O, FLSY99]. Thesesitesserve dynamic cortent,
obtained by querying the database. Caching query
results and maintaining materializing views, at the
middle-tier, has becomeincreasingly common. Fur-
ther, an XML databasesystem maintaining the cacte
can easily chooseto store object ids of the result nodes,
instead of the ertire result fragmert. The techniques
that we describe in this paper, will still remain appli-
cable.

3 Using XP ath Views

We now look at query/view answerability. The ques-
tion that we consideris this: Givenaview V and query
Q, doesV answer Q, and if yes,then what should C be
sothat CxV ~ Q. XPath queriesare naturally repre-
serted astree patterns. We are going to reasonusing
these, to derive a sound but incomplete procedurefor
answering this question.

We 'rst presen an example showing how
a XPath query is represetned as a tree pat-
tern. Figure 1 shows the tree pattern for Q
= a[vl/b[@w="v all"|[x[./ly])//c|]z >val2]. Child
and descendah axesare respectively showvn by single
line and double line edges. The ellipse-shamd nodes
are predicatesqualifying their parent nodes. Note that
the result node \c" of the query is marked by double



Figure 1: Example Tree Pattern

circles.

Defn 1 The Query Axis is the path from the root
node to the result, in the query tree pattern. Nodes
on this path are the \axis nodes", while the others are
\pr edicate nodes". The Query Depth is the numkber
of axis nodes.

Defn 2 Prex(Q, k) is the query obtained by trun-
cating query Q at its k-th axis node. The k-th axis node
is included, but its predicates are not. Preds(Q, k) is
the set of predicates of the k-th axis node of Q.

Example: Consider the query Q of Figure 1. It
has depth three, with a,b,c respectively being its “rst,
secondand third axis nodes. Pre x(Q,2) = a[v]/b ,
and Preds(Q,2) = f[@w="v all"],[x[./ly]] g

The XPath fragmert we cover includesthe /' and
'II' axes,and *' node labels. Predicates can be any
of these: equalities with string or numeric constarts,
comparisonswith numeric constarts, or an arbitrary
XPath expressionfrom this fragment.

3.1 Criteria for Answ erabilit y

GivensomeC, we will chedk equivalencebetweenC+V
and Q, by cheding equivalencebetweentheir tree pat-
terns. We rst describe how the tree pattern for C+V
is obtained from C and V. Let the axis of V (from root

that C is applied to the result of V. The label of the
root of C must match that of the result of V if CxV is

Then, to obtain the tree for CxV, we combine the trees
of V and C by fusing the result node of V with the root
node of C. Figure 2 illustrates this, and shows the two
tree patterns we have to ched for equivalence. Qx de-
notes the subtree of Q rooted at its k-th axis node.
We now brie°y talk about XPath minimality and con-
tainment.

]

i

Figure 2: Tree Patterns for C+V and Q
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V answers Q if:

1. Prex(V, k) and Pre x(Q, k) have isomorphic
trees, wherek is the query depth of V.

2. 8 view{pred 2 Preds(V,k) 9 qry{pred 2
Preds(Qk) suc that qry{pred p view{pred.

Table 1: Criteria for answerability

Defn 3 (XP ath Minimalit y) A XPath query Q is
minimal [FFMO3] if it is not possibleto drop a subtree
from its tree pattern, and get an equivalent query.

XP ath Containmen t Mappings: A containment
mapping [MS0Z] from XPath query A to B, is a map-
ping from nodesin the A tree pattern to thosein the
B tree pattern sud that:

2 | abels of mapped nodes match.

2 A's root and result nodes respectively go to B's
root and result.

2 Child edgesgo child edges,and descendah edges
to downward paths.

The existenceof such a mapping is sutcient, but not
necessaryfor B 4 A to hold. Howewer, in most prac-
tical settings, we expect this mapping to exist when
cortainment holds. In this paper, we ched contain-
ment using these mappings.

Theorem 1 If two tree patterns are minimal, and
containment mappings exist both ways (so that they
are equivalent), then they are isomorphic i.e., they are
the sametree.

Table 1 lists a set of su+cient (but not necessary)
conditions for cheding if view V answers query Q.



Example: Let V = /aJu[@V]/w]/b[x/ly][p//r] ,
and Q = /afuw]/@vl/b[x/yliz][p/g/r]ic .V
has depth 2. Pre x(V,2) = /a[u[@v]/w]/ ,
and Pre x(Q,2) = /a[uw]/@v]/b They are
equivalent, and the “rst condition is satis ed.
Preds(V,2) = f[x/ly],[p//r] g, and Preds(Q,2) =
f [xtyllz],[p/q/r] g. Containment between corre-
sponding predicates can be easily cheded by cortain-
mernt mappings, and the secondcondition too is satis-
“ed. Thus, V answers Q.

We now presert the intuition behind these condi-
tions. Assumethat V and Q are minimal. As in the
relational case,we expect real, user-written queriesto
beminimal. Sincewe canchooseto minimize the Com-
posing Query C, we take C too to be minimal. By
Theorem 1, we needthe minimized tree of CtV to be
isomorphicto the tree of Q. In minimizing, supposethe
tree for Pre x(V, k) remainsunchanged,wherek is the
query depth of V. Note that it is a subtree of V, and
thus, minimal to start with. Then, we can seefrom
Figure 2 that the tree for Pre x(V, k) needsto be iso-
morphic to that of Pre x(Q, k). This givesus the rst
condition. We now needto make the lower subtrees
isomorphic. Note that the subtreerooted at x is sim-
ply C, with the predicatesat its root node augmerted
by Preds(V,k). Minimizing this subtree should give us
Q. the subtree of Q rooted at its k-th axis node y.
From Theorem 2 below, C is just Qk. Thus, if we add
the predicatesPreds(V,k) to the root node of Qy, and
then minimize, we get back Qx. Then, from Lemma
5 in [FFMO03], eadt of these predicates must cortain
some subtree rooted at a child of Qx. This givesus
the secondcondition.

Theorem 2 SuppmseviewV of depthk answersquery
Q. Then the Composing Query C is just Qy, the subtree
of Q rooted at its k-th axis node.

Pro of: Denoteby C', C with its root node augmerted
by Preds(V,k). As obsened above, minimizing C'
should give us Qx. Thus, they are equivalert, and
QkxtV = C'tV. Obsene that C'tV = CzV. The for-
mer is just the latter, with the predicatesat node xy
augmerted by Preds(V,k). But xx already has this
set of predicates, in the latter. Adding them again
leaves the semartics of the query unchanged. Com-
bining these equivalences,we get that QxxV =~ CzV.
We can chooseC to be Qy. ¥

We now have the conditions for determining if V
answers Q. If it does,we alsoknow how to nd C. The
“rst condition requireschedking isomorphism between
two trees, and the secondcondition requires setting
up containment mappings between trees represetting
predicates. Looking up a cace storing a large number
of views, by cheding these tree-basedconditions for
ead view, will give a very high lookup overhead.

Normalize-T ree(T)

1. Let T have axis (X1,...,Xk).

2. For i=1,. ..,k Normalize-Node(x;).

3. Concatenatethe node labels of x1,... Xk, with
appropriate axesin between.

4. Return the query string formed.

Normalize-No de(x)

1. Let x have predicate node children py,...,pn.

2. Fori=1,...,n Normalize-Node(p;).

3. Sort p1,...,pn lexicographically by their labels.

4. For i=1,...,n append\[ p;.label]" to x.label.

Table 2: Normalizing a tree pattern

3.2 String-Based Answ erabilit y Checking

To achieve excient cache lookup, we will look to ched
answerability using string matching. This will be
cheaper, and more importantly, amenableto index-
ing. The rst condition in Table 1 is not the sameas
string equality between Pre x(V, k) and Pre x(Q, k).
This is becauseof reordered predicates, use of di®er-
ent syntax for the samepredicate (e.g. \[x/y]" instead
of \[x[y]]"), and soon. We describein Table 2 a proce-
dure for obtaining a unique XPath query string from
atree pattern T. Recall that axis nodesare the nodes
lying on the query axis, while the others are predicate
nodes.

Thus, the \normal form" of a query is obtained by
normalizing its tree pattern. For example,the normal
form of /a[q][p]/b[x[z])ly] s /a[p][al/bIx[yl[z]] . It
is clear from our de nition that a given tree pattern
hasa unique normal form. Thus, if V and Q are rewrit-
ten in normal form, the rst condition reducesto just
string equality betweenPre x(V, k) and Pre x(Q, k).

To ched the secondcondition, for ead result node
predicate that the view has, we have to look for a con-
tainment mapping from its tree to treesof, potentially,
ead of the predicatesin Preds(Q k). Having to do this
for a large number of candidate views for a query, can
be quite expensive. Note that, we needto ched this
condition only for views that satisfy the rst condi-
tion. However, for a cade with a very large number
of views, the number of views satisfying the "rst con-
dition may not be small. We want to avoid the over-
head of repeatedly setting up containment mappings.
This is what we do. For the tree of ead predicate in
Preds(Qk), we generateall the trees that map to it.
We normalize the root nodes of these trees, obtain-
ing the set of all normalized predicates that cortain
somepredicate in Preds(Qk). We denote this set by
ConPreds(Qk). Now, chedking the secondcondition
is simple. We just needto chedk that every predi-
cate in Preds(V,k) is also presert in ConPreds(QK).
This only requires string matching between predicate
strings.

Generating Containing Trees: Wenow describe
how, all the trees mapping to a given tree T can be



V answers Q if:

1. Prex(V, k) = Pre x(Q, k) wherek is the depth
of V.

2. Preds(V,k) u ConPreds(QKk)

XmlData (viewld int, fragment XML)

Pre x (pre xId int, pre x string)

View (viewld int, pre xld int, pred string, allPreds
string, CTs string)

Table 3: Cheding answerability by string matching

generated. Consider any subset S of the node set of
T. Consider eath pair of nodesx, y 2 S suc that no
other node on the path from x to y in T, isin S. If
this path is a single child edge, put either a child or
a descendah edgebetweenx and y. Otherwise, put a
descendah edge. This givesus a tree with node set S,
which contains T. Iterating over all possiblechoicesof
S, and for ead such S, taking all possiblecombinations
of edgesbetweensud node pairs x, y in S, givesus all
the treesthat mapto T.

Example: The set of all predicatescontaining the
predicate [x/y//z] s listed in the table below. For
the sake of clarity, we have not normalized them, thus
avoiding the nestedsquare brackets.

[x] [x1y] [x1yllz]
Xyl  [xilyllz] [x/1z]
[./y] [/yliz] [//z]

It is clear that the number of cortaining trees that
we generatefor any tree T is exponertial in the num-
ber of nodes of T. Howewer, tree patterns of individ-
ual predicatesare typically very small. Further, these
treeshave to be generatedonly oncefor a given query.
At the risk of getting more cache misseswe can choose
to restrict ourselvesto cortaining patterns that arelin-
ear paths. This is what we do in our implemertation.

In Table 3, we restate the conditions for cheding
if view V answers query Q. They capture the same
semariics as the tree-basedconditions, and use only
string operations. We assumeV and Q have been
rewritten in normal form.

3.3 Supp orting Comparison Predicates

The last thing we needto do for our query/view match-
ing procedure, is incorporate support for compari-
son predicates. So far, when generating containing
trees, we had assumedthat in a containment map-
ping, if two nodes match, their labels have to be
identical. Howewer, tree patterns can include nodes
which are comparison predicates qualifying their par-
ert node (see Figure 1). We will refer to them as
ComparisonTags,or CTs. Our current schemewill re-
turn that view //b ook[@price >50] can't answer the
query //b ook[@price >100], which is clearly wrong.
We needto allow two CT nodesto match in a con-
tainment mapping, if the node label in the cortain-
ing tree is \more general" than that in the contained
tree. Thus, label \> x" can map to \> y" provided
y , X. Similarly, \< x" can goto \< y" provided
y - X. This is what we do to allow this. For eath

Table 4: Schema of the cade tables

predicate being cheded, we yank out all the CTs it
cortains, and store them separately Thus, in the
predicate setsinvolved in the secondcondition in Ta-
ble 3, ead predicate now has two componerts: the
“rst storesthe predicate string, and the secondstores
the CT's, and their positional information. For ex-
ample, the predicate \@price>50" would be stored
as \(@price,(6,>50))" indicating that CT with label
\>50" occurs at position 6. When comparing some
predicate p in Preds(V,k) with g in ConPreds(QK),
we rst match the string componerts. If they match,
we then match the CT componerts, with CT labels
being matched as described above. If the CTs also
match, then p 2 ConPreds(Qk).

4 Cache Organization and Use

This section describes how our semaric cade is
stored, maintained and used. Our views are stored in
relational tables, and their results are stored as XML
fragments. The schemewe presert here assumesa re-
lational database with native XML support. It can
trivially be adapted to the casewhen the relational
and XML database systems are di®erert. Table 4
shaws the schemaof the three tables storing the cacde.
Note that the \fragment" column is of type XML. In
our experimerts, we usedthe beta releaseof Microsoft
SQL Sener 2005,which supports storing and querying
XML.

4.1 Inserting a View

We will illustrate how the cade is stored by shawing
how a new view V is inserted into the cace. We “rst

executeV on the XML database,and fetch its result.
This result fragmert is inserted into the fragment col-
umn in table XmlData. The viewld "eld is a system
generated key, and we record the value that it takes
in the inserted tuple. We rewrite V in its normal form
(seeSection 3.2). SupposeV has depth k. We insert
Pre x(V, k) in the pre x column in table Pre x, if it

is not already preser. pre xId is again a systemgen-
erated key, and we record the value that it takes. We
‘nish by inserting a tuple in table View for V. The
viewld and pre xld "elds in View are foreign keysref-
erencing XmlData and Pre x respectively. They take
the valueswe have just recordedfor them. Now, con-
sider Preds(V,k), the set of predicates at the result
node of V. Each predicate has a string portion and a
CTs (Comparison Tags) portion. Thus, we have a set
of strings, and an assaiated set of CTs. From the



strings, we chooseone to insert into the pred column.
In Section 4.3, we describe how we make a \good"
choice. The remaining strings are combined, and in-
sertedinto the allPreds column. One or both of these
columnswill be NULL, when Preds(V,k) respectively
has one or zero elemens. Finally, we combine all the
CTs and insert them into the CTs column. This com-
pletesthe tuple. The valuesfor the allPreds and CTs
columnsare constructed sothat the constituent strings
and CTs can be recovered (we can insert suitable de-
limiters, or useany other such simple scheme). Thus,
view V and its result XML can be recovered from the
cade.

Example: Let V = /a[v]/b[x][@y=50][z >100].
If 1 and 2 are generated for viewld and pre-
xld, then tuple (1,XML _Result) goesinto Xml-
Data, tuple (2,"/a[v]/b") into Pre x, and tuple
(1,2,"@y=50""z jx"," j(1,>100)j") into View.

4.2 Cache Lookup

We now describe how the cade is looked up, for a
given query Q. Recall from Table 3, the conditions we
need to chedk to determine if someview V answers
Q. SupposeQ hasdepth n. From the rst condition,
it is clear that any V of depth k can possibly work
only if k - n. Further, we will prefer usinga V with
as large a k as possible. The larger k is, the simpler
the Composing Query C is, and the smaller the view
result fragment is. Thus, we want to try candidate
views in order of decreasingdepth. Also, obsene that
the query-dependert part of the conditions in Table 3
involves Pre x(Q, k) and ConPreds(Qk). Oncewe x
k, theseget xed. Our approach will be this. We will
iterate over k going from n to 1. For ead k value,
we will executea single SQL query which will return
a small set of all candidate views of depth k. We will
inspect the returned views, and if any of them works,
we have a hit. Otherwise we try the next value of k,
and soon. Figure 3 lists this algorithm, including the
SQL query used. If no view was found which answers
Q, then we have a cace miss. Q is executed on the
XML database,and inserted as a new view.

In the SQL query shown, ConPreds(QKk) stands
for the list of string portions of the predicates in
ConPreds(Qk). The query returns tuples in the View
table. Each suc tuple represerts a single cached view
V. Consider any such V returned. The pre x eld
for V is Pre x(Q, k). Thus, V satis es the rst condi-
tion for answering Q. Further, its pred "eld is either
NULL, which meansPreds(V k) is empty, and the sec-
ond condition is trivially satis ed. Or it matchesthe
string portion of some predicate in ConPreds(Qk),
which meansthe second condition is partially satis-
“ed. ConPreds(Qk) will be tiny relative to the set
of result node predicates of all cached views. We ex-
pect the selectionon the pred "eld to make the SQL
query very selective, and return a small set of candi-

Cache-Lo okup(Q)

Fork =n,...,1
Execute this SQL query:
Selet V.*
From Pre'x P, View V
Where P.pre x = Pre x(Q, k) and
P.pre xId = V.pre xld and
(V.pred is NULL
or V.pred in (ConPreds(QKk)))
Inspect the returned views.
If someview answers Q, return it and exit.

Return null.

Figure 3: Cache lookup for query Q

date views for us to inspect. We sequettially examine
the returned tuples for the secondcondition, till we
nd aview V that satis esit. Recall that Preds(V,k)
can be reconstructed from the returned tuple for V.

If Q is a cade hit, and someV of depth k answers
it, the Composing Query C is just the subtree of Q
rooted at its k-th axis node, aswe sav in Theorem 2.
We further simplify C by removing from its root node,
those predicates which also occur in Preds(V,k).

Example: Supposeour cate has three views, as

shown below.
V1 | /a/b[z]/c

V2 | /a/lb[@y="str"]|[z

V3 | /a/blw][@y="str"]
SupposeQ = /a/b[w[X]][@y="str"][z >100]/c . For
k = 3, we get no candidate views. For k = 2, the SQL
query returns V2 and V3. The matching of Compari-
sonTagsfor Preds(V2,2) fails, since[z>200] doesnot
corntain [z>100]. However, V3 is found to answer Q,
with C being /b[w[x]][z >100]/c .

>200]

4.3 Cache Policies

To support our SQL query, we create clusteredindexes
on Pre x(pre x) and View(pre xId,pr ed). We now de-
scribe how, when inserting views, the predicate to put
in the pred column is chosen. The selectivity of our
SQL query very much dependson this choice. Among
all views having the right prex, the query returns
those whose pred "eld lies in ConPreds(Qk). If we
choosefor the pred column a more popular predicate,
then this view is likely to more often be retrieved asa
false positive. On the other hand, if we choosea rarer
predicate, then this view has a much lesserchance of
beingretrieved asa falsepositive. So,we needto iden-
tify the rarer predicatesin Preds(V,k). Predicatescan
be equalities, comparisons, or paths (XPath expres-
sionswithout any equality or comparison predicates).
Equality predicates can take a lot of di®erert values,
sinceatypical attribute or elemen will take many dif-
ferert valuesin the XML data instance. Path predi-
catesare however, restricted by what the DTD allows,
and can take far fewer values. The CTs of comparison



predicates are stored separately reducing the string
portion to just a path predicate. Equality predicates
are the best choice. Thus, if Preds(V,k) hasany equal-
ity predicates,we randomly chooseone of them asthe
onethat goesinto the pred column.

When query Q is a cade miss, we insert it as a
new view in the cache. Howe\er, there is a catch here.
We do not want to insert Q if its result size is very
large. Our motivation for caching is to be able to exe-
cute simpler querieson small, cached fragmerts when
we have a cade hit. Querying large fragments may
not be of much benet. Further, the XML database
will typically maintain suitable indexesover the data.
However, we don't maintain any indexesfor the cached
fragmerts. The overhead of indexing them was found
to be more than the benet. Running a query on a
large, unindexed fragmert could easily be worse than
running it on the databaseitself. Further, the space
cost for large fragments is also high. Thus, we keepa
sizelimit on cached views. If someview hasresult size
greater than this limit, we choosenot to cadeit. In
our experimerts, we useda sizelimit of 128 KB.

4.4 Answ ering XQuery

We “rst describe the XQuery fragment we cover.
Given an XQuery X, we de ne any XPath query em-
beddedin X to be a base XPath of X, if evaluating its
value requires accessingthe data, and can't be done
from the current ervironment. For example, suppose
X were this:

for $bin /site/r egions

return $b//item

Then, the XPath in the \for" clauseis a base XPath

of X. It determinesthe binding for $b. Howevwer, the
XPath in the \return" clause can be evaluated from
the binding for $b, and is not a base XPath. Thus,
the results of the baseXPaths of X de ne all the XML

data neededto evaluate X. The XQuery fragmen we
cover consistsof those X whosebaseXPath queriesdo
not contain referencego other variablesin X (they are
meaningful queriesindependertly), and which belong
to the XPath fragmert that we cover.

We now describe how we can use the cade in an-
swering an XQuery X in this fragmert. Supposethe
base XPaths of X are fQy,...,Qxg. We lookup each
Qj in the cadhe, setting V; to the view that answersit,
and C; to the corresponding CQ. If Q; is a cache miss,
it will be executed, and inserted as a new view. We
then rewrite X by replacing ead Q; with the query C;,
over the result fragmert of V. This rewritten query is
equivalent to X, and can be evaluated using only the
cached data. Due to our fragmert size limit, it may
not be possibleto have a V; in the cade that answers
Qi, for somei. In that case,we executeX directly on
the XML database.

5 Warm-up View Selection

We now describe how we warm-up the cadie, given a
warm-up workload of queries. The corvertional way

would beto just posethe queriesin the warm-up work-

load, to the cadhe. Thosethat are cade misseswould

be brought in as new views, and the cace would be
populated. It turns out that we can do better by be-
ing more proactive in choosing which views to insert.

If the warm-up workload is represettativ e of the test

workload (in other words, if it comesfrom the same
hypothetical query generation processthat generates
the test workload), then we can useit to obtain a much

larger workload S which the test workload is likely to

have a signi cant overlap with. We can then warm-

up by inserting an optimal set of views that answers
all of S, and thus, formulate cache warm-up as a view
selection problem.

5.1 Generating Potential Queries

We rst look at how we obtain workload S from the
warm-up workload W. The problem setting here is
this: GivenW, we want to obtain all the querieslikely
to be in the test workload. A possibleapproacd that
is likely to work well would be a machine learning one,
which would use a probabilistic model for the query
generation process,and learn its parametersusing W .
Then, potential queriescould be generatedin order of
decreasingprobabilities. Such an approac is beyond
the scope of this paper. Here we use a much sim-
pler technique, which is likely to work well for a query
workload having locality.

We obtain the template of a XPath query by
yanking out all string and numeric constans oc-
curring inside predicates. The template is a
parameterized query, which captures the struc-
ture of the original query. For example, the
template for /a[v)/b[w][@x="str1"|[y/z >50] is
/a[v]/bw][@x=#][y/z >#] , where the # symbols
indicate missing parameters. An instance of this tem-
plate is created by inserting a string value for the “rst
parameter, and a numeric value for the second. We
record all the distinct templates we seein the warm-
up workload W. Our set S will consistof instancesof
exactly thesetemplates.

We next describe how we obtain the parameter val-
ues,that we will usein instantiating thesetemplates.
The label for a template parameter is created by com-
bining the labels of the corresponding predicate, and
the axis node to which this predicate is attached. In
the above example, the label of the rst parameter is
b[@x], and that of the secondis b[y/z] . Note that dif-
ferert query templates can have parameterswith the
samelabel. For example,the template //b[@x=#]/c
has a parameter with label b[@x]. We treat such pa-
rameters with the samelabel, as the same. This is
because,in most casesthe parameter label will iden-
tify a unique path from the root to the parameter, in



the XML tree. Thus, parameterswith the samelabel
will have the samedomain of meaningful values that
they can take. For ead parameter, we record all the
di®erent valuesthat it is seento take in W, and the
number of times ead of these valuesoccurs.

We now have a set of templates, and a set of param-
eter values, extracted from the warm-up workload W .
Obsene that the locality of a workload comesfrom
locality in the templates and parameter values used,
in creating the workload queries. Further, supposethe
hypothetical query generation processindependertly
selectsthe query template, and parametervalues. This
will often be the case. For example, we expect the
\hot" valuesfor someparameter like book[@author]
to bethe same,acrossdi®erert query templates having
this parameter. This is how we we create the workload
S: we create instances of ead recorded template by
trying all combinations of recorded values of its pa-
rameters, and then, take the union over all templates.
Under the assumption of locality, the test workload
will have a signi cant overlap with S. We now want
to insert views soasto be able to answer all queriesin
S.

The main cost in warm-up, is that of executing
guerieson the XML database,to bring in new views.
The size of S will typically be orders of magnitude
larger than W. To ensurethat the time taken for
cacthe warm-up is reasonable,we put a bound M on
the maximum number of views that we may insert. In
our experimerts, we set M to be three times the size
of the warm-up workload. Under this constraint, we
want to selecta set of views that answers as large a
subsetof S aspossible. This de nes our view selection
problem. We next describe the approad that we take.

5.2 View Selection

The set of views that we will consideris the queries
of S itself. We de ne the \utilit y" of a view to be
the cardinality of the subsetof S that it answers. The
larger this value, the better the view is for cacing.
The problem setting here is just a variant of the set
cover problem, which is known to be NP-complete.
Each view represerts a subsetof S. We want to pick
subsetswhich together cover a maximal subsetof S,
under the constraint that we can pick at most M sub-
sets. The algorithm we will useis a simpli cation of
the popular greedy approximation algorithm for this
problem [CLR90]. We sort the queriesof S in order
of decreasingutilities, and pick them in that order. If
a picked query is a cadhe miss, it gets inserted as a
new view. We stop when we have inserted M views,
or reached the end of this sorted list. Unfortunately,
the algorithm asdescribed, is computationally very ex-
pensive. Computing the utilities of the views requires
query/view matching betweenall pairs of queriesof S,
and S is very much larger than the warm-up workload
W.

View-Select()

. Compute Utilit y(T) for ead template T.
. Sort templates by decreasingutilities.
. Supposethe sorted order is (T 1,...,Tq)
. SetInserted = 0.
.Fori=1,...,n
If T; is marked covered, skip to next iteration.
Obtain all query instances(Qq,...,Qk) of T;
Forj =1,..k
PoseQ; to cade.
If its a cache miss, do Inserted++.
If Inserted = M, exit.
Mark ascoveredead T;' that T; answers.

O WNE

Figure 4: Warm-up View Selection

It turns out that the sameresult can be achieved
at a much lessercost, if we work directly with the
query templates, instead of their instances. Given
templates T and T', we say T answers T' if, for ev-
ery instance of T', there exists an instance of T which
answers it.  For example, /a/b[p//r=#] answers
lalb[@x=#][p/g/r=#]/c . We just needto make
the values of the parameters b[p//r] and b[p/qg/r]
equal. It can be easily shavn that if someinstance
o® of T' is answered by q of T, then T answers T
Further, every parameter in T will have a matching
parameter in T'. The instances of T' that somein-
stanceof T answers, are obtained by varying those T'
parameterswhich either don't have matching parame-
tersin T, or match with a T parameterwhich occursin
a result node comparison predicate in T (we explain
this later). In the above example, there is a single
such T' parameter, b[@x]. Thus, ead instance of T
answers exactly the samenumber of instancesof T'.
This implies that, for any template T, all instancesof
T answer the samenumber of queriesin S, and thus
have the sameutilit y value. We call this the \utilit y"
of the template, and its value is given by:

P
T count(T")

Utiit y(0) = — e

where the sum is taken over all T' that T answers,
and court(T") denotesthe number of instances that

T' generates.Obsene that computing the utilities for
all templates requires query/view matching between
all pairs of templates, as opposedto all pairs of in-
stancesof these templates. To match templates, we
just match canonical instances of them, obtained by
choosing some xed value for ead parameter. Thus,
the queriesof S can be obtained in the required order
by sorting the templates in order of decreasingutil-

ities, and then replacing ead template with all the
instancesit generates.Figure 4 shows the view selec-
tion algorithm.



5.3 Some Warm-up Heuristics

The above algorithm may fail to bring in views that
cover all of the queriesin workload S. We now brie°y
describe three heuristics that were found to improve
the view selection,and give a higher cace hit rate on
the test workload.

Recall that, when recording valuestaken by a pa-
rameter, we also record the number of times ead of
these values is seen. We can put a bound K on the
maximum sizethat the value list for a parameter can
take. If some parameter takes more than K values,
we retain only the top K. Basically, we are removing
gueriesfrom S which are lesslikely to occur in the test
workload. We setK to 30in our experimerts.

Suppose some template parameter occurs in a
comparisonpredicate at the result node. For example,
the template //b ook[@price >#][@author=#]
has such a parameter book[@price] .  Suppose
the smallest value in the value list for this pa-
rameter is v. Obsene that if we can answer
the  instance  //b ook[@price >V ][@author=
"str"] , we can answer any other instance
/Ib ook[@price >w J[@author="str"] , sincew , v
will hold. A similar commert holds when we have a
\<" comparison. In that case,we choosev to be the
largest value instead. Thus, for all templates, we can
"X the values of such parameters (and thus, they are
no longer considered parameters). When applicable
for atemplate T, this reducesthe number \count(T)"
of instancesthat T generates,and increasesits utilit y
value. Thus, this optimization hasan important e®ect
on which views get inserted.

For selectingviews, we have so far consideredonly

the warm-up workload templates. Howewer, it might
be the casethat there are other, better views. Recall
that a view is good if it has a high utilit y value, and
if its result sizeis lessthan our sizelimit (otherwise it
won't be caced at all). We now describe a heuristic
to add new templates to the set of templates we are
considering. We \generalize" a template by truncat-
ing it as much aspossible,while still retaining one pa-
rameterizedpredicate. For example,the generalization
of /a/b[@x=#][y/z > #]/c[v=#] is /a/b[@x=#]
For eath template T, we add its generalization G to
our set of templates. We expect such a G to be a good
view template. It clearly answersT. It will be a short
template, and is likely to answer a few other warm-up
templates too. Further, sinceit has a parameterized
predicate, instancesof G will, in most casesnot have
very large results, and will be caceable. Thus, the
set of templates we considerin the view selectional-
gorithm of Figure 4 now becomeslarger. Everything
elseremains the same.

Generate-P ath()

. Set cur to the root node.

. Setpath = V cur:label'; depth = 1.

. With probability (depth/ max_depth)?, exit.

. If cur has no outgoing edges,exit.

. If cur hasoutgoing edgesf ey,. .. ,eQ, take one,
where probability of taking e is/ w(e).

. Setcur to the new node reached.

. Setpath = path + V cur:label'; depth++.

OB WNPRE
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. Go bac to step 3.

Figure 5: Simple Path Generation

6 Experiments
6.1 XP ath Generator

We implemented an elaborate XPath query generator,
to create real-looking workloads for our experimerts.
To generatea query, it rst generatesa simple path,
and then, createsand inserts predicates. A key feature
of the query generatoris that predicatesare createdus-
ing valuesactually taken by elemerts and attributes in
the XML data. Thus, it generatesmeaningful queries,
many of which return non-null results when executed.
We useda 300 MB XML documert generatedby the
XMark [SWK™ 01] generator, in our experiments. We
now describe the stepsinvolved in generatinga query.

Generating a Simple Path: The documert DTD
is preprocessedand corverted into a directed graph
the usual way. We insert an edgefrom x to y if y is a
child or attribute of elemen x. Any path from the
root node to any other node represens a simple path
expression,without predicates. Each edgee, going
from somenode x to vy, is assigneda weight w(e)
which is the averagenumber of y children that eadt x
elemen has, in the XML data instance (this is
obtained by executing suitable \count" queries). We
have a parameter max_depth which is the maximum
depth of any generatedquery. Figure 5 shows how a
simple path is generated. Note that we are not
generating the descendah axis or wildcard labels.
Cho osing Predicates: The number n of predicates
that are inserted is given by (r £ depth), rounded to
the nearestinteger, where depth is the number of
nodesin the generatedpath, and r is a real-valued
parameter. The set of available predicate types
(considering only structure) consistsof path
predicates, and attributes of the path nodes. We
count a path predicate at eac path node, as a single
predicate type, just like an attribute predicate.
Children of path nodeshaving textual (#PCD ATA)
content are alsoincluded amongthe attribute
predicates,to give us more choices. We then
randomly choosesomen predicate typesfrom this
set. For eat of them, a predicate is created, and
inserted at the appropriate placein the query.
Creating Attribute Predicates: In a



preprocessingphase,for ead attribute, we extract
and store all the distinct valuesit takesin the XML
data. We also store whether its a string or numeric
attribute. To create a predicate for somechosen
attribute, we take the attribute name, and append an
'=' sign for string attributes, or randomly any of '=',
'>" or '<' for a numeric attribute. We then selecta
value from the stored valuesfor this attribute using a
zipf distribution with exponert z (thus, the
probability of choosingthe i-th valueis/ 1/i%),
where z is a parameter. We then append this value,
completing the predicate.

Creating Path Predicates: We restrict ourselves
to linear paths, instead of arbitrary trees. Our
approad hereis similar to that usedin generating
simple paths. We rst choosea child of the path
node for which we are creating the predicate. This is
doneasin step 5 of Figure 5. We set the current
node cur to this child, and setthe predicate to
\cur:label'. If cur hassomem attributes, then with
an equal probability of 1/( m+2), we either choose
one of the m attributes, or stop at cur itself, or
chooseto take an outgoing edgeto somechild of cur
( againasin step 5 of Figure 5). If we choosean
attribute, then we create an attribute predicate as
described above, append it to complete the predicate,
and stop. If we move to a child of cur, we set cur to
that child, append\ cur:label" to the predicate, and
proceedsimilarly as before.

Workloads Used: For the workloads we gener-
ated, the max_depth parameter wassetto 7, and r to
0.6. Thus, queriesof depths 3, 4 and 5 had 2, 2 and 3
predicatesrespectively. Below we show three example
generatedqueries:

2 [site/op en.auctions/open_auction[initial][@id =
"open.auction1001"]

2 /site/p eople/person[homepage][name="Aenne
Ermakov")/emailaddress

2 /site/regions/samerica/item[quan tit y> 2][name]
[@id="item14898"]/lo cation

6.2 Cache Lookup Performance

Cadhe lookup for a query Q involves returning the
viewld (seeTable 4) of a view V that answers Q, and
the query C to be applied to result of V. We now see
how much time it takesto lookup the semartic cade.
Note that lookup doesnot include obtaining the result
of Q, by executing C (for a cache hit) or Q (for a cache
miss). In fact, for the experimerts in this subsection,
we skipped the execution of the XPath queries. Thus,
when someQ missedin the cade, it wasinserted asa
new view, without its accomparying result.

The experiments were run on a Pertium 4 machine
with 512 MB RAM, running Windows. We usedthe
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Figure 6: Hit Rate vs Zipf Exponent

beta releaseof Microsoft SQL Sener 2005, for both
the cache and XML databases. The cadce parame-
ter M (maximum number of viewsto be inserted dur-
ing warm-up) was set to three times the size of the
warm-up workload. For warm-up heuristics (see Sec-
tion 5.3), K wassetto 30, and the \generalized tem-
plates" heuristic was not used.

We will compare our semartic cade with a naive
cache, which stores(query, result) pairs in a table with
schema(query string, result XML ). A Query Q is a hit
for the naive cache only if the exact samequery string
is presert in the cadhe. Thus, the naive cache doesnot
useits cached queriesasviews. Figure 6 shovs how the
hit rate varies with the zipf exponert z usedfor cre-
ating attribute predicates,in the workload generation
(see Section 6.1). We used warm-up and test work-
loads of 5,000and 50,000queriesrespectively, for eah
z value. The semartic cade giveshit rates which are
more than 30% higher. The query/view answerabil-
ity we capture is thus, much richer than naive string
matching. For the remaining experimernts, we have
usedworkloads generatedusing z = 1.5.

Figure 7 shows how the averagecade lookup time
varies with the size of the test workload. Here we
are looking to determine how well lookup scalesto a
large number of stored views. In all cases,the same
warm-up workload of size20,000wasused. We can see
that the lookup time for the semaric cace remains
constart at around 13 ms, even as the workload size
increasesto half a million queries. This time is very
small comparedto the time takento executea typical
XPath query in the workload. This is exactly what
we would like to have. The naive cace takesa mere
0.47ms per lookup. However, in query processing this
di®erencewill be o®setby the higher hit rate of the
semariic cade, aswe will seelater.

Recall that lookup for a query Q of depth n will
require executing somed SQL queries,whered - n,
and inspecting their results (seeFigure 3). The depth
of the Composing Query C will be exactly d. If Q is
a cade miss, then d will be n. Figure 8 shows lookup
times separatelyfor di®eren subsetsof the test work-
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load. Hit- d denotesthe set of querieswhose Compos-
ing Queries were of depth d. As expected, as d in-
creasesthe lookup time for Hit- d increases.Here, we
had again useda test workload of 500,000queries,and
warmed up on 20,000. Finally, Figure 9 shaws how the
hit rate varies with the test workload size.

6.3 Query Pro cessing Performance

We now show the speedupobtained in query process-
ing, by employing the semariic cache. The experimen-
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tal setupisthe sameasin the previoussubsection,with

a couple of di®erences.First, we turned on the \gen-
eralized templates" heuristic. Second,we Ttered the
generated queries, and included in the test workload
only those which were found to executein at most 5
seconds. Some of the generated queries were taking
more than a minute on the 300 MB XML database
(even after creating the path index for XML data that

SQL Sener allows[PCS* 04]). Thesequeries,whenan-
swered from the cade, could give us speedup results
which were misleadingly high, and where the bulk of
the speedup came from a few select cache hits. The
workload zipf exponernt z, usedin creating attribute

predicates, was again 1.5. This seemshigh. Howeer,
note that, for most attributes, we were sampling from
tens of thousands of values. Further, our XPath gen-
erator generatesquery structure completely randomly,
and a higher z value compensatesfor this absenceof
locality in structure.

We usedwarm-up and test workloads of 1500, and
8500 queries respectively. Figure 10 shaws the aver-
agetime per query, for three di®erent con gurations.
When not cading, the queriestook 880 milliseconds
ead. Having the naive cace brought this down to 700
ms, while employing the semartic cade brought this
down to 340 ms, which is a speedupby a factor of 2.6.
Recall that Hit- d denotesthe subsetof queries,having



Semaric Naive

Cache | Cacdhe

Avg Time/Hit (ms) 26.11 5.03
Avg Time/Miss (ms) 1428.39| 1255.22
Final Size(KB) 6037.29| 3634.29
Hit Rate 0.78 0.44

Table 5: Cache measuremets

Composing Queries of depth d. Figure 11 shows, for
di®erert valuesof d, the averagetime takenfor queries
in Hit-d. The increasein time, asd increases,is much
sharper than what we saw for cadce lookup alone in
Figure 8. This con rms one of our main motivations
for cacing: small depth queries, executed on small
fragmerts, run faster than larger depth queries, exe-
cuted on larger fragmens. A cade miss of depth n
can be thought of as an extreme case,where a query
of depth n is executedon a very large fragmert, the
ertire XML data.

Finally, Table 5 shonvs some additional measure-
mernts. For a query which is a cadhe hit , the semartic
cache needsto query a cached fragmert. This is unlike
the naive cace, which simply returns the whole frag-
mert (at leastfor XPath workloads). Consideringthis,
the averagehit time of 26 ms for the semariic cace is
impressive. An interesting obsenation is that the av-
eragetime per missfor the semariic caceis 1428ms,
which is much higher than the averageof 880 ms, for
a query on the XML database. We know that cace
lookup only takesan extra 15 ms. Thus, the workload
gueriesthat are cache misses have a larger averageex-
ecution time on the XML database,than those which
are cadhe hits. This can be explained as follows. If
qguery Q is a hit, and is answered using view V, then
the databasecan clearly answer Q from the disk pages
it neededfor answering V. It is likely that some or
all of these disk pagesare still in memory, when Q
is preseried. Thus, when not using a semaric cade,
guerieswhich would have beencace hits, still execute
faster on averagethan those which would have been
misses.Finally, despite a higher hit rate, the semariic
cache endsup with a larger size. This is becauseof its
proactive view selectionduring warm-up.

7 Conclusions

We described a technique for employing a semariic
cacthe of materialized XPath views. Our notion of
query/view answerability gave a much higher hit rate
than a naive string matching cache. We used string
operations for cade lookup, and demonstrated the
scalability of our lookup method to a large number of
views. Cadhe hits were processedwell over an order of
magnitude faster than misses.We obtained impressive
speedupson XPath workloads having locality. Seman-
tic cadching is likely to prove very useful, where appli-
cable. Interesting directions for future work would be
to answer a larger XQuery fragmert, to study more so-

phisticated methods for view selection,and to explore
methods for maintaining these views in the presence
of XML databaseupdates.
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