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Abstract. Typical ontology matching applications, such as ontolagggration,
focus on the computation of correspondences holding betwreenodes of two
graph-like structures, e.g., between concepts in two ogies. However, for ap-
plications such as web service integration, we need to lesttathether full graph
structures correspond to one another globally, preseanigin structural prop-
erties of the graphs being considered. The goal of this pagerprovide a new
matching operation, callestructure-preserving semantic matchifichis opera-
tion takes two graph-like structures and produces a set méspondences;;)
still preserving a set of structural properties of the geaphking matchedii)
only in the case if the graphs agdobally similar to one another. Our approach
is based on a formal theory of abstraction and on a tree estirie measure.
We have evaluated our solution in various settings. Emgiriesults show the
efficiency and effectiveness of our approach.

1 Introduction

Ontology matching is a critical operation in many applioai, such as Artificial In-
telligence, the Semantic Web and e-commerce. It takes taphglike structures, for
instance, lightweight ontologiesl[9], and produces annatignt, that is, a set of cor-
respondences, between the nodes of those graphs thatpmrdesemantically to one
another([6].

Many varied solutions of matching have been proposed sedari.29,24] for re-
cent surve)E; In this paper we introduce a particular type of matchingpely Structure-
preserving semantic matching (SPSMjcontrast to conventional ontology matching,
which aims to match single words through considering thesiton in hierarchical
ontologies, structure-preserving semantics matching &armatch complex, structured
terms. These terms are not structured according to theiaisées, as terms are in an
ontology, but are structured to express relationshipshéncise of our approach, first-
order relationships. This structure-preserving matcksrigerefore a two-step process,
the first step of which is to match individual words within ttesms through tech-
niques used for conventional ontology matching, and therste and novel - step of
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which is to match the structure of the terms. For examplesiden a first-order rela-
tion buy(car, price) and anothepurchase(price, vehicle, number), both expressing
buying relations between vehicles and cost. If the wordsl irs¢hese terms are from
known ontologies, then we can use standard ontology madiechniques to deter-
mine, for example, thaluy is equivalent topurchase and thatcar is a sub-type of
vehicle. If they are not from known ontologies we can still use Wortlktegather
this information. Our work is concerned with understanding using this information
about how the words are related to determine how the fultiirad terms are related.
Therefore, SPSM needs to preserve a set of structural girepég.g., vertical ordering
of nodes) to establish whether two graphs are globally ain@hd, if so, how similar
they are and in what way. These characteristics of matchiengeguired in web service
integration applications, see, e.@.,1[21,28,18].

More specifically, most of the previous solutions to web g@Ermatching employ a
single ontology approach, that is, the web services areveesdtio be described by the
concepts taken from a shared ontology. This allows for theicgon of the matching
problem to the problem of reasoning within the shared ogil[21[27]. In contrast,
following the work in [1L26,311], we assume that web servi@esdescribed using terms
from different ontologies and that their behavior is ddsedi using complex terms; we
consider first-order terms. This allows us to provide dethilescriptions of the web
services’ input and output behavior. The problem becometbre that of matching
two web service descriptions, which in turn, can be viewedirasorder terms and
represented as tree-like structures. An alignment bettyeese structures is considered
as successful only if two trees agébally similar, e.g.tree; is 0.7 similar totrees,
according to some measure in [0 1]. A further requiremertids the alignment must
preserve certain structural properties of the trees beimgidered. In particular, the
syntactic types and sorts have to be preserygd function symbol must be matched
to a function symbol andii) a variable must be matched to a variable. We are mainly
interested in approximate matching, since two web sereseribtions may only rarely
match perfectly.

The contributions of this paper includé:) a new approach to approximate web
service matching, calleStructure-preserving semantic matching (SPSad (i¢) an
implementation and evaluation of the approach in variottigs (both with automat-
ically generated tests and real-world first-order onta@eyiwith encouraging results.
SPSM takes two tree-like structures and produces an aligninedween those nodes of
the trees that correspond semantically to one anothegmmiag the above mentioned
two structural properties of the trees being matched, ahdinrthe case that the trees
are globally similar. Technically, the solution is basedtbe fusion of ideas derived
from the theory of abstractiof [IL1)12] and tree edit distasigorithms[[B]. To the best
of our knowledge, this is the first work taking this view.

The rest of the paper is organized as follows. Sedflon 2 expleow calls to web
services can be viewed as first-order trees. It also proddestivating example. We
overview the approximate SPSM approach in Sedflon 3, wtdldeétails, such as ab-
straction operations, their correspondence to tree editadions as well as computation
of global similarity between trees are presented in SeBliand Sectioll5, respectively.



Evaluation is discussed in Sectioh 6. Secfibn 7 relates ouk ¥ similar approaches.
Finally, SectioB summarizes the major findings.

2 Matching Web Services

Our hypothesis is that we can consider web services inputatputs as trees and
therefore apply SPSM to calls to web services. This kind afcstiral matching can
then allow us to introduce flexibility to calls to web sendc that we no longer need
to rely on (i) terms used in these calls coming from a global ontologyeestiocal
ontologies adapted to purpose can be ugeéd;the structuring of these calls being
fixed.

The structure is important because each argument in a callneb service is de-
fined according to its position in the input or output. Howeexpecting this structure
to be fixed is just as problematic as expecting a global ogtolmdividual web ser-
vice designers will use different structure just as they wgke different vocabulary and
changes to web service descriptions over time will be meangievious calls to web
services become inappropriate. In order to remove the netbdftr a global ontology
and a fixed structure for every web service call, we theref@ed to employ struc-
tured matching techniques for matching between web secateand returns and web
service inputs and outputs.

The first-order terms that we match do not distinguish betvilgguts and outputs in
the same manner as, for example, Web Service Descriptioguzagye (WSDL). Instead,
both inputs and outputs are arguments of the same predindeolog notation, this is
indicated by using & for an input and & for an output. Thus the term:

purchase(—Price, +Vehicle, + Number)

indicates thaV ehicle and Number are inputs an®rice is an output. During run-time,
we can distinguish between inputs and outputs becausesinfugt be instantiated and
outputs must be uninstantiated. In order to use our treehimgtd¢echniques for web
services, we therefore make use of an automated transiatimess we have created
that will map between a first-order term such as the above atanalard WSDL rep-
resentation of the same information. This approach cantedassed for other kinds of
services in addition to web services; all that is requiretthé a translation process is
created to convert between the representation of the seawid first-order terms.

We make the assumption that web services written in WSDLawititain some kind
of semantic descriptions of what the inputs and outputstha¢arguments are labelled
descriptively and not merely as ‘inputl’ and so on. This igméll what WSDL, as
a description language, is designed to do. We appreciatertipaactice designers of
web services adopt a lazy approach and label inputs and tsutpth terms that do
not describe their semantics, especially when the WSDL diteggenerated automati-
cally from classes or interfaces written in a programmimgjlzage. In such cases, our
techniques will have a very low success rate. However, swahservices are of little
value for any automated process and do not make use of thpdightial of WSDL.
We believe that as they become more widely used, the neeldor to be properly de-
scriptive becomes imperative so that they can be locatedn@oled automatically. In



the meantime, any mark-up that is used to provide semarmticsdb services outside
of the WSDL can also be amenable to our techniques, provideid, usually the case,
that descriptions of inputs and outputs can be expressetres.a

Let us consider an example of approximate SPSM between tlog/fiog web ser-
vices:get_wine(Region, Country, Color, Price, Number_of_bottles) andget_wine(Region(Country,
Area), Colour, Cost, Year, Quantity), see Figur€&ll. In this case the first web service de-
scription requires the fourth argument of e wine function (Color) to be matched to
the second argumentélour) of the get_wine function in the second description. Also,
Region in 7’2 is defined as a function with two argument®(ntry andArea), while in
T'1, Region is an argument ofiet.wine. Thus,Region in T'1 must be passed t62 as
the value of thearea argument of theRegion function. Moreoveryear in T2 has no
corresponding term ifi'1. Notice that detecting these correspondences would have no
been possible in the case of exact matching by its definition.

get_Wing

Region

Countr

Pric = Country

Color Area

Number_of_bottle: Colour—
Cost—
Year—y

Quantity —

Fig. 1: Two approximately matched web services represeasenleesT’1: get_wine(Region,
Country, Color, Price, Number_of_bottles) and 7'2: get.wine(Region(Country, Area),
Colour, Cost, Year, Quantity). Functions are in rectangles with rounded corners; thegame
nected to their arguments by dashed lines. Node correspoesi@re indicated by arrows.

In order to guarantee successful web service integratieran® only interested in
the correspondences holding among the nodes of the treeslyind the given web
services in the case when the web services themselves alar nough. At the same
time the correspondences have to preserve two structuwpépries of the descriptions
being matched{) functions have to be matched to functions &l variables to vari-
ables. Thus, for exampl®egion in T'1 is not linked toRegion in 72. Finally, let us
suppose that the correspondences on the example of Elgueeajgregated into a sin-
gle similarity measure between the trees under consideratig., 0.62. If this global
similarity measure is higher than empirically establiste@shold (e.g., 0.5), the web
services under scrutiny are considered to be similar encughthe set of correspon-
dences showed in Figule 1 is further used for the actual weficedntegration.

3 Overview of the Approach

The matching process is organized in two stépsnode matching anf:) tree match-
ing. Node matching solves the semantic heterogeneity enolidy considering only
labels at nodes and contextual information of the trees. ¥échere the S-Match sys-
tem [14]. Technically, two nodes, € T'1 andny € T2 match iff:c@Qn; R c@ns holds,



Matcher name|Execution order |Approximation level [Matcher type| Schema info
WordNet 1 1 Sense-basegWordNet sensgs

Prefix 2 2 String-based Labels
Suffix 3 2 String-based Labels
Edit distance 4 2 String-based Labels
Ngram 5 2 String-based Labels

Table 1: Element level matchers. The first column contaiesmes of the matchers. The sec-
ond column lists the order in which they are executed. Thd tolumn introduces the matcher’s
approximation level. The relations produced by a matchéhn thie first approximation level are
always correct. Notice that matchers are executed follg\le order of increasing approxima-
tion. The fourth column reports the matcher’s type, whikefifth column describes the matcher’s
input, seell14] for details.

wherec@n; andc@nq are the concepts at nodes andn., andR € {=,C,3}. In
semantic matchind@[10] as implemented in the S-Match syfidirthe key idea is that
the relations, e.g., equivalence and subsumption, betwedes are determined 1f¥)
expressing the entities of the ontologies as logical foaswnd by(ii) reducing the
matching problem to a logical validity problem. Specifigathe entities are translated
into logical formulas which explicitly express the concdpscriptions as encoded in the
ontology structure and in external resources, such as War[8jl Besides WordNet,
the basic version of S-Match also uses four string-basedhest, see Tabld 1. This
allows for a translation of the matching problem into a ladialidity problem, which
can then be efficiently resolved using sound and complete sfahe art satisfiability
solvers [18]. Notice that the result of this stage is the $ein@-to-many correspon-
dences holding between the nodes of the trees. For examjtially Region in T'1 is
matched to botiRegion andArea in T°2.

Tree matching, in turn, exploits the results of the node miatgand the structure
of the trees to find if these globally match each other. Smeadifi, given the correspon-
dences produced by the node matching, the abstractiontager §4) are used in order
to select only those correspondences that preserve thed@sbperties, namely that
functions are matched to functions and variables to vagblhus, for example, the
correspondence that bin&ggion in 7'1 andRegion in T7'2 should be discarded, while
the correspondence that birlsgion in 7'1 andArea in T2 should be preserved. Then,
the preserved correspondences are used as allowed opsratia tree edit distance
in order to determine global similarityf]) between trees under consideration. If this
global similarity measure is higher than an empiricallyabshed threshold, the trees
are considered to be similar enough, and not similar ottserwiiechnically, two trees
T'1 andT'2 approximately match iff there is at least one nedgin 7'1 and a nodex;
in T2 such that:(i) n,; approximately matches,;, and(i:) all ancestors of.y; are
approximately matched to the ancestors.gf, wherei=1,...,N1;5=1,...,N2; N1 and
N2 are the number of nodesTnl and7'2, respectively.

Semantic heterogeneity is therefore reduced to two stgjpsnatching the web
services, thereby obtaining an alignment, &#d using this alignment for the actual
web service integration. This paper focuses only on the iragcstep.



4 Matching Via Abstraction

In this section we first discuss the abstraction operatighd), then discuss how these
operations are used in order to drive a tree edit distancg@utation §&.2), and, finally,
discuss the implementation detai$(3).

4.1 Abstraction Operations

The work in [12] categorizes the various kinds of abstractgerations in a wide-
ranging survey. It also introduces a new class of abstmnagticalled TI-abstractions
(where Tl means “Theorem Increasing”), which have the fumelatal property of main-
taining completeness, while loosing correctness. In otfteds, any fact that is true of
the original term is also true of the abstract term, but noewersa. Similarly, if a
ground formula is true, so is the abstract formula, but no¢ viersa. Dually, by taking
the inverse of each abstraction operation, we can definaaspmnding refinement op-
eration which preserves correctness while loosing corapésts. The second fundamen-
tal property of the abstraction operations is that they gi®all and onlythe possible
ways in which two first-order terms can be made to differ by ipalations of their sig-
nature, still preserving completeness. In other words, bt of abstraction/refinement
operations defines all and only the possible ways in whichectmess and complete-
ness are maintained when operating on first-order terms tandi@formulas. This is
the fundamental property which allows us to study and camsetly quantify the se-
mantic similarity (distance) between two first-order terifsthis extent it is sufficient
to determine which abstraction/refinement operations @cessary to convert one term
into the other and to assign to each of them a cost that mddelsemantic distance
associated to the operation.
The work in [12] provides the following major categories bitraction operations:
Predicate: Two or more predicates are merged, typically to the leasegdmgener-
alization in the predicate type hierarchy, eBattle(X)+ Container(X)— Con-
tainer(X). We callContainer(X)a predicate abstraction 8bttle(X)or
Container(X)3dp, Bottle(X) Conversely, we caBottle(X)a predicate refinement
of Container(X)or Bottle(X)C p; Container(X)
Domain: Two or more terms are merged, typically by moving the funddior con-
stants to the least general generalization in the domamtygrarchy, e.g.,
Micra + Nissan— Nissan Similarly to the previous item we cdllissana domain
abstraction ofMicra or NissanJp Micra. Conversely, we calMicra a domain
refinement oNissanor Micra C p Nissan
Propositional: One or more arguments are dropped, eBgttle(A)— Bottle We call
Bottlea propositional abstraction &ottle(A)or Bottle Jp Bottle(A) Conversely,
Bottle(A)is a propositional refinement &bottle or Bottle(A)C p Bottle

Let us consider the following pair of first-order terr{i3ottle A)and(Container)
In this case there is no abstraction/refinement operatianrttakes them equivalent.
However, consequent applications of propositional andalorabstraction operations
make the two terms equivalent:

(Bottle A)—5" (Bottle)—= (Container)



In fact the relation holding among the terms is a composiiovo refinement opera-
tions, namely(Bottle A)C p (Bottle)and(Bottle)C , (Container)

The abstraction/refinement operations discussed abawe a#l to preserve the de-
sired properties: that functions are matched to functiomswariables to variables. For
example, predicate and domain abstraction/refinemenatipas do not convert a func-
tion into a variable. Therefore, the one-to-many corregigoices returned by the node
matching should be further filtered based on the allowedattsbn/refinement opera-
tions: {=, J, C}, where= stands for equivalencej represents an abstraction relation
and connects the precondition and the result of a compositi@rbitrary number of
predicate, domain and propositional abstraction oparatiandC represents a refine-
ment relation and connects the precondition and the resaltomposition of arbitrary
number of predicate, domain and propositional refinemeataifpns.

Since abstractions and refinements cover every way in whistadider terms can
differ (either in the predicate, in the number of argumenis ¢he types of arguments),
we can consider every relation between terms that are in sayeaelated as a com-
bination of these six basic refinements and abstractiorexefbre, every map between
first-order trees can be described using these operatiberily situation in which we
cannot use these techniques is if there is no semanticaelagitween the predicates of
the two terms, but in this situation, a failed mapping is tpprapriate outcome since
we do not consider them to be related even though the argsnmet agree. Note that
we can match non-related arguments using these operatyamspbying propositional
abstraction and then propositional refinement.

4.2 TreeEdit Distance Via Abstraction Operations

Now that we have defined the operations that describe thereiftes between trees,
we need some way of composing them so that we can match eetietb one another.
We look for a composition of the abstraction/refinement apens allowed for the
given relationR (seedd) that are necessary to convert one tree into another. lerord
to solve this problem we propose to represent abstractifimément operations as tree
edit distance operations applied to the term trees.

In its traditional formulation, the tree edit distance desh considers three opera-
tions: (¢) vertex deletion(ii) vertex insertion, anéliii) vertex replacement[32]. Often
these operations are presented as rewriting rules:

(1) v— A (15) A —wv (11) v — w
wherev andw correspond to the labels of nodes in the trees whiltands for the
special blank symbol.

Our proposal is to restrict the formulation of the tree edtahce problem in or-
der to reflect the semantics of the first-order terms. In paldr, we propose to rede-
fine the tree edit distance operations in a way that will altbem to have one-to-one
correspondence to the abstraction/refinement operaflfaite[2 illustrates the corre-
spondence between abstraction/refinement and tree edétmpes. Let us focus for the
moment on the first three columns of Table 2. The first colunes@nts the abstrac-
tion/refinement operations. The second column lists cpmeding tree edit operations.
The third column describes the preconditions of the treeagdiration use.



Table 2: The correspondence between abstraction opesatier edit operations and costs.

Abstraction| Treeedit Preconditions of operations Costr1—72 |Costyy 72 |CoOStr1 372
‘ operations |operations, ‘ B B
t1 Jdpqgte| a—b a Jb; 1 [e%e} 1
a andb correspond to predicates
ti dp ta | a—b a Jb; 1 0o 1
a andb correspond to functions or constajfits
ti dpta| a— A a corresponds to predicates, 1 00 1
functions or constants
t1 Epa t2 a—b agb; 1 1 [e’e}
a andb correspond to predicates
t1 Ep t2 a—b a C b 1 1 %)
a andb correspond to functions or constajfits
ti Epta| a— A a corresponds to predicates, 1 1 )
functions or constants
t1 = tg a=2b a = b; a andb correspond to 0 0 0
predicates, functions or constants

Let us consider, for example, the first line of Table 2. Thedjwate abstraction
operation applied to first-order termresults with ternts (t; Jpg t2). This abstraction
operation corresponds to a tree edit replacement operapiplied to the term; of the
first tree that replaces the nodevith the node of the second treex — b). Moreover,
the operation can be applied only in the case thialabela is a generalization of label
b and(i7) both nodes with labels andb in the term trees correspond to predicates in
the first-order terms.

4.3 Implementation

We have implemented our approximate SPSM solution in JagmyMxisting tree edit
distance algorithms allow the tracking of the nodes to wtdcteplace operation is
applied. According to[[32], the minimal cost correspondenarei) one-to-one(is)
horizontal order preserving between sibling nodes, @l vertical order preserving.
The alignment depicted in Figuké 1 complies with, (7i:) and violateg(i:). In fact,
the fourth siblingColor in 7'1 is matched to the second sibli@glour in 72 (see below
for an explanation).

For the tree edit distance operations depicted in Table Zyrapose to keep track
of nodes to which the tree edit operations derived from tipéae operation are ap-
plied. In particular, we consider the operations that &poad to predicate and domain
abstraction/refinementy( Jpg, t1 Cpe, t1 dp, t1 Cp). This allows us to obtain an
alignment among the nodes of the term trees with the desiggzbpties, i.e., that there
are only one-to-one correspondences in it and that furstioa matched to functions
and variables are matched to variables. This is the caseibe@a predicate and do-
main abstraction/refinement operations do not convertexample, a function into a
variable and77) the tree edit distance operations, as from Table 2, have dmore
correspondence with abstraction/refinement operations.

At the same time, an alignment used in a tree edit distanceuatation preserves
the horizontal order among the sibling nodes, but this isandesirable property for
the web service integration purposes. In fact, we would whaefourth siblingColour



in T'1 to match the second siblingolor in T2 of Figure[l. However, as from TaHdg 2,
the tree edit operations corresponding to predicate anchthoabstraction/refinement
(t1 dpa, t1 Cpy, t1 Jdp, t1 Ep) can be applied only to those nodes of the trees
whose labels are either generalizations or specializatidreach other, as computed
by the S-Match node matching algorithm. Therefore, givendlignment produced by
the S-Match node matching algorithm, we identify the casesmthe horizontal order
between sibling nodes is not preserved and change the gdafrthe sibling nodes to
make the alignment horizontal order preserving. For exangwapping the nod&ost
andColour in T2 of Figure[l does not change the meaning of these terms bivitsal
the correspondence holding betwegatour andColor in Figure[l to be included in the
alignment without increasing the cost during the tree editatice computation. This
switching means that the original horizontal order of sig$ is not preserved in most
cases. If there are arguments with identical names, suels eas resolved with the help
of indexing schemes.

5 Global Similarity Between Trees

Our goal now is to compute the similarity between two ternesreSince we compute
the composition of the abstraction/refinement operatibatare necessary to convert
one term tree into the other, we are interested in a minimstl gbthis composition.
Therefore, we have to determine the minimal set of operatwhich transforms one
tree into another, see HJ. 1:

Cost= min Z k; » Cost (1)
ics
where,S stands for the set of the allowed tree edit operatiénstands for the number
of i-th operations necessary to convert one tree into the otheiCastl defines the
cost of thei-th operation. Our goal here is to define fiest in a way that models the
semantic distance.

A possible uniform proposal is to assign the same unit ccait teee edit operations
that have their abstraction theoretic counterparts. Tétethaiee columns of Tabld 2 il-
lustrate the costs of the abstraction/refinement (tre¢ egérations, depending on the
relation (equivalence, abstraction or refinement) beingmated between trees. Notice
that the costs for estimating abstractiat) @nd refinementX) relations have to be ad-
justed according to their definitions. In particular, thestedit operations corresponding
to abstraction/refinement operations that are not alloweddfinition of the given re-
lation have to be prohibited by assigning to them an infindstcNotice also that we
do not give any preference to a particular type of abstrafédinement operations. Of
course this strategy can be changed to satisfy certain adspacific requirements.

Let us consider, for example, the first line of Table 2. The cbshe tree edit dis-
tance operation that corresponds to the predicate akistrd¢ct Jpy t2) is equal to 1
when used for the computation of equivalen€estr; —r2) and abstractiongostr; 5r2)
relations between trees. It is equaldowhen used for the computation of refinement
(Costri-72) relation.



Eq.0 can now be used for the computation of the tree editrdistacore. However,
when comparing two web service descriptions we are inteddéstsimilarity rather than
in distance. We exploit the following equation to conve# tlistance produced by a tree
edit distance into the similarity score:

. Cost
TreeSim=1 maxTLT2) (2)
whereCost is taken from Eq11 and is normalized by the size of the biggest Note
that for the special case Gbstequal toco, TreeSinis estimated as 0. Finally, the high-
est value offreeSimcomputed forCosty1—72, Costricr2 andCostr; 572 iS selected
as the one ultimately returned. For example, in the casearhgle of Figurdll, when
we matchZ'1 with T2 this would be 0.62 for botCostri—72 andCostricrs.

6 Evaluation

On top of the implementation discussediid we exploited a modification of simple
tree edit distance algorithm from[34]. The evaluationgeis discussed 6.1, while
the evaluation results are presentedGid.

6.1 Evaluation Set-up

Ontology and web service engineering practices suggetsbitesm the underlying trees
to be matched are derived or inspired from one another. Tdrexeit is reasonable
to compare a tree with another one derived from the original &Ve have evaluated
efficiency and quality of the results of our matching solotm two test cases. Note that
this is not the largest data set we have access to - a largerdestcribed, for example,
it [L5]. However, such data sets are not useful to us in thataimce because they do not
allow us to evaluate our approximate matching.

Test case 1: real-world ontologies. We used different versions of the Standard Upper
Merged Ontology (SU M@and the Advance Knowledge Transfer (Alﬂ'b)ntologies.
We extracted all the differences between versions 1.50 &1d &nd between versions
1.51 and 1.52 of the SUMO ontology and between versions 1 ahdafd 2.1 and
2.2 of the AKT-portal and AKT-support ontologﬂesThese are all first-order ontolo-
gies (hence, their expressivity is far beyond generabpéspecialization hierarchies),
so many of these differences matched well to the potentfdrdnces between terms
that we are investigating. However, some of them were mongpbex, such as differ-
ences in inference rules, and had no parallel in our workiefoee, these were dis-
carded, and our tests were run on all remaining differerpscifically, 132 pairs of
trees (first-order logic terms) were used. Half of the paiesaxcomposed of the equiv-
alent terms (e.gjpurnal(periodical-publication) and magazine (periodical-publication))
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while the other half was composed from similar but not egevaterms (e.g.web-
reference(publication-reference) andthesis-reference (publication-reference)).

Test case 2: systematic benchmarks. Different application programming interfaces
(APIs) suggest that the terms within a tree are likely not @osbmantically related
to each other. Examples from the Java API incluske(index, element) and put(key,
value). Thus, trees can be considered as being composed of nodee \diels are
random terms.

This test case was composed of trees that are alteratiohns ofiginal trees. Unlike
the work on systematic benchmarks in Ontology Alignmentiation Initiative-OAEI
[Bl, the original trees here were generated automaticaléyhave generated 100 trees.
For each original tree, 30 altered ones were created, sde [aPairs composed of
the original tree and one varied tree were fed to our SPSMisaluThe experiment
described above was repeated 5 times in order to removeindise results.

For tree generation, node labels were composed of a randorhenof words, se-
lected from 9000 words extracted from the Brown Coﬁn]’she average number of
nodes per tree was 8; in fact, functions usually have fewearpaters. In turn, the
tree alterations were inspired by the approachlin [5]. Tlesesummarized in Tablé 3
and include(¢) syntactic alterations, such as adding or removing characted(i:)
semantic alterations, word addition in labels by usingteglavords (e.g., synonyms)
extracted from the Moby thesauflughe probabilities used for these two types of alter-
ations represent the fact that in most of the cases (0.8) thlifizations made during an
evolution process concern the altering in meaning, whitgasstic modifications, such
as introducing acronyms, usually have less occurrencgs (0.

Table 3: Parameters used for generating and modifying &es tr

Par ameter Syntactic|Semantic|Combined
Number of trees 100 100 100
Number of modifications per tree 30 30 30
Average number of nodes per tree 8 8 8
Probability of replacing a word in a node label for a related o 0.0 0.8 0.8
Probability of making a syntactic change in a word of a notiella 0.3 0.0 0.3

Since the tree alterations made are known, these providgrthend truth, and
hence, the reference results are available for free by rangin, see alsd [5,22]. This
allows for the computation of the matching quality measureparticular, the standard
matching quality measures, suchRecall PrecisionandF-measurdor the similarity
between trees have been compuigd [6]. In computation o€ theality measures we
considered the correspondences holding among first-cedmstrather than the nodes
ofthe term trees. Thus, for instan@g®irnal(periodical-publication;)=magazine(periodical-
publications) was considered as a single correspondence rather than tnesgon-
dences, namelipurnal=magazine andperiodical-publication,=periodical-publication..

8t t p: /71 cane. ul b. no/ br own/ bcm ht i
St t p: /7 WWW. nobysaur us. cont | Since the SPSM node matching uses WordNet 2.1, an
alternative thesaurus was used here.


http://icame.uib.no/brown/bcm.html
http://www.mobysaurus.com/

The evaluation was performed on a standard laptop Core Du$-ZFhz, 2GB
RAM, with the Windows Vista operating system, and with nolaggions running but
a single matching system.

6.2 Evaluation Results

The matching quality results for the first test case are shoviigure[2. Quality mea-
sures depend on the cut-off threshold values and the SPSMa@otemonstrates high
matching quality on the wide range of these values. In pagi¢c F-Measure values
exceed 70% for the given range.

Score

0,8 —
0,7 1 ]
0,6 — — —
0,5 +— —
04 ’7_0,_2 0,92 0,81 0,73 0,73 (0,73 |0,95 | 0,58 |0,72 10,97 05507 |
0,3 —
0,2 1 -
0,1 4 — —

0,2 0,5 0,8 1 Threshold

O Precision O Recall O F-Measure

Fig. 2: Test case 1: Evaluation results.

The evaluation results for the second test case are sunedanizigure§ld 14 and
B. In order to obtain those results there have been ysethe tree matcher discussed
in @ and§d and (i7) the various matchers used in isolation (namely, edit dcgtan
NGram, prefix, suffix and WordNet) and all these matchers asbawed by S-Match,
see Tablgll. Figurds Bl 4 abd 5 are composed of four plots (fopnto bottom):(4)
standard precision-recall plafi:) recall vs various cut-off threshold values in [0 1],
(i1) precisiorvsvarious cut-off threshold values in [0 1], afid) F-measuresvarious
cut-off threshold values in [0 1].

In particular, FiguréI3 shows that for the syntactic alters, as expected, string-
based matchers outperform the WordNet matcher. Also, etartte performs as well
as S-Match. The best performance in terms of F-Measure fwhki€©.52) is reached
at the threshold of 0.8. In turn, Figuk& 4 shows that for th@a®ic alterations, as
expected, the WordNet matcher outperforms the stringebasschers. The best per-
formance in terms of F-Measure (which is 0.73) is demorstréty S-Match and is
reached at the threshold of 0.8. Finally, Figllre 5 showswHmn both types of alter-
ations, namely syntactic and semantics, are applied thepeeformance in terms of
F-Measure (which is 0.47) is demonstrated by S-Match anglashred at the threshold
of 0.8.



The efficiency of our solution is such that the average exectiime per matching
task in the two test cases under consideration was 93ms. Udrgity of main memory
used by SPSM during matching did not rise more than 3Mb hitfeem the standby
level. Finally, the evaluation results show that convami@mntology matching technol-
ogy that we previously applied to matching classificatioms ¥ML schemas (se€[14])
can also provide encouraging results in the web servicegooi®f course, additional
extensive testing is needed, especially with WSDL seryifmasexample as done in
3.

7 Redated Work

We believe that this approach to structured matching isueand therefore it is dif-
ficult to perform any comparative analysis. In order to desti@ie that we make use
of powerful ontology matching tools for the standard onggionatching step of the
process, we can compare S-Match against other ontologyhingttools. However, the
full structure-preserving semantic matching addressesaqusly unsolved problem.
In this section, we discuss other methods that addressasipribblems.

Our work builds on standard work in tree-edit distance messsifor example, as
espoused by [28]. The key difference with our work is thegré¢ion of the semantics
that we gain through the application of the abstraction afidement rules. This allows
us to consider questions suchwbkat is the effect to the overatheaningof the term
(tree) if node as relabelled tanode b?, ohow significant is the removal of a node to the
overall semantics of the tefrhese questions are crucial in determining an intuitive
and meaningful similarity score between two terms, and arg vontext dependent.
Altering the scores given in Tabl@ 2 enables us to providiedint answers to these
questions depending on the context, and we are working amggproviding even more
subtle variations of answers reflecting different contés¢® Sectiofl8).

Work based on these ideas, such as Mikhaiel and Stroudi’k eHTML differ-
encing [16], tends to focus only on the structure and not enstmantics. This work
never considers what the individual nodes in their HTML ¢remean and only considers
context in the sense that, for example, the cost of deletingde with a large subtree
is higher than the cost of deleting a leaf node; the semardgemings of these nodes is
not considered.

The problem of location of web services on the basis of theldifies that they
provide (often referred as the matchmaking problem) hasmnticreceived consider-
able attention. Most of the approaches to the matchmakiobl@m so far employed
a single ontology approach (i.e., the web services are as$tonbe described by the
concepts taken from the shared ontology). $eé [21.23,27@Xample. Probably the
most similar to ours is the approach taken in METEORAS [1] enf26], where the
services are assumed to be annotated with the conceptsftakemarious ontologies.
Then the matchmaking problem is solved by the applicatidh@fmatching algorithm.
The algorithm combines the results of atomic matchers thaghly correspond to the
element level matchers exploited as part of our algorittmtdntrast to this work, we
exploit a more sophisticated matching technique that allog/to utilise the structure
provided by the first order term.



Many diverse solutions to the ontology matching problemehlagen proposed so
far. Seel[ZP] for a comprehensive survey and [I7 251410202 for individual solu-
tions. However most efforts has been devoted to computafitine correspondences
holding among the classes of description logic ontolodgresently, several approaches
allowed computation of correspondences holding amonglifexbproperties (or binary
predicates)[33]. The approach taken[inl[19] facilitatesfihding of correspondences
holding among parts of description logic ontologies or sabgs extracted from the
ontology graphs. In contrast to these approaches, we allevedmputation of corre-
spondences holding among first order terms.

In summary, much work has been done on structure-presemaching and much
has been done on semantic matching, and our work dependiyh@athe work of
others in these fields. The novelty of our work is in the corabion of these two ap-
proaches to produce a structure-preserving semantic mgtatgorithm, thus allowing
us to determine fully how structured terms, such as websewalls, are related to one
another.

8 Conclusionsand Future Work

We have presented an approximate SPSM approach that impietheSPSMopera-
tion. It is based on a theory of abstraction and a tree edianite. We have evaluated
our solution on test cases composed of hundreds of treesevith@ation results look
promising, especially with reference to the efficiency aadors.

Future work proceeds at least along the following directidn) studying a best
suitable cost mode(j:) incorporating preferences in order to drive approximatibas
allowing/prohibiting certain kinds of approximation (g.got approximating red wine
with white wine, although these are both wines), dhd) conducting extensive and
comparative testing in real-world scenarios.

Acknowledgements. We appreciate support from the OpenKnowledge European 8TRE
(FP6-027253).
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Fig. 3: Test case 2: Evaluation results for syntactic change
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Fig. 4: Test case 2: Evaluation results for semantic changes
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Fig.5: Test case 2: Evaluation results for combined changes
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