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Abstract ous matchings. Schema matching research has shown that
the more hints are used, the greater the effectiveness of the

Schema matching attempts to discover semantic map-matching system.
pings between elements of two schemas. Elements are cross We place our research in the contexpefsonal schema
compared using various heuristics (e.g., name, data-type,querying— a technique which could be the next approach
and structure similarity). Seen from a broader perspec- for querying XML data on the Internet. In this approach a
tive, the schema matching problem is a combinatorial prob- user, unfamiliar with to the structure of the XML data on
lem with an exponential complexity. This makes the naivethe Internet, wants to query that data. The user first pro-
matching algorithms for large schemas prohibitively ireffi vides apersonal schema his own virtual view on the
cient. In this paper we propose a clustering based techniqgueunknown data. A simple personal schemas shown if
for improving the efficiency of large scale schema match- Fig. 1. A schema matching system then matches the per-
ing. The technique inserts clustering as an intermediap st sonal schema against the schemas of the Internet, which
into existing schema matching algorithms. Clustering par- are, for example, all stored in a large XML schema repos-
titions schemas and reduces the overall matching load, anditory. The user is presented with a ranked list of map-
creates a possibility to trade between the efficiency and ef-ping choices generated by the schema matching system.
fectiveness. The technique can be used in addition to otheThe user asserts the choices and picks one to be used
optimization techniques. In the paper we describe the tech-to retrieve the actual data. The user can then provide a
nique, validate the performance of one implementation of query defined in terms of his personal schema, say, an
the technique, and open directions for future research. XPath query/book]title="lliad")/author . A query evalua-

tion system rewrites the query into queries over the real dat
. sources, and evaluates the real-data queries.
1. Introduction Personal schema querying technique is envisioned as an

Schema matching attempts to discover semantic corre-on-line interactive querying technique. As such, it must
spondence between the elements of two schemas. Schemamt only be effective but also very efficient. In this paper,
are designed by humans — they are a product of human crewe are investigating ways to improve the efficiency of the
ativity. As such, two schemas, even if they have an identi- schema matcher, which is the core component in the per-
cal meaning, can be quite different on the syntactic level. sonal schema querying technique. Throughout the paper, we
This makes schema matching a very difficult problem, even use the termpersonal schemandrepository schemto de-
for humans. note two schemas which are being matched.

Schema matching is a crucial activity in the design  Seen from a broader perspective, the schema match-
of many interoperable applications. Driven by high de- ing problem is a combinatorial optimization problem [19].
mand, many schema matching systems have been develfhe number of all possible mappings between two schemas
oped [5, 6, 15, 16, 18]. In these systems, the similarity be- grows exponentially with sizes of schemas being matched.
tween the elements of two schemas is computed by exploit-To find the best mappings for two schemas, the schema
ing various heuristics, or, hints. Hints exploit propestif matcher has to search through all the possible mappings. In
schemas, such as node names, data-types, or schema strdarge scale applications, the number of possible mappings
ture. Hints can also use external data sources such as dataxplodes, and the naive schema matching algorithms be-
instances, dictionaries of synonyms, and results of previ-come prohibitively inefficient.



In this paper we propose and investigate thestered R Hb.-;n,)
schema matchingechnique which is designed to improve h) . e;‘
the efficiently of the existing schema matching systems. () A A K ’ .
Clustering is used to quickly identify regions, i.e., cerst book_.— p (n;),bo')ke, address (r)
in the large schema repository which are likely to produce V2R (n,)da{\: helf ()
good mappings for a personal schema. The schema matcher t(;gl§a';;";" L aAe )
P

then needs to look for mappings only within clusters. This
reduces the matching workload and improves the efficiency.

Improved efficiency comes with a penalty: due to cluster- Figure 1: personal schema, schema repositon, and

ing not all mappings can be discovered. Still, the clusterin one possible schema mappiag— £ (¢ is the gray subtree
technique is designed in a way that preserves schema map- P PPIAg= gray

pings which rank high, and only loose mappings which rank of 1)

low. Definition 1 Schema graptPS = (N, E, I, H) is a data

In\}\?e praperwe Imik? tge fcr)lllor\rl]vmrg:]c?nr:irrl]burlonhsr;i ¢ rstructure used to represent an XML schema, wheré:
¢ VVe propose clustered schema matching technique 1orig o ot of nodes (elements), e.ty, = {n1,n2,n3} (see

improving the efficiency of schema matching. Fig. 1),e E is the set of edges, e.g6 — {e1, e2}, o I is

. We propose and valld_ate the k-means a_lgorlthm as ON€ne incidence function associating each edge to its source
specific implementation of the clustering algorithm

din clustered sch tchi and target nodes, e.gl;(e1) = (n1,n2), ande H is a
used in clustered schema matching. function which assign§property, value)pairs to nodes and
This paper has the following structure. Sec. 2 starts by an

i f the sch tchi bl d techni edges in the tree. We writeamén,) = “book” to spec-
overyiew ol "he schema marching problem and tec nlquesify that particlen; has the propertyjamewith the value

used by schema matchers to solve the problem. The sectiombook,, « A pathis an alternating sequence of nodes and

: P gsy ode, e.g.p’ =n% —e, —nb —ef —ng. We overload the inci-

Bellflower. Sec. 4 describes the k-means clustering algo—dence functionf to support paths; e.glx(p') = (1}, nl).

rithm —a concrete implementation of.the clustered schemaln this paper, termaodeandelementre used interchange-
matching technique. In Sec. 5, experimental results are an-

alyzed in order to validate the expected properties of the ably.
clustered schema matching technique. Sec. 6 discusses rgygfinition 2 (notation:o reads $uch that, = — y reads %
lated work. maps tay”) When matching schema graphgndR, s — ¢
2. Overview is calledschema mapping ¢ is a subgraph of? and if the
following holds (Fig. 1 illustrates one mapping):

e Vne N,, 33m' € N; ¢ n—n’
Each noden in s must be mapped to exactly one node
n'int.
Ve € E;, Is(e) = (u,v), ur— v/, v— v
I1p" € paths(t) L(p') = (v/,v') o e—p
wherepaths(t)is a set of all paths it.
Eachedgee in s must be mapped to exactly opathp’
in ¢ (this edge-to-patimapping rule is a practical sim-

"/ (n;)authorName LHitle (n2)

This section introduces thelustered schema matching
approach in three stepe:step one formalizes thechema
matching problenj19]. e Step two describes how current
schema matching systems solve the schema matching prob-
lem. The architecture shared by these systems is presented. ¢
e Step three adds clustering to this architecture and dis-
cusses how clustering is expected to improve the efficiency
of schema matching.

2.1. Schema matching problem plification of a more generalath-to-pathrule)
The definition of theschema matching problem pre- The first point in Def. 2 restricts a mapping to what is com-
ceded by two other definitions. First tekehema grapis de- monly known as “1 to 1” element mapping [18]. Most of the

fined as a data model for representing XML schemas. Sec-existing schema matching systems are designed to discover
ond, theschema mapping defined; the schema matching “1 to 1" mappings [7], and we have chosen to first investi-
problem is solved by discovering schema mappings. gate clustered schema matching in the context of such sys-
We use the schema matching problem illustrated in Fig. 1 tems. When mapping two elementandn’, we use the fol-
as a running example: personal schemareated by a  lowing naming convention: — n' is calledelement map-
user interested in books, is to be matched against a schemping, » is the mapped elemerdandn’ is the mapping ele-
repository R. The figure shows a small fragment of the ment In the paper, it is always clear from the context which
repository. Arrows pointing to the gray subtreelepict a of the tree concepts is being discussed. The second point in
schema mapping — one possible solution for this matchingDef. 2 is rarely considered in related schema matching sys-
problem. tems. This is because most of the systems model schemas as
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trees, and this point is needed only when modeling schemas &

localized

as graphs; in graphs there can exist more than one path be- 2eon! Al o chema b ﬁ
tween two nodes, and to define a mapping it must be clear® —=> — —>9 ¢> => &
. . c N c. §
which of the paths is used. miehars o @ “o

Def. 2 specifies a schema mapping on a syntactic level, Q (3) Dapping Tt

schema

but does not say anything about the semantic correctness rpository !
schema mappings

of a mapping. To determine the semantic correctness of a
schema mapping — ¢, a schema matching system uses an
objective functiomA(s,¢) — [0, 1]. The objective function
computes thesimilarity indexfor two schemas. The simi-
larity index is an indication of the semantic similarity bt
two schemas; the larger the index, more likely that the map-
ping is correct. Note that only humans can judge if a map-

ping is correct or not. The objective function only approxi-  gircture matchersLocalized matchers compute the sim-
mates this human judgment [19]. ilarity index by using only local properties of schema ele-

In practice, schema matching systems are built to de-ments, such as element names or element data types. For ex-
liver top-N mappings, or mappings with the similarity in-  a3mple, COMA compares element names, name synonyms,
dex above certain numerical threshéldt is expected that  gnd data types to compute the similarity index. Structure
most of the correct mappings are comprised within the setmatchers take into account the structural properties of el-
of highly ranked mappings. Based on this, we define the ements such as relations with other elements in a schema
schema matching problem as follows. graph. For example, Cupid use$reeMatchoperator which
computes the similarity of structural contexts of elements
being compared.

For every element pair being compared, each matcher
produces a different similarity index. These indexes are
combined into a single similarity index by means of
weighed average or other combining techniques [5, 6]
(this step is not illustrated in Fig. 2). Element pairsn’
with non-zero similarity index becomelement map-
pingsn — n’. Each personal schema node can be mapped
to multiple repository elements. For example, the black el-
ement of the personal sche is mapped to four
different mapping elements in the reposit@ (also de-
schemas which can be represented@sema tregsas op-  picted as black nodes). The number of mapping elements is
posed toschema graphsThis is a common simplification  also expected to be proportional to the size of the reposi-
in the schema matching research. Consequently, personabory.
schemas is a tree, and the repository scheias a collec- With the mapping elementsnown, in the next step the
tion of a large number of trees, i.e., a forest. For brevity, i schema mapping generato#) is used to generatchema
the expressions we shall treat the repository sch&nhes mappings(5). Schema mappings are formed by making
being a single large tree. In our experiments, however, thevarious combinations of mappmg elements. Mappmg gen-

Figure 2: Basic architecture of schema matching systems

repository. Elements are compared using diffedatent
matchers(2). Each element matcher uses different heuris-
tics to compute aimilarity index Matchers can be divided
into two groups depending on the type of information they
use to compute the similarity indebicalized matcherand

Definition 3 Schema matching probleiis a quadruple
P = (s, R, A(s,t),0) wheres is a personal schema schema
graph,t is a subgraph of the repository schema grdph
such thats — ¢t is a schema mappind\(s, t) is the objec-
tive function, and’ is the objective function threshold. The
solution of the schema matching probléhis a sorted list of
all possible schema mappings— ¢ for which A(s,t) > 4.
The list is sorted on the value of similarity index. A more
detailed formalization of the XML schema matching prob-
lem can be found in [19].

In the remainder of the paper, we consider only XML

repository is a forest. Work witichema graphis future re-
search.

2.2. Existing approaches for solving the schema match-
ing problem

erator uses an objective function to compute the similarity
index for different schema mappings, and to rank the map-
pings accordingly.

The presented architecture has two sources of computa-
tional complexity: thecomplexity of element matcheasd

A number of existing schema matching approaches suchthe complexity of the schema mapping generaldre com-

as Cupid [16], COMA [5], and LSD [6], share, with a de-
gree of distinction, a common schema matching architec-
ture. This common architecture is shown in Fig. 2.

plexity of element matchers is individual for each matcher.
Various techniques, such as approximate string joins [L0] o
quick computations of structural relations through node la

The main input into a schema matching system are twobeling [11, 12], are used to implement element matchers ef-
schemas being matched, e.g., a personal schema and ficiently. The mapping generator has to look for mappings

repository schem@l). Matching starts by comparing every within an exponentially growing search space. This search
element of the personal schema with every element of thespace is a set of all possible schema mappings the num-



ber of which can be expressed @$|ME,,|IV+!), wheres mately@ elements. Mapping generator considers each

is the personal schema aME, is the set of mapping ele-  cluster independently. Consequently, the search spaee siz
ments for each node in To handle such large search space,
schema matchers use efficient search algorithms egm
searchwhich is used in iMap system [4] o&* algorithm  The clustering algorithm can be tuned to keep gl
used in LSD [6]. ratio constant with the varying size of repository, e.g., by

In the next section we propose a clustering based tech-creating more cluster§ in larger schemas. In Sl{Ch a case,
nique for further improving the efficiency of schema match- the problem complexity changes from polynomial to lin-
ing. The technique is orthogonal to techniques used in ex-€ar in respect to the size of the repository schema. When

, , IME, ) V!
in the clustered matching approach(gc - (—) ).

c

isting systems and can be used in addition. compared to the non-clustered matching technique the clus-
. _ tered schema matching technique reduces the search space
2.3. Clustered schema matching technique ¢(INsI=1) times; the more the clusters (i.e),the larger the

In a nutshell, clustered schema matching works as fol- S€&ch space reduction.
lows. Clustered schema matching identifies regions This reduction, however, comes with a cost. In an ideal
in the repository schemak which are likely to com-  hypothetical case, clusters comprise all the good mappings
prise good schema mappingsfor a certain personal t, i.e., mapping for which for whicl\(s,¢) > . In prac-
schemas. The schema matcher then looks for map- tice, clusters are notideal, and they cut-out some good map-
pings only within these regions, instead of searching Pings by shredding mappings over several clusters. The re-
through the repository as whole. This reduces the work- Sult of this side effect is the loss of effectiveness. Cieste
load and improves the efficiency of schema matching. Theschema matching is therefore a non-exhaustive matching
persona| schema is not affected by C|u5tering_ technique which offers a trade-off between the efficiency

In a search for an algorithm which can quickly gener- and the effectiveness: the more clusters the more efficient

ate such regions we have resorted to clustering. Hence, wécheéma matching, but the higher the chances of loosing

call such regionglustersand we call the techniquelus- ~ SOme valuable schema mappings. Such a trade-off is accept-
tered schema matchingrhe clustered schema matching 2aPle in many applications. Nevertheless, clustering nmyst t
technique is built by adding clustering to an existingrf- 0 Préserve as much mappings as possible, and in particular
clustered schema matching system. the mappings which are ranked high by the objective func-
tion. It is desirable to loose only the mappings which rank
@ — a. ‘(o low. Sec. 4 discusses a concrete clustering algorithm éor th
i S B mapping ¢>b.ﬁ use in clustered schema matching.
%% ® .. @ T We have described the simplest and the most generic way
(3) mapping ® C,‘,‘l,’jgj,ﬁ;;f Shema to use clustering in schema matching. There exist another,
clements similar but non-generic clustered schema matching tech-
Figure 3: Clustered schema matching nique. This technique heavily depends on the heuristics and

the implementation details of individual element matchers
We present the simplest, and the most generic way to ado@- In the alternative technique, element matchers are split
clustering to an existing schema matching system. Fig. 3 il- in two groups. For example, group one comprises localized
lustrates the approach. The compon é and@ element matchers, group two comprises structure element
remain the same as in the non-clustered matching systeninatchers. First group is used before the clustering step to
(see Fig. 2). The difference lies in the addition of the clus- produce a set gbreliminary mapping element€lustering
terer@ which groups mapping elemen@ into clus- groups the preliminary mapping elements into clusters. The
ters of mapping element$’). The rest of the matching second group of matchers is used after the clustering step by
process continues by sending each cluster individually toconsidering each cluster individually. We expect that some
the schema mapping genera which delivers schema  structure element matchers would have less work, and con-
mappings. Schema mappings coming from individual clus- sequently an improved efficiency, if being applied on clus-
ters are all placed together in a single 0rderec@t ters, rather than on the whole repository. In this paper we

This approach reduces the workload of the schema map-omy discuss the generic technique.

ping generator by reducing the size of the search space When strictly following Def. 2, a cluster can produce
within which mappings are to be looked for. In the non- a schema mapping, only if it has all the necessary map-
clustered case the mapping generator had to traverse theing elements: at least one mapping element for each per-
search space with the siz¥|ME, |/"+!), explained above.  sonal schema element. Such clusters are calsedul clus-
In the clustered case, the nodes in the repository are parters The chances are that some clusters will not have all the
titioned into ¢ clusters, with each cluster having approxi- needed elements. These clusters do not produce any schema



mappings. To overcome this limitation, the definition of a The two hints are combined using a weighted sum (Eq.3)
schema mapping should be extended with a notiopaof with parametery determining the relative importance of the
tial schema mappingThis would enable the discovery of two.
partial mappings imon-usefulclusters. Such partial map-
pings might, nevertheless, be valuable to the user. This is A(s,t) = - Asim(s,t) + (1 = @) - Apan(s,t) - (3)
future research. This objective function, though simple, simulates the two
3. Experimental system for clustered schema mostimpor_tant type; of heuristics useq ip schema matching
. systems. FirstAgm Simulates the heuristic based on local-
matching ized properties of elements, and twi,., Simulates the

To investigate the effects of the clustered schema match-heuristic based on structural properties of schemas. ®leas
ing, we have developed an experimental schema matchingnote, that our research does not try to develop a new, or bet-
system calleBellflower. Bellflower implements clustered ter, objective function; the simple objective function dse
schema matching as described in the previous section (se& Bellflower probably has an inferior effectiveness when
Fig. 3). In this section we describe Bellflower's components compared to that of the other schema matching system.
in more detalil. Nevertheless, we believe that Bellflower has enough be-

Schema repository: Bellflower uses a schema repository havioral similarity to the other schema matching system,
built by randomly selecting XML schemas available on the t©© Present a good platform for investigating the clustered
Internet. Googl®' search engine was used to discover 1700 Schema matching approach, and even for making conclu-
non-recursive DTDs and XML schemas with a total number SIONs about a broader applicability of the clustered schema
of 178252 element (attribute) nodes distributed over 3889 Matching.

trees (note, that one schema can have multiple roots, eaclschema mapping generator: The generator uses an adap-
represented with one tree). A repository of such size, ptove tation of the Branch and Bound algorithm (B&B) (see [13],
to be too big for our experimental framework, and we built pg. 141). The generator, produces all schema mappings
several smaller repositories with sizes from 2500 to 10200for which A(s,t) > §, whered is a manually selected
elements, by randomly selecting schemas from the collec-threshold. The generator gains efficiency by using a bound-
tion. ing function for an early detection of mappings for which
Element matcher: Bellflower uses one element matcher 2(8t) < 9. We omit the implementation details due to the
simn,n’) — [0,1] which compares names of elements lack of space. In _the experlment'c_ll s_ect|0n, the effectsef th
andn’. The matcher is implemented using tBempare- ~ B&B algorithm will, however, be indicated.

StringFuzzy[1] function. The CompareStringFuzzfunc- 4. Choosing the clustering algorithm

tion computes a normalized string similarity based on char-

T : . A Central part of the clustered schema matching is the clus-
acter substitution, insertion, exclusion, and transpmsit

tering algorithm. The algorithm must be efficient to ensure
Objective function for schema mappings:Bellflower  that the efficiency gains induced by clustering in the map-
computes the objective function for schema mappings by ping generation stef(¢) Fig. 2) are much larger than the
combining name similarity indexegsim) and thepath  overhead generated by the clustering itséB)(Fig. 3). At
length similarity index (path) The value of the objec-  the same time, the clustering must try to preserve schema
tive function A(s, t) is computed as follows. Eq. 1 com-  mappings which would be produced in the non-clustered
putes the name similarity index for a schema mapping by matching.

averaging the name similarities of individual element map-  Qur choice for the initial implementation is an adapta-
pings. Eq. 2 computes the difference in total path lengths oftjon of the k-means clustering algorithm ([8], pg. 140). The
the personal schemaand the mapping schemaThe dif-  choice is based on the simplicity and the non-exponential
ference is normalized t), 1] by means of a normalization  complexity of the algorithm. In the sequel we first introduce
constants’. The value ofi’ is determined using other con-  the general k-means algorithm, and then propose a concrete
straints in the system (e.g., the maximum length of a jmplementation in the context of the Bellflower experimen-
path). tal system. Along the way, we discuss general problems that

1 ) clustering faces in the clustered schema matching.
Asi = . i 1 . . .
sim(3, 1) A g sim(n, ') @) K-means clustering algorithm: Algorithm 1 shows the
wheren’ € N, and:L H‘gn, k-means algorithm as used in clustered schema matching.
t

Note that theeclusteringstep (line 10) does not exist in the
2 “standard” k-means algorithm.
The k-means algorithm uses the conceptslgiment
cluster, centroid anddistance measurén this work, clus-

|Et| — | Es|
‘ES| K
whereK is a normalization constant

Apath(S,t) = ]. —



ter elements are in fachapping elememﬁ@) Fig. 3) cre- have the highest capacity to deliver useful clusters dles;
ated in the element matching sté€flustersare thus collec-  ters which produce mappings. In Bellflower we implement
tions of mapping elements. Each cluster is represented withthis idea as follows. L&¥IE,, denote a set of all mapping el-
acentroid and thedistance measurealculates the distance ements for personal schema nodes N,, andMEn;, the
between a mapping element and a centroid. smallest one. For example, in Fig@, MEnmin is the set of

The algorithm starts with the initialization of centroids black nodes. There are only four black nodes (mapping el-
(line 1). The initialization is used to “seed” the centroids ements) compared to five mapping elements in other two
around which the clusters will be formed. The initializa- sets. Since each cluster needs at least one mapping element
tion determines two things: first, the number of clusters to for each personal schema node, Bellflower initializes cen-
be created, and second, the (approximate) locations aroundroids by declaring all the elements MifEx, as centroids.
which the clusters will be formed. An inherent problems of the k-means algorithm is its
sensitivity to the initial choice of centroids. With our ap-
proach which combines large number of initial centroids
1: initialize centroids and reclustering, this problem is reduced.
2: repeat
3. for eachmapping elemerdo
for eachcentroiddo

computedistance(mapping element,centroid)

Algorithm 1 K-means clustering algorithm

Distance measure:In Bellflower, the distance measure
distancén’, m') (line 5 in Alg. 1) is the actual tree distance
(i.e., path length) between the centroid nadand the map-
ping elemenin’. In principle, the distance measure must be

end for
assignmapping elemertb nearestentroid designed to support a specific objective function. Thush eac
end for schema matching system must have an accustomed distance

© ® N T A

measure. Path length is important in Bellflower’s objective
function, therefore the distance measure uses this valae. W
are investigating ways to extend the distance measure with
other heuristics, both localized and structural.

In k-means clustering, distances are computed very of-
ten, and the efficiency of the distance computation is impor-
tant. Bellflower uses node labeling techniques [12] to pro-
vide low-cost computation of path lengths.

compute neveentroidsfor all clusters
10:  performreclustering
11: until convergence criterion is met

The iterative part of the algorithm, starts with a nested
loop (lines 3 to 8) in which the nearest centroid is deter-
mined for each mapping element. A mapping element be-
comes a member of the nearest centroid’s cluster (line 7).
After the clusters have been formed, new centroids are cal-Computation of centroid: The centroid is an entity used
culated (line 9). These new centroids represent clusters ino represent a cluster. In Bellflower, the centroid for aclus
the next iteration. For reasons discussed later, we have inter is selected from the mapping elements which belong to
troduced a reclustering step (line 10). This step is used tothe cluster (such centroids are also known as medoids [8]).
perform additional modifications of clusters. The iteraio  More specifically, the mapping element which is tten-
continue until aconvergence criteriors met (line 11). ter of weightfor the cluster is used as a centroid. We are

The complexity of the k-means clustering algorithm is investigating other kinds of centroids, such as using two el
O(c - i - IME]), wherec is the number of clusters being ements to represent a single cluster.
formed,i is the number of iterations, ardE is the set of
all mapping elements in the repository schema.

We continue by describing an implementation of the k-
means clustering algorithm. The implementation reprasent
our initial efforts in building the clustered schema matchi
system.

Reclustering: Reclustering is used to directly act upon the

clusters in each clustering iteration. In Bellflower retéus

ing dynamically changes the number of clusters by joining

clusters or by removing clusters. Reclustering makes it pos

sible to bring the number and the size of clusters to a de-

sired state.

Initialization of centroids: In clustered schema matching, We illustrate the effects of reclustering by observing the

it is hard to determine beforehand the number of clusters;sizes and the number of clusters which are formed by using

depending on the matching problem, the number of regionsthree different reclustering strategiem reclusteringjoin

in the repository, which comprise good mappings, varies. reclustering andjoin & remove reclusteringFig. 4 shows

For this reason, we let the initialization seed large number the size distribution of the resulting clusters.

of centroids, which we then bring to a desirable number by  Theno reclusteringalgorithm created a total of 579 clus-

means ofeclustering(described below). ters. Dark bars show the size distribution of these clusters
We have explored various heuristics for initializing the For example, out of these 579 clusters, 134 clusters have

centroids, one of which we describe in detail. This heuris- a size in the [8,15] range. The majority of clusters is very

tic tries to place initial centroids in repository areas @vhi  small. We have observed that tiny clusters appear in areas in
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‘ ‘ ‘ ‘ ‘ to another, and the change in the number of clusters. When
I no reclustering (579 clusters) | | these numbers drop below a certain threshold, e.g., 5 per-

140} [ join (333 clusters) .
[ join & remove (243 clusters) cent of the total number of mapping elements/clusters, al-

]
=]

gorithm terminates. The selection of termination critésia
not trivial. So far, we found no direct correspondence be-
tween the termination criteria and the resulting perforoean

of the clustered schema matching system. Finding a conver-
gence criterion which minimizes iteration and yet delivers
the desired clusters is largely open research question.

00r

number of clusters
=23 3
3 3

I
S

5. Experiments
We have conducted numerous experiments over different

N
=]

O 23 47 [B15] [1631] [32.63] [64.127]1128.255] schema matching problems, i.e., different repositories an
number of mapping elements in each dluster different personal schemas. Although results differ fdr di
Figure 4: Cluster size distribution for different recluster- ferent matching problems, the clustered schema matching
ing techniques has shown the same general behavior and gave rise to con-

o . sistent conclusions. Experiments were conducted on a stan-
which initial centroids are close to each other, and thus-com g1 pC. This is sufficient because we study efficiency im-
pete to attract the same mapping elements. Consequentlyyroyements, not absolute times. In this section, we report
some centroids “starve” and form tiny clusters. This prob- the results of a typical experiment: the personal schema has
lem can be solved throughin reclustering. The join tech-  5des “name”. “address”. and “email”. and a structure sim-
nique unites clusters if the centroids of these clusters aregjigr to schemas in Fig. 1. The personal schema is matched
near each other. Fig. 4 shows the effects of upigreclus-  against the repository with 9759 elements, distributed ove
tering. Clustering with join reclustering creates 333 clus- 262 trees. Bellflower is asked to discover all the schema
ters, which is 256 clusters less than in the no reclusteringmappings’9 — ¢ for which A(s,t) > 0.75. In this exper-

case. These 256 clusters have joined neighboring clustersynent, Bellflower’'s element matcher produces 4520 map-
With join reclustering the tiny cluster problem is signifi- g elements.

cantly reduced. In the experiment, we use three different variants of the
The remaining tiny clusters can be either ignored or re- cjystering algorithms, plus the case with no clustering Th
moved with theremovereclustering technique. The tech- three clustering variants differ only in the value of the-dis
nique removes all clusters with less then a certain numberignce threshold which is used jioin reclustering For the
of mapping elements. The mapping elements belonging togjstance threshold 4, join reclustering joins clusters seho
these clusters are free to join other clusters in the neighbo centroids are at the distance not bigger than 4. Due to join-
hood. Fig. 4 shows that the combination of fom and re-  jng, resulting clusters are larger and hence the name for thi
movereclustering completely eliminates the tiny clusters.  cjustering variant: “large clusters” variant. The otheotw
In some cases clustering can creltgeclusters. This  clustering variants use distance thresholds 3 and 2 and cre-
occurs in areas with a large number of mapping elements,ate smaller clusters, hence the names “medium clusters” and
in which only one centroid is initiated. This centroid atts  “small clusters”. In the non-clustered case, each treedn th
all the mapping elements, creating a cluster with possibly repository is treated as one cluster. These are called “tree
several hundred nodes. The problem of huge clusters can belusters”.
solved in several ways: by improving the initialization al-

gorithm, by splitting huge clusters, or by discarding a¢arg : .
number of the huge cluster’s elements, namely the ones tha?ultmg clusterg. The table rep_orts only th_e propertiesief t
useful clustersi.e., clusters which can deliver schema map-

are far from the centroid. In our experiments, huge clus- inas
ters rarely occur, and are removed “manually” if necessary. pINgs.

For now, Bellflower does not implement procedures for han- | Th(la:“tre: clgsters" rovk\‘/.m the tba:ble |sh|nterpr¢teg as fofl-l
dling huge clusters. ows. For the given matching problem, there exist 95 usefu

trees in the repository. Trees contain on average 45.5 map-
Convergence criteria: If in two successive iterations of ping elements. The maximum number of mappings which
the k-means algorithm clusters do not change, clusteriag ha can be generated in all these trees, i.e., the search space fo
reached the total stability criterion, and the algorithnrtie a schema matcher, is 11.9 million schema mappings. We
nates. In practice, however, the total stability critercam shall see later, that amongst all these mappings, there ex-
be relaxed. Bellflower monitors, in each iteration, the num- ist only 4271 schema mapping for whidk(s,¢) > 0.75.
ber of mapping elements which switched form one cluster The other rows illustrate how clustering reduces the search

Properties of clusters: Tab. 1a shows the properties of re-



clustering a) properties of clusters b) mapping generator performance
algorithm || # of useful | avg. # of mapping total # of # of partial # of schema .
. . ; time (s)
clusters elements schema mappings| mappings | mappingsA > 0.75

smalll 251 16.1 153311 (1.28%) 51491 620 16.0
medium 235 17.4 168877 (1.41%) 56965 1009 23.8
large 172 24.1 486383 (4.07%) 109341 2444 56.3
tree 95 45.5 11962741 (100%)| 386817 4271 106.3

Table 1: Experimental resultsa) properties of clusterdy) mapping generator performance

space. For example, the “medium clusters” row, shows thatrithm tested 30 times less partial mappings.

235 clusters are formed with an average of 17.4 mapping Other rows show the efficiency improvements in-

elements. The size of the search space is reduced 70 timegroduced with the use of clustering. For example, with

from 11.9 million, in the case of “tree clusters” to 168877 the “medium clusters” clustering, the search space con-
(1.41 percent) in the “medium clusters” case. Note that dif- tains 168877 mappings (see “medium clusters” in Tab. 1a),
ferent clustering variants deliver different reductiofishe and the B&B algorithms tests 56965 partial mappings,

search space which means that parameters of the clustemwhich is one third of the total search space. This is less im-
ing algorithm can be used to control the size of the searchprovement than in the non-clustered case in which B&B
space. brought much more benefits; by using the “medium clus-

- . . . ters” clustering, the search space is already condensed
Efficiency of clustering: Each of the three clustering vari- by clustering, and B&B cannot bring that much improve-

gtlons needed almost equal times to co_mpletg the cIuster-mem. We can also compare the efficiency of the mapping
ing: 12.2 sec., 12.0 sec., and 11.9 sec. Time differences oc

- ) “generator when no clustering was used, i.e., for‘tree clus-
cur only due to the different number of resulting clusters; ters”, and when the “medium clusters” clustering was used.

the other parameters which influence the complexity of the |, the clustered case the number of partial mappings gen-
k-means algprithm, i.e., the number of trees (95), the nUM- o ated by B&B is reduced by factéc8 which is approx-

b_er of mapping elements. (4250), and the number of 'tera_'imately confirmed by the time measurements. The effects
tions (4), were the same in all three cases. In other experi-y o clustering has on the number of discovered map-
ments, we have observed that large time savings can be acﬁings are also visible. “Medium clusters” approach did
quired by fine tuning the convergence criterion. Each un- not discover all the 4271 mappings. Instead, it pro-

necessary iteration is a waste of time. How to do this auto- duced 1009 schema mappings. This issue will be discussed
matically is a open question. later in more detail

Efficiency of the schema mapping generator:Bellflower, If we add together thelustering timeand theschema

is a proof of concept experimental system and the time mea-Mapping generation tlmghe non-clus}ered apprqach con-
surements are not accurate. To assess the performance HMesec+106.3sec, while the “medium” clustering con-
the schema mapping generator we measure not only timeSUmesl2.0sec+ 23.8sec= 35.8sec In this particular case,
by also use more reliable performance indicators - counters an €fficiency improvement of factor 3 is achieved. A cre-
The Branch and Bound algorithm, which drives the genera- &tion of an elaborate cost model for the whole clustered
tor, saves time by not generating all possible schema map-Schema matching technique is future research.

pings. Instead it generates and tests a much smaller numen how clustering affects the results of schema match-
ber of partial schema mappings. In Bellflower we count the ing: As discussed, clustering improves efficiency, but
number of partial schema mapping generated by the B&B with a penalty of losing mappings. Tab. 1b “tree clusters”
algorithm. The performance of a well-tuned implementa- row, shows that the non-clustered matching delivisl
tion is expected to be proportional to this number. Tab. 1b schema mappings, while the three clustered schema match-
shows the measured efficiency indicators. ing techniques deliver 620, 1009, and 2444 schema map-
The “tree clusters” row, i.e., the non-clustering case, is pings. Obviously, clustering cuts-off many mappings that
interpreted as follows. To find the solutions for a given are otherwise generated in the non-clustered case. We
matching problem, in the search space of 11962741 map-have, however, already argued that this loss can be ac-
pings (see “tree clusters” in Tab. 1a), the B&B algorithm cepted if it occurs among the solutions which rank low. To
generated 386817 partial mappings and discovered 4271see where the loss of mappings actually occurs Fig. 5 shows
schema mappings having the similarity index larger than the percentage of preserved mappirgs different thresh-
0.75. It took 106.3 seconds to finish the whole process. Weold levels. The non-clustered schema matching exhaus-
see here the benefits of using the B&B algorithm. Instead oftively traverses the search space, and finds all the schema
generating and testing all 11962741 mappings, B&B algo- mappings withA(s,¢) > 0.75. Hence the constant 100 per-
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Figure 5: Percentage of preserved mappings for different Figure 6: The effectiveness of clustered schema matching
variants of the clustering algorithm for three variations of the objective functions

cent line for non-clustered matching, i.e., the “tree clus- important heuristics in matching. Consequently, clustgri
ters” line. Clustered schema matching loses mappings. Fordelivers the best results if used with the= 0.25, i.e., with
example, the “small clusters” clustering preserves 55 per-the objective function which favors the path length hint.
cents of schema mappings which have the similarity index As the« increases, the number of preserved mappings de-
greater of equal.9 (see arrows in Fig. 5), and 14 per- creases. This demonstrates the importance of adapting the

cent of mappings foé = 0.75. clustering algorithm to a specific objective function.
The figure demonstrates that clustering provides the de-

sired behavior: in the areas with high value of objective 6. Related work

function, large proportion of mappings are preserved. The  gchema matching attracts significant attention as it finds
loss of mappings is greater among the lower ranked map-gppication in many areas dealing with highly heteroge-
pings. _ _ _neous data. A comprehensive survey by Rahm and Bern-
Fig. 5 also demonstrates that different clustering vasiant gein [18] identifies main schema matching techniques.
exhibit different percentages of preservation. The larger  \jore specific schema matching techniques and system in-
ductions of the search space result in the larger losses ofj,de COMA [5], Cupid [16], LSD [6], and Corpus-based
mappings. Still, the numbers are promising. For example, schema matching [15], to name a few. These systems fo-
the “medium clusters” clustering reduces the search spacg,,g only on the effectiveness of schema matching. Var-
toonly1.41 percent of its original size (see Tab. 1a), and yet jous hints and the techniques to combine these hints
it preserves 23 percent (i.e., 1009 / 4271) of schema map-yre investigated in order to improve the schema match-
pings foré = 0.75, or even 72 percent far = 0.9. ing effectiveness. On the other side, there exist venelittl
On the correlation of clustering and the objective func- ~ work which addresses the efficiency of schema match-
tion: Clustering in clustered schema matching cannot being.
designed in a generic way. It has to be designed with a spe- Bernstain et. al, describe a design of an industrial-
cific objective function in mind. To show how a single clus- strength schema matcher called PROTOPLASM [3].
tering approach performs with different objective funoo ~ While analyzing the techniques for building a customiz-
we use the following experiment. The given schema match-able schema matching system, authors underline the
ing problem is solved with three different objective func- importance of developing the efficient schema match-

tions. These functions differ only in the value of thepa- ers — the same motive drives our research.
rameter (see Eq. 3) which varies over 0.25, 0.50, and 0.75. Recently, Rahm et. al [9, 2], suggested and demonstrated
Largea favors name similarity heuristicAgi,. Smalla fa- the use of fragmentation to make schema matching more ef-

vors the path length heuristicSyan. The experiment uses  ficient. While our clustered matching forms clusters on-line
the “medium clusters” clustering variant for all three abje  and by taking into account the personal schema, they pro-
tive functions. pose that fragments can be formed off-line by exploiting
Fig. 6 shows the preservation percentage for the threesyntactic substructures, such as complex types or groups,
objective functions. Large differences can be observed. Asof individual XML schemas. They further perform schema
show in Sec. 4, the distance measure used in clustering isnatching in two steps. First, fragments as a whole are com-
based on path length only. It is designed to preserve map-pared to other fragments to find the most similar ones. Like-
pings in systems which treat the path length feature as anwise, we plan, as a future research, to devise a metrics which



identifies clusters with high potential for delivering good [4] R. Dhamankar, Y. Lee, A. Doan, A. Halevy, and P. Domin-
mappings. In the second step, in both our an their approach, gos. iIMAP: discovering complex semantic matches between
detailed matching is performed per cluster, that is, pa-fra database schemas. Poc. SIGMOD’04 ACM Press, 2004.
ment. [5] H. H. Do and E. Rahm. COMA — A system for flexible

Clustering has already been used to support schema cor_nbination of_schema matching approaches. In P. A. Bern-
matching in two ways. First, clustering is used to detect cor stein et al,, ed'ForSProc' Intl. Conf. VLDB 2002Morgan

: Kaufmann Publishers.

responding schema elements [17, 21]. It has been shown [6] A.Doan, P. Domingos, and A. Halevy. Learning to Match the
that different clustering techniques can be used to form the ' '

; o Schemas of Data Sources: A Multistrategy Approabla-
groups of semantically similar elements [22]. Second,-clus chine Learning50(3):279—-301, 2003.

tering is used to identify groups of semantically related [7] A Doan and A. Y. Halevy. Semantic integration research in
schemas and to confine the matching efforts within these the database community: A brief survéyAAI Al Magazine,
schema groups [14]. The way we use clustering in clustered Special Issue on Semantic Integrati@®(1):83-94, 2005.
schema matching has common points with both approaches.[8] M. Dunham.Data Mining: Introductory and Advanced Top-

An overview of other Web data clustering practices is given ics. Prentice Hall, 2003.

in [20]. [9] Erhard Rahm and Hong-Hai Do and Sabine Mamann.
Matching Large XML SchemasSIGMOD Rec.33(4):26—

7. Conclusion and future research 31, 2004.

We have pronosed thelustered schema matchi [10] L. Gravano, P. G. Ipeirotis, H. V. Jagadish, N. Koudas,
prop NS S. Muthukrishnan, and D. Srivastava. Approximate string

a technique for efficient matching of one smaller schema joins in a database (almost) for free. DB 2001 2001.
against the large schema repository. Clustering is used to[11] H. Kaplan and T. Milo. Short and simple labels for small dis-

quickly identify regions in the schema repository which are tances and other functionsecture Notes in Computer Sci-
likely to comprise good mappings for the smaller schema. ence 2125, 2000.

The schema matcher then looks for mappings only within [12] H. Kaplan, T. Milo, and R. Shabo. A comparison of labeling
these regions, i.e., clusters. This reduces the matchinigwo schemes for ancestor queries Pimoc. SODA'02pages 954—
load and improves the efficiency. The improved efficiency, 963. Society for Industrial and Applied Mathematics, 2002.

however, comes at the cost of the loss of some mappings[13] D. L. Kreher and D. R. StinsorCombinatorial algorithms :
The loss mostly occurs among the mappings which rank generation, enumeration, and sear€®RC Press LLC, Boca
low which is an acceptable trade off. For validation we Raton, Florida, 1999.

have built an experimental clustered schema matching sys{14l M. L. Lee, L. H. Yang, W. Hsu, and X. Yang. XClust:
tem called Bellflower. Experimentation confirmed two main clustering XML schemas for effective integration. fnoc.
abilities of clustered schema matching: (1) the abilitynto i (15 Slﬁggﬁé\finges ?Z;z?s.tﬁiMAprgzz,nzofnzd A Y Halew
prove efficiency of schema matching, and (2) the ability to y o L i o Y-

hiahl ked . in doi Corpus-based schema matching. I@DE, pages 57-68.
preserve highly ranked mappings, in doing so. IEEE Computer Society, 2005.

Future research includes: (1) establishing a tighter CON-[16] J. Madhavan, P. A. Bernstein, and E. Rahm. Generic Schema

trol over clustering — more insight into the effects of cer- Matching with Cupid. InProc. of VLDB'01, pages 49-58,
tain clustering parameters on the efficiency/effectivenes Orlando, Sept. 2001. Morgan Kaufmann.

trade off allows for better tuning, (2) ordering the cluster  [17] C. Pluempitiwiriyawej and J. Hammer. Element match-
a measure of cluster’'s quality can be used to decide which ing across data-oriented XML sources using a multi-strategy

clusters have better chances to produce good mappings. In  clustering modelData Knowl. Eng.48(3):297-333, 2004.

this way, the time-to-first good mapping can be improved, [18] E. Rahm and P. A. Bernstein. A survey of approaches to au-

(3) design of a other distance measures for clustering. tomatic schema matching/LDB Journal: Very Large Data
Other challenging issues include, the generation of par- _ 52s€s10(4):334-350, Dec. 2001. .

tial mappings, matching with larger personal schemas, and[lg] M. Smiljanic, M. van Keulen, and W. Jonker. Formalizing

clustered schema matching in graph based repositories the XML Schema Matching Problem as a Constraint Opti-
gingrap p ' mization Problem. IfProc. DEXA'05 Aug. 2005.
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