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Abstract

Automated techniques and tools are required to effec-
tively locate services that fulfil a given user request. To
this purpose, the use of semantic descriptions of services
has been widely motivated and recommended for auto-
mated service discovery under highly dynamic and context-
dependent requirements in distributed environments. Our
aim in this work is to propose a semantic-enriched frame-
work to describe services and an ontology-based hybrid ap-
proach where such framework is exploited combining to-
gether different kinds of comparison strategies to provide
a flexible and efficient matchmaking between service de-
scriptions. For service discovery two matchmaking strate-
gies are proposed: a deductive strategy based on Descrip-
tion Logics, with a reasoning procedure exploiting ontology
knowledge to assess the type of match between services;
a similarity-based strategy, exploiting retrieval metrics to
measure the degree of match between services.

1 Introduction

In the recent years a growing number of services has
been provided on the web and it is more and more diffi-
cult to promptly access and retrieve needed web informa-
tion. In particular, a challenging problem is to improve ser-
vicing of the web user requests. Totally or partially auto-
mated techniques and tools are required to effectively lo-
cate services that fulfil a given user request. To this pur-
pose, the use of semantic descriptions of services has been
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widely motivated and recommended for automated service
discovery under highly dynamic and context-dependent re-
quirements in distributed environments. Semantic-enriched
frameworks are considered a key issue to enforce timely
discovery and dynamic composition of services. The on-
tology description languages OWL, OWL-S and, more re-
cently, WSML have been proposed with the capability of
supporting Description Logics likeSHOIN (D+), that is,
a knowledge representation formalism with a sound, com-
plete and decidable inference procedure [1]. In the litera-
ture, several approaches based on these languages are be-
ing developed. In [9] a service matchmaking strategy based
on the DAML+OIL language used for service description,
on the OWL-S service ontology and on a DL reasoner is
proposed. The DAML+OIL expressions representing Ser-
vice Profiles, according to the OWL-S ontology, are consis-
tently mapped into the corresponding DL expressions and
DL-based reasoning facilities are applied to check if the re-
quest description is equivalent, subsumed or consistent with
the descriptions of service advertisements. The approach
described in [11] also use a service capability representa-
tion based on the OWL-S Service Profile, with inputs, out-
puts, preconditions and effects. Semantic relationships be-
tween input and output parameters in the domain ontolo-
gies are exploited to verify if: (a) all the outputs required
are also provided by the advertisement and (b) all the inputs
needed for advertisement execution are provided by the re-
quester. A logical formalism based on Horn clauses is also
provided to express preconditions and effects and to verify
their logical implication or equivalence. In [15] a DL-based
reasoning algorithm extending the non standard inference
mechanisms ofabductionandcontractionare applied for
the matchmaking between the requested service profile and
the provided one, expressed by means of DL expressions.



The compared descriptions could be incomplete or not fully
compatible, so when an element in the request not consis-
tent with an element in the offer is found, it is removed
(contraction) and each required element that is not present
in the offer is added (abduction). Each time an element is
removed or added, a penalty value is increased. The higher
is the penalty, the lower is the compatibility between the
request and the advertisement. The METEOR-S Web Ser-
vice Discovery Infrastructure presented in [14] extends tra-
ditional UDDI Registries, including also semantic aspects
of service descriptions by means of shared domain specific
ontologies. While searching for services, relevant domain
ontologies can be referred to, enabling semantic matchmak-
ing of services. Moreover, registries are organized into do-
mains to enable domain-based classification of all services.

Our aim in this work is to propose an ontology-based
hybrid approach where different kinds of comparison strate-
gies are combined together to provide a flexible and efficient
matchmaking between service descriptions. We extend the
keyword-based approach of UDDI Registry by considering
semantic matchmaking on the basis of a Domain Ontology
(that provides the general knowledge about concepts of the
business domain in which services are used) and a Service
Ontology (where services are organized by means of seman-
tic relationships at multiple levels of abstraction). For ser-
vice discovery two matchmaking strategies are proposed: a
deductive strategy based on Description Logics, with a rea-
soning procedure exploiting ontology knowledge to assess
the type of match between services [2]; a similarity-based
strategy, exploiting retrieval metrics to measure the degree
of match between services [3]. The similarity approach is
applied after the deductive one in order to rank selected
services according to the measured matching degree. Also
in [7] a mixed matchmaking approach has been proposed:
however, the similarity-based part of this approach exploits
IR techniques that are not tailored to service description
comparisons and, during the deductive matchmaking pro-
cedure, no terminological relationships are considered be-
tween names of elements used for service descriptions. Our
approach overcomes these limitations.

The paper is organized as follows: in Section 2 we
present the semantic-enriched framework for service mod-
eling using ontologies; Section 3 and 4 describe the deduc-
tive and similarity-based matchmaking strategies and the
hybrid approach that exploits the framework. Finally, con-
clusions are presented in Section 5.

2 Ontology-based service modeling

Starting from the WSDL document of a service and map-
ping it into a Description Logic expression, a service func-
tional interface can be formally represented as a conjunction
of:

• a concept in the form∃hasCategory.CAT , where
CAT is a concept representing the associated service
categories;

• one or more concepts in the form
∃hasOperation.OP , where OP is a concept
representing an operation of the service; each concept
OP is described as a conjunction of:

– the operation name, expressed by means of an
atomic concept;

– one or more concepts∃hasInput.IN , where
IN is a concept representing an input parameter
of the operation;

– one or more concepts∃hasOutput.OUT , where
OUT is a concept representing an output param-
eter of the operation.

IN andOUT are specified in the form∃R.C, whereR

represents the name of the parameter andC is a concept rep-
resenting admitted values (that is, the range of the parame-
ter).C can be defined as an atomic concept, an enumeration
{o1, o2, . . . on} of nominals or a complex concept obtained
by applying theintersectionoperator (⊓), theunionopera-
tor (⊔) and thenegationoperator (¬).

The Description Logic family used corresponds to the
ALCO one, that is, theALC logic enhanced with con-
structs to manage nominals. However, we serialize our ser-
vice descriptions using OWL-DL, that can be consistently
mapped intoSHOIN (D+), including also role hierarchy
(H), number restriction (N ) and concrete datatypes (D+).
This choice is twofold: to use OWL-DL as a recommended
Web-based language to represent our ontologies and to al-
low for future extentions of service descriptions, enhancing
expressiveness.

2.1 Adding semantics to service description

In order to add semantics to service descriptions, we ex-
ploit in a combined way a Domain OntologyDomONT ,
that contains the OWL-DL definitions of the elements used
to describe services (input/output parameters, operation
names, service categories) in terms ofconceptsandseman-
tic relationshipsbetween them, a thesaurus automatically



derived from the lexical system WordNet [6], that contains
terminological relationshipsbetween names of ontology el-
ements (e.g.,synonymy, hypernymy, etc.) to better capture
their meaning, and a Service OntologyServONT , that or-
ganizes services on different layers of abstraction as ex-
posed in the Section 2.2. Ontologies, as well as service
descriptions, are described using the OWL-DL language,
allowing for the creation of an overall ontological frame-
work in which service descriptions are completed with the
semantics provided by ontologies.

The Domain Ontology provides several kinds of seman-
tic relationships, in particular:concept specialization, con-
cept equivalence, concept disjunctionandconcept compo-
sition. Moreover, given a setT of terms used as names
of ontology elements and following a procedure similar to
that proposed in [5], the thesaurus is built according to the
following rules: (i) if t ∈ T and an entry fort exists in
WordNet, thent is defined assimple termand added to the
thesaurus; (ii) ift ∈ T is not a simple term, but it is a con-
catenation of simple termst = 〈st1, st2, . . . stn〉, thent is
defined ascomposite term. In this case an entry is defined
in the thesaurus fort and for eachsti, i = 1, . . . n.

Terminological relationships between simple terms in
the thesaurus are set by considering relationships among
synsets in WordNet, as shown in Table 1. In addition, for
each composite termt we follow the intuition in [12] and
add to the thesaurus the relationshipsstn BT t (to denote
thatstn is a Broader Term thant or, equivalently, thatt is a
Narrower Term NT thanstn) andsti RT t, i = 1 . . . n−1 (to
denote thatsti andt are Related Terms). In fact, as usual
in English, in a composite termt the last simple termstn
denotes the central concept represented byt, while the re-
maining simple terms are used to better specify the meaning
of stn.

2.2 Case study

Our approach is being exploited in the MAP Project,
conceived by the Industrial Association of Brescia -AIB-
in cooperation with Chamber of Commerce of Brescia, Uni-
versity of Brescia and University Cattolica del Sacro Cuore,
aiming at giving to local firms a set of services to better
know the surroundings and the impact of firms’ activities
on the environment, to compare industrial environmental
impact with the impact of other human activities like traf-
fic and to display all the information on interactive maps.
Here we focus on this last aspect to provide application ex-
amples of the approach. Figure 1 shows a portion of the
Service Ontology used for geographical information ser-
vices. We can distinguish three layers of abstraction. In

the middle layer we have the Abstract Services, that are in-
troduced to summarize the functionalities of sets of similar
Concrete Services; these ones are positioned in the lower
level of the ontology and are directly invocable services that
implement the functionalities represented by Abstract Ser-
vices. Finally, at the top layer of the ontology Subject Cat-
egories organize Abstract Services into standard available
taxonomies (in particular, we considered theUNSPSCclas-
sification) to provide a topic-driven access to them; these
categories are the same that are used in the UDDI Registry
to classify published Concrete Services (in this sense, our
Service Ontology is built upon traditional UDDI Registry
structure); in particular, each Abstract Service is associated
to the set of Subject Categories related to the Concrete Ser-
vices represented by that Abstract one.

In the example, we consider the Abstract Services:

- FindFirm, that, starting from a firm type and a geo-
graphical zone, returns a list of firm addresses situated in the
desired zone; this service can be further specialized by pro-
viding also some photos of the desired firms (by means of
FindFirmWithPhotos service); roughly speaking, we
say that theFindFirmWithPhotos service is aspecial-
ization of theFindFirm service if the first one provides
at least the same functionalities of the second one, possibly
adding new functional features;

- CreateMap, that prints the geographical map
of a given address; this service is specialized in the
FindNearestFeatures service, that represents on a
geographical map a list of requested features closer to a
given address;

- FindFirmOnMap, that, starting from a firm category,
represents a list of firms on a geographical map; we say that
this service is composed of theFindFirm andCreate-
Map services, that is, roughly speaking, the functionalities
of FindFirmOnMap includes the union set of functional-
ities of FindFirm andCreateMap; the first service is
called thecompositeone, while the other ones are thecom-
ponentservices.

As an example, theSHOIN (D+) expression for the
FindFirm service is the following:

FindFirm ≡

∃hasCategory.GeographyInformationService ⊓

∃hasOperation.(firmRetrieval ⊓

∃hasInput.(∃industrialArea.location) ⊓

∃hasInput.(∃type.firmType) ⊓

∃hasOutput.(∃firmAddresses.addressList))

The specialization and composition relationships constitute



Thesaurus entries Relationships in WordNet Relationships added
to the thesaurus

sti, stj simple terms sti, stj belongs to the same synset sti SYN stj
a hypenymy/hyponymy relationship sti BT/NT stj

exists between synsets ofsti, stj
a meronymy relationship exists sti RT stj
between synsets ofsti andstj or sti and
stj are coordinate terms

t = 〈st1, st2, . . . stn〉 stn BT t

composite term sti RT t, i = 1 . . . n − 1

Table 1. Terminological relationships between the names of Domain Ontology elements.

Figure 1. A portion of Service Ontology for geographical inf ormation services.



two kinds of semantic relationships between Abstract Ser-
vices that will be exploited to speed up the discovery algo-
rithm, as shown in the Section 4.

3 Semantic-enriched matchmaking

3.1 Deductive matchmaking

The thesaurus introduced in Section 2.1 is exploited to
compute theName Affinitycoefficient between names of
input/output parameters and operations. A weightσtr ∈

[0, 1] is associated to each kind of terminological relation-
ship tr ∈ {SYN, BT/NT, RT} in the thesaurus, in order
to evaluate its implication for affinity; in particular, we
haveσSY N > σBT/NT > σRT (in our experimentation,
σSY N = 1, σBT/NT = 0.8 andσRT = 0.5). The the-
saurus can be viewed as a matrix, where each cell is repre-
sented in the form〈(t, t′), tr, σtr〉, wheret, t′ are two en-
tries of the thesaurus (respectively, the source and the tar-
get terms of the relationshiptr). Two terms can be related
by one or more chains of terminological relationships: we
call pathof lengthl between two termst, t′, denoted with
t →l t′, a finite ordered sequence of terminological rela-
tionships〈tr1, tr2, . . . trl〉, where the source term oftr1 is
t and the target term oftrl is t′. Thestrengthof t →l t′ is
the product of the weights of all the relationships belonging
to t →l t′, that is,τ(t →l t′) =

∏l
k=1(σtrk

) ∈ [0, 1]. Since
between two terms in the thesaurus there can exist more
than one path, the one with the highest strength is chosen.
TheName Affinitycoefficient betweent andt′, denoted by
NA(t, t′), is computed as follows:

NA(t, t′) =















1 if t = t′

maxl(τ(t →l t′)) if t 6= t′ ∧

t →l t′, l ≥ 1

0 otherwise

(1)

We say thatt andt′ havename affinity(t∼t′) if and only
if NA(t, t′) ≥ α, whereα > 0 is a threshold given by
experimental results to select only terms with high values
of theName Affinitycoefficient.

We introduce a definition of non standard subsumption
between concepts based on the semantic relationships in
DomONT and name affinity according to the thesaurus
T H. Given a pair of conceptsC andD with namescn and
dn, respectively, we say thatC is subsumed byD with re-
spect toT H, denoted byC ⊑T H D, if and only if one of
the following conditions holds:

• C, D ∈ DomONT and (C ⊑ D) is satisfied in
DomONT , where⊑ denotes the usual subsumption
in Description Logics;

• only C∈DomONT and GC(C)∩DT H 6=∅, where
GC(C) = {X∈DomONT | C⊑X} and DT H is
the set of terms that have name affinity withdn, that is,
DT H = {y∈T H | (dn∼y)};

• only D∈DomONT and SC(D)∩CT H 6=∅, where
SC(D) = {X∈DomONT | X⊑D} andCT H is the
set of terms that have name affinity withcn, that is,
CT H = {y∈T H | (cn∼y)};

• if C, D 6∈ DomONT , there exists name affinity be-
tweencn anddn, that is,(cn ∼ dn).

Obviously, C≡T HD holds if and only ifC ⊑T H D

and D ⊑T H C. This kind of subsumption checking
between concepts is exploited to verify the kind of match
between the Description Logic expressions that describe an
advertisementS and a requestR. Following an approach
similar to the one exposed in [9], we define five kinds of
matches, that will be described in more details. To verify
the kind of match, service description components are
considered separately. Firstly, we consider the service
categoriesCATR of the request andCATS of the offer and
we verify if CATR ⊑T H CATS . If this condition is not
verified, then the match fails, otherwise the other kinds of
matches are investigated.

Exact match denotes thatR andS present thesame
functionalities, that is, what is required byR is exactly
provided byS. Formally, we say that

match(R,S) = ’exact’⇔

∀opi
R ∃op

j
S such that

(∀in
jk
S ∃inih

R : in
jk
S ≡T H inih

R ) ∧
(∀outihR ∃out

jk
S : outihR ≡T H out

jk
S ) ∧

(Name opi
R ≡T H Name op

j
S).

Note that this is a very strong condition. Each operation
of R is compared with each operation ofS. In the match-
making process (for each kind of match) we require that
for each comparison between two operations (respectively,
between corresponding parameters of two operations)
when a kind of match is established for a pair of operations
(respectively, corresponding parameters) such operations
(respectively, parameters) do not participate in further
comparisons.



Plug-in match, that is,S presents aplug-in match
with R whenS presentsat leastthe functionalities ofR
(what is required byR is provided byS), but S provides
also other capabilities or information that are not required.
Formally, we say that

match(R,S) = ’plug-in’⇔

∀opi
R ∃op

j
S such that

(∀in
jk
S ∃inih

R : inih
R ⊑T H in

jk
S ) ∧

(∀outihR ∃out
jk
S : outihR ⊑T H out

jk
S ) ∧

(Name opi
R ⊑T H Name op

j
S)

Subsume match, that is,S presents asubsume match
with R whenS presentssome but not allthe functionalities
of R. Formally, we say that

match(R,S) = ’subsume’⇔

∀op
j
S ∃opi

R such that
(∀inih

R ∃in
jk
S : in

jk
S ⊑T H inih

R ) ∧
(∀out

jk
S ∃outihR : out

jk
S ⊑T H outihR ) ∧

(Name op
j
S ⊑T H Name opi

R)

Intersection match denotes thatR and S have
some commonfunctionaties, that is, there are some capabil-
ities or information that are required, but not provided and
some capabilities or information that are provided, but not
required (this is the most general case). Formally, we say
that

match(R,S) = ’intersection’⇔

∃opi
R, op

j
S such that

(∃in
jk
S , inih

R : in
jk
S ⊑T H inih

R ∨

inih
R ⊑T H in

jk
S ) ∨

(∃outihR , out
jk
S : outihR ⊑T H out

jk
S ∨

out
jk
S ⊑T H outihR ) ∨

(Name opi
R ⊑T H Name op

j
S ∨

Name op
j
S ⊑T H Name opi

R)

If all the previous comparisons fail, then the match fails
(mismatch). A qualitative ranking among the kinds of
matches can be considered, that is,exact > plug-in
> subsume > intersection > mismatch. To ver-
ify these kinds of matches, a DL-based reasoner is used
(RACER [8]). Note that, from the request viewpoint, the
first two kinds of matches could be considered equivalent,
since in both cases the offer fulfils the request; in the case
of subsume andintersection match, otherwise, the
offer satisfies only partially the request.

Example 3.1 Let consider the request to search for met-
allurgy firms in the TrompiaValley zone; the response to
the request should provide a geographical map with the
firm locations and the list of their addresses. Using a
SHOIN (D+) expression, the request looks like:

FindMetallurgyFirms ≡

∃hasCategory.GeographyInformationService ⊓

∃hasOperation.(firmSearching ⊓

∃hasInput.(∃area.TrompiaValley) ⊓

∃hasInput.(∃type.MetallurgyFirm) ⊓

∃hasOutput.(∃map.GeographicalFirmMap) ⊓

∃hasOutput.(∃firmAddresses.addressList))

If we compare this expression with theSHOIN (D+)

expression used for theFindFirm service given in
the Section 2.2 we see that all the inputs required
from the FindFirm service are effectively pro-
vided by the request, while there is a required output
(∃hasOutput.(∃map.GeographicalFirmMap))
that is not provided. Thus, there is asubsume match
between the request and the offer.

3.2 Similarity-based matchmaking

Thename affinityintroduced in Section 3.1 is exploited
to compute thesimilarity coefficientsshown in Table 2. The
Entity-based similaritycoefficientESim takes into account
the I/O parameters of the overall service descriptions to
measure how much the two services are based on the same
information. TheFunctionality-based similaritycoefficient
FSim compares pairs of operations together with their cor-
responding I/O parameters to measure how much the two
services perform the same functionalities. Finally,ESim

and FSim are combined in theGlobal similarity coeffi-
cientGSim. If the value ofGSim is equal or greater than a
thresholdδ given by experimental results,R andS are con-
sideredsimilar. These coefficients are based on the Dice’s
formula and widely experimented in [4]. They are more
oriented towards a comparison between services and follow
the structure of a service description in terms of operations
and corresponding I/O parameters better than traditional IR
metrics, where service descriptions are simply viewed as
vectors of terms.

Example 3.2 Let consider the request and the offer com-
pared in the Example 3.1. If we compute the similarity
coefficients in Table 2, we have:

ESim(R,S) = 2·(1+1)
4 + 2·1

3 = 1.667



ENTITY-BASED SIMILARITY

ESim(R,S) = 2·Atot(INR,INS)
|INR|+|INS | + 2·Atot(OUTR,OUTS )

|OUTR|+|OUTS | ∈ [0, 2]

INR, INS - sets of input parameter names ofR andS
OUTR, OUTS - sets of output parameter names ofR andS
Atot() - sum of values of theName Affinitycoefficient for all the pairs of parameter
names that have affinity; each parameter name participates at most in oneAtot() evalu-
ation

OPERATION SIMILARITY

OpSim(opi
R, op

j
S) = NA(opi

R, op
j
S)+

2·Atot(INi
R

,INj

S
)

|INi
R
|+|INj

S
|

+
2·Atot(OUT i

R
,OUT j

S
)

|OUT i
R
|+|OUT j

S
|

∈ [0, 3]

opi
R, op

j
S - names ofi-th operation ofR andj-th operation ofS

IN i
R, IN

j
S - sets of input parameter names of thei-th operation ofR and thej-th

operation ofS
OUT i

R, OUT
j
S - sets of output parameter names of thei-th operation ofR and thej-th

operation ofS

FUNCTIONALITY-BASED SIMILARITY

FSim(R,S) =
2·
∑

i,j
OpSim(opi

R
,opj

S
)

|OP (R)|+|OP (S)| ∈ [0, 3]

OP (R), OP (S) - sets of operation names ofR andS
GLOBAL SIMILARITY

GSim(R,S) = w1 · NormESim(R,S) + w2 · NormFSim(R,S) ∈ [0, 1]

w1, w2 - weights introduced to assess the relevance of each kind of similarity (w1 ∈

[0, 1] andw2 = 1 − w1)
NormESim(), NormFSim() - ESim() andFSim() normalized to the range[0, 1]

Table 2. Similarity Coefficients between service descripti ons R (request) and S (supply).



FC-MATCH
(1) Inputs: a requestR;
(2) ServONT ; DomONT ; T H;
(3) a thresholdδ;
(4) Outputs: a listResults of candidate concrete servicesCSS

with GSim(R, CSS) ≥ δ, ranked with respect to values ofGSim();

(5) begin
(6) load fromServONT intoAS the list of abstract services;
(7) Candidates :=∅; Results :=∅;
(8) foreachS ∈ AS do
(9) if (SUBSUMPTION-CHECKING(CATR ,CATS ,DomONT ,T H) == true) then
(10) if (S 6∈ Candidates)then
(11) removeS fromAS;
(12) TypeOfMatchS := CLASSIFY-MATCH(R,S,DomONT ,T H);
(13) if (TypeOfMatchS <> ’mismatch’)then
(14) GSim(R,S) := EVALUATE -SIMILARITY (R,S,DomONT ,T H);
(15) add< S,TypeOfMatchS,GSim(R,S) > to Candidates;
(16) foreachSi ∈ AS do
(17) if Si is a specialization ofS in ServONT AND

(TypeOfMatchS =’exact’ ORTypeOfMatchS = ’plugin’) then
(18) TypeOfMatchSi

:= ’plugin’;
(19) GSim(R,Si):=GSim(R,S);
(20) add to Candidates the tuple< Si, TypeOfMatchSi

,GSim(R,Si)>;
(21) removeSi fromAS;
(22) endif
(23) endforeach
(24) else
(25) foreachSi ∈ AS do
(26) if Si is a generalization ofS in ServONT then
(27) removeSi fromAS;
(28) endforeach
(29) endif
(30) endif
(31) endif
(32) endforeach
(33) foreach< S, TypeOfMatchS,GSim(R,S)>∈ Candidatesdo
(34) foreachconcrete serviceCSS associated withS in ServONT do
(35) add< CSS ,TypeOfMatchS,GSim(R,S) > to Results;
(36) endforeach
(37) remove from Results the tuples with similarity< δ;
(38) order tuples in Results on the basis of similarity values;
(39) return results;
(40) end

Figure 2. The FC-MATCH hybrid matchmaking algorithm.



OpSim(opi
R, op

j
S) = 1 + 1.667 = 2.667

FSim(R,S) = OpSim(opi
R, op

j
S) = 2.667

GSim(R,S) = 0.5 · 1.667
2 + 0.5 · 2.667

3 = 0.862

4 Hybrid matchmaking

The deductive and similarity-based matchmaking ap-
proaches are combined together to enhance precision and
flexibility of the service discovery process. The algorithm
for hybrid matchmaking is shown in Figure 2. The solu-
tion is primarily based on the functional comparison of ser-
vice descriptions, so we called the algorithm FC(Functional
Comparison)-MATCH. The algorithm starts with some ini-
tialization instructions (rows 6-7), loading from the ser-
vice ontology the list of abstract services that constitutethe
available services to be compared with the request. After
performing subsumption checkingCATR ⊑T H CATS be-
tween service categories (SUBSUMPTION-CHECKING func-
tion on row 9), the comparison is performed in three steps
(rows 10-30). Firstly, through the deductive approach, the
kind of match between the requestR and each available
serviceS is classified (CLASSIFY-MATCH function on row
12), according to the five kinds of matches proposed in Sec-
tion 3.1. Similarity evaluation is then applied (EVALUATE -
SIMILARITY function on row 14) to further refine and quan-
tify the functional similarity betweenR andS, according to
the following rules:

• if exact orplug-inmatch occurs, from the request
viewpoint the serviceS provides all the required func-
tionalities, soGSim(R,S) is set to 1 (full similarity)
without directly computing the similarity coefficients;

• if mismatch occurs,GSim(R,S) is directly set to
zero;

• if subsume or intersection match occurs, the
offer fulfils the request only partially and similar-
ity coefficients are computed to quantify how much
the serviceS satisfies the requestR; in this case,
GSim(R,S) ∈ (0, 1).

Furthermore, semantic relationships between concrete
services, abstract services and subject categories in the Ser-
vice Ontology are exploited to make more efficient the ser-
vice discovery procedure (rows 17-22 and 26-27). In fact,
the discovery algorithm is applied at the category and ab-
stract layers and can be made faster by considering the se-
mantic relationships between abstract services, according

to the following intuition: if an abstract serviceSa matches
with a given service requestR, then also abstract services
that provide the same functionalities ofSa (as expressed by
means of semantic relationships) match withR. The re-
sulting candidate abstract services are then replaced with
their corresponding concrete ones (rows 33-36) and only
concrete services that present a similarity degree equal or
greater than the thresholdδ are proposed as search results
(row 37). Finally, the selected concrete services are ranked
with respect to their similarity degree and proposed to the
user (rows 38-39).

5 Conclusions and future work

The paper presents a novel approach to service discov-
ery that combines a fully deductive matchmaking based on
Description Logics and a similarity-based matchmaking de-
rived from the information retrieval area. The approach also
exploits semantic organization of services in a Service On-
tology to speed up semantic discovery. The combination
of two types of matchmaking strategies enhances flexibility
and effectiveness of the matchmaking process, while use of
Service Ontology improves efficiency. The experimentation
of the approach is in progress and is being performed in dif-
ferent application domains.
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