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Abstract. A framework for modeling Semantic Web Service is proposed. It is
based on Description Logic (DL), hence it is endowed with a formal semantics
and, in addition, it allows for expressing constraints in service descriptions of
different strengths, i.e.Hard and Soft Constraints. Semantic service discovery
can be performed by matching DL descriptions, expressing both Hard and Soft
constraints, and exploiting DL inferences. Additionally, a method for solving the
problem ofrankingservices is proposed which is based on the use of a semantic
similarity measure for DL. This method can rank (matched) service descriptions
on the grounds of their semantic similarity w.r.t. the service request, by preferring
those that are able to better satisfy both Hard and Soft Constraints.

1 Introduction

In the last few years, the Web had two revolutionary changes, Web Service technology
and the Semantic Web technology, that transformed it from a static document collection
into an intelligent and dynamically integrated collection of resources. The former has
allowed uniform access via Web standards to software components residing on various
platforms and written in various programming languages. The latter has enriched exist-
ing Web data with their meaning, logically expressed with formal descriptions that are
machine processable, thus facilitating access and integration. The major limitation of
Web Services is that their retrieval and composition still require manual effort. To solve
this problem, researchers have augmented Web Services with a semantic description
of their functionality [8, 11]. By reusing a common vocabulary, service modelers can
produce semantic service descriptions that can be shared and understood on the Web.
Such vocabulary is defined by upper-level ontologies such as OWL-S1 and WSMO2 for
Semantic Web Services.

In this paper we propose a framework for describing services, based on Description
Logic (DL) [1]. DL is the theoretical foundation of OWL3 language and it is endowed
by a formal semantics, thus allowing expressive service descriptions. Moreover the ser-
vice discovery task can be performed by algorithms defined in terms of standard and
non-standard DL inferences. The use of DL in service descriptions and discovery task

1 http://www.daml.org/services/owl-s/1.0/
2 http://wsmo.org
3 The ontology language for the Semantic Web, http://www.w3.org/2004/OWL/.



is not new [7, 5, 13, 10, 14, 6, 3]. However in [7] it is showed that primitives, modeled
by DL, sometimes produce counterintuitive results. This issue is analyzed in [6], where
preliminary guidelines for modeling service descriptions are presented. Moreover, the
notion ofvarianceis introduced, namely a service description usually represents numer-
ous variants of a concrete service. Exploiting this notion, a service discovery algorithm
is proposed. The assumption is that precise control ofvariancein service description is
crucial to ensure quality of the discovery process.

The framework that we propose enriches the guidelines of [6]. However, in a real
scenario it is important to express another form of variance in service descriptions (and
particularly in the service request side), represented by the optional and the mandatory
aspects of a service description. Hence we introduce the notion ofHard andSoft Con-
straints. Namely, we callHard Constraints(HC) those features of a service description
that have to be necessarily satisfied by the target services and we callSoft Constraints
(SC) those features whose satisfaction is only preferable. To be able to distinguishHC
andSC is important both forbusiness-to-consumerinteraction and for service discov-
ery task. In fact with respect to business-to-consumer interaction,HC andSCallow to
express the real necessities of the user; with respect to the process discovery task, the
distinction betweenHC andSCmake possible to relax some needs, increasing the pos-
sibility of satisfying a request. We propose a way to express these kind of constraints
and how to deal with them during the service discovery phase.

Furthermore, we propose a new procedure for ranking the services (discovered in
the previous phase), that is able to manage the variance introduced byHC andSC. The
procedure uses a semantic similarity measure for DL concept descriptions that assigns
higher ranks to services that are more similar to the requested service and that satisfy
both itsHC andSC, while services that are less similar and/or satisfy onlySCof the
request receive a low rank.

The paper is organized as follows. The DL framework for describing services is
presented in the next section. In Sect. 3 the discovery and ranking processes are detailed.
The conclusions of this work are drawn in Sect. 4.

2 Modelling Service Descriptions

The main reason of the attention to service descriptions is the need of automating pro-
cesses such as service discovery and composition. Aservice descriptionis expressed as
a set of constraints that have to be satisfied by the service providers. It can be thought as
an abstract class acting as a template forservice instances; namely, a service description
defines a space of possible service instances (as in [12]), thus introducingvariance.

Variance is the phenomenon of having more than one instance and/or more than one
interpretation for a service description. Following [6], we distinguish betweenvariance
due to intended diversityandvariance due to incomplete knowledge. To explain these
concepts, the notion ofpossible worlds(borrowed from the first-order logic semantics)
is used. Under open-world semantics, a modeler must explicitly state which service
instances are not covered by the service description. For each aspect of the service
description that is not fully specified there areseveral possible worlds, reflecting a way
of resolving incompleteness (variance due to incomplete knowledge). Besides, given a



possible world, the lack of constraints possibly allows for many instances satisfying a
service description (variance due to intended diversity).

Let us consider the following service description (for a request):
Flight(flight) andoperatedBy(flight,company)anddepartureTime(flight,time) andar-
rivalTime(flight,time) and from(flight,Germany) and to(flight,Italy)

and theService instances:

– Flight(0542) and operatedBy(0542,ryanair) and departureTime(0542,8:00) and
arrivalTime(0542,9:40) and from(0542,Hahn) and to(0542,Bari)

– Flight(0721) andoperatedBy(0721,hlx) anddepartureTime(0721,12:00) andar-
rivalTime(0721,13:10) and from(0721,Cologne) and to(0721,Milan)

This description represents the request of flights from Germany to Italy, indepen-
dently from departure and arrival time, company and cities involved. This lack of con-
straints allows many possible instances (as above), inducingvariance due to intended
diversity.

Now, let us consider the service instance below:
Flight(512) andoperatedBy(512,airBerlin)anddepartureTime(512,18:00) andarrival-
Time(512,19:30) and from(512,Berlin) and to(512,London)

This is also a correct instance of the service request reported above, because the
fact that London is not an Italian city is left unspecified in the KB. So there can be
a possible world in which London is an Italian city. Here the absence of constraints
inducesvariance due to incomplete knowledge.

In order to cope with the effects of thevarianceon the semantics of a service de-
scription, it is necessary to adopt a language for service representation characterized by
well-defined semantics. This is one of the peculiarities of the DL family. We intend to
enrich the framework in [6] for describing services using DL, by showing how to deal
with HC andSCexpressed in service descriptions. The framework is reported below.

– A service description is expressed by a set of DL-axiomsD = {S, φ1, φ2, ..., φn},
where the axiomsφi impose restrictions on an atomic conceptS, which represents
the service to be performed.

– Domain-specific background knowledge is represented by aknowledge base(KB)
that contains all relevant domain-level facts.

– A possible world, resolving incomplete knowledge issues, is represented by a single
DL model (interpretation)I of KB tD.

– The service instances that are acceptable w.r.t. a service descriptionD, are the
individuals in the extensionSI of the conceptS representing the service.

– Variance due to intended diversity is given bySI containing different individuals.
– Variance due to incomplete knowledge is reflected byKB t D having several

modelsI1, I2, .....

The axioms in a service descriptionD constrain the set of acceptable service in-
stances inSI . These constraints are generally referred to the properties used in a de-
scription. Here, various ways for constraining a property using DL are reported.

Variety: a property can either be restricted to a fixed value or it can range over in-
stances of a certain class. This is expressed by∀r.i (or ∃r.i) and∀r.C (or ∃r.C),



respectively. For any acceptable service instance, the value of such a property must
either be an individual or a member of a class.

Multiplicity: a property can either be multi-valued, allowing service instances with
several property values, or single-valued, requiring service instances to have at most
one value for the property. By the number restriction≤ 1 r, a property is marked as
single-valued. Using the restrictions≤m r (with m ≥ 2) ≥n r, ∃r.>, ∃r.C, and
∀r.C a property is marked as multi-valued.

Coverage: a property can be explicitly known to cover a range. If a property isrange-
covering, the service description enforces that in every possible world, there is an
acceptable service instance with this property value. This introduces variance due
to intended diversity. This kind of constraint is expressed by an axiom of the form
C v ∃r−.S in D, where the conceptC is the range of the propertyr to be covered.
A non-range-covering property induces variance due to incomplete knowledge, as
in distinct possible worlds different subsets of the range will be covered.

Example 2.1.Let us consider the following requested service description
Dr = { Sr ≡ Company u ∃payment.EPayment u ∃to.{bari} u

u ∃from.{cologne,hahn} u ≤ 1 hasAlliance u
u ∀hasFidelityCard.{milesAndMore};

{cologne,hahn} v ∃ from−.Sr }
KB = {cologne:Germany, hahn:Germany, bari:Italy, milesAndMore:Card}
As defined with framework,Dr is described as a set of axioms that impose restrictions
on Sr which is the service that has to be performed. The requester asks for flight com-
panies that fly from Cologne and Hahn to Bari and accept electronic payment when
selling tickets. Then it is required that a company has at most one alliance with another
flight company and, if it has a fidelity program, it is ”Miles and More”. In the descrip-
tion, different several kinds of constraints are reported.Varietyconstraints are used with
the propertiesto, from andhasFidelityCard, indeed these properties are restricted to a
fixed value. Theat-mostnumber restriction (≤ 1) for the propertyhasAlliance is aMul-
tiplicity constraint with which the propertyhasAlliance is declared to be single-value.
A Coverageconstraint is expressed by the last axiom inDr which makes explicit the
range covered by the propertyfrom. Namely, this axiom asserts that{cologne,hahn} is
the range coverage of the propertyfrom.

If we require that, for all air companies, the payment method is specified and that
the unique method allowed is electronic payment, the service description has to be:
Dr = { Sr ≡ Company u ∃payment.EPayment u ∀payment.EPayment u

u ∃from.{cologne,hahn} u ∃to.{bari} u ≤ 1 hasAlliance u
u ∀hasFidelityCard.{milesAndMore};

{cologne,hahn} v ∃ from−.Sr }
In this way we force the existence of a payment method and oblige that all payment
methods have to be electronic payments. ut

The services presented in the example represent simple descriptions. In real scenar-
ios a service request is typically characterized by some needs thatmustbe necessarily
satisfied and others thatshouldbe satisfied (expressing a preference). Then, the former
will be considered asHard Constraints (HC)and the latter asSoft Constraints (SC).



Taking this difference into account makes the service description and management more
complex. The new descriptions have to be defined by the user/requester through anHC
set and anSCset, whose elements are expressed in DL as seen above.

More formally, letDHC
r = {SHC

r , σHC
1 , ..., σHC

n } be the set ofHC for a requested
service descriptionDr and letDSC

r = {SSC
r , σSC

1 , ..., σSC
m } be the set ofSC for Dr.

Every element inDHC
r and in DSC

r is expressed as previously seen. The complete
description ofDr is given byDr = {Sr ≡ SHC

r tSSC
r , σHC

1 , ..., σHC
n , σSC

1 , ..., σSC
m }.

Note that, in this description, new information on constraint hardness has been added.

Example 2.2.Let us consider a slightly modified version of the previous example dis-
tinguishing betweenHC andSC:

Dr = { Sr ≡ Flight u ∃from.{Cologne, Hahn, Frankfurt} u ∃to.{Bari} u
u ∀hasFidelityCard.{MilesAndMore};

{Cologne, Hahn, Frankfurt} v ∃ from−.Sr; {Bari} v ∃ to−.Sr }

where

HCr = { Flight u ∃to.{Bari} u ∃from.{Cologne, Hahn, Frankfurt};
{Cologne, Hahn, Frankfurt} v ∃ from−.Sr; {Bari} v ∃ to−.Sr }

SCr = { Flight u ∀hasFidelityCard.{MilesAndMore}};

KB = { cologne,hahn,cologne:Germany, bari:Italy, MilesAndMore:Card}

With this service description a requester asks for flights starting from Frankfurt or
Cologne or Hahn and arriving at Bari. The use of ”Miles And More” card would be
preferred. Departure and arrival places are expressed asHC. This means that provided
services must fulfil these constraints. This is understandable thinking, for instance, to a
requester that want to go from Koblenz to Bari. He/she is interested in Cologne, Hahn
and Frankfurt airports because they have the same distance from Koblenz, while he/she
is not interested in other airports because much more distance. Instead the use of ”Miles
And More” card is expressed asSC, namely flights that allow the use of this card are
preferred, but the requester accepts also flights that do not allow the use of this card.
This is because the use ofMiles and Morecard is advantageous for the requester but it
is not his primary need; his/her primary need is to have a flight for reaching Bari.ut

This new representation can better model the requester’s needs, allowing to express
real-life preferences, feature not considered in the original framework [6]. Moreover
expressingSCallows to have service instances satisfying a request even if part of it is
ignored, thus augmenting the possibility of having response for a request.

3 Service Discovery and Ranking

Service Discoveryis the task of locating service providers that can satisfy the requester’s
needs. In this scenario, semantic service descriptions can be used to automate the task.
Discovery is performed by matching a requested service description to the service de-
scriptions of potential providers, in order to detect relevant ones. Two service descrip-
tions match if there is an acceptable instance for both descriptions [14, 12, 6, 7].



Considering the framework presented in Sect. 2, letDr andDp respectively a re-
quested service description and a provided service description, expressed as a set of
axioms imposing restrictions on the services that have to be performed that are called
Sr andSp respectively. The matching process (w.r.t. aKB) can be defined as a boolean
functionmatch(KB, Dr, Dp) which specifies how to apply DL inferences to perform
matching. Various matching procedure, based on DL inferences, have been proposed
[7, 14, 12]. We fix our attention to those proposed in [6]. Differently from the others,
this procedure is able to treatvariance(particularly variance due to incomplete knowl-
edge) without being too weak or too strong. Indeed, the other matching procedures
[13, 14, 5] consider a match valid if there exists a common instance service at least
in one possible world. This match, calledSatisfiability of Concept Conjunction, is the
weakest check w.r.t. both kinds of variance. Indeed, along the dimension of intended
diversity, it is sufficient to find one common service instance. Along the dimension of
incomplete knowledge, it is sufficient to find one possible world in which such a service
instance exists, regardless of all other possible worlds.

Another type of matching procedure [7, 10, 9] executes match by checking for sub-
sumption, either of the requestor’s description by the provider’s or vice versa. It is called
Entailment of Concept Subsumption. This check is very strong, since it requires one of
the service descriptions to be more specific than the other, for all service instances in
all possible worlds. Conversely, a valid match for the procedure in [6] occurs when
there exists a common instance service between a provider’s service descriptionDp

and a requestor’s service descriptionDr w.r.t. KB, in every possible world. It can be
formalized as:

KB ∪Dr ∪Dp |= ∃xSr(x)∧Sp(x) ⇔ KB ∪Dr ∪Dp ∪{Sr uSp v ⊥}unsatisfiable

This check is calledEntailment of Concept Non-Disjointness. It is stronger thanSat-
isfiability of Concept Conjunctionbecause checks for an intersection in every possible
world, but it is not as strong asEntailment of Concept Subsumption, because it does not
require one of the sets of acceptable service instances to be fully contained in the other
set. This match increases (w.r.tEntailment of Concept Subsumption) the possibility to
find interesting provided services, decreasing the error due to variety (more present in
Satisfiability of Concept Conjunction).

The provided services, selected by the matching process, have to be ranked w.r.t.
certain criteria and then returned to the requestor, in order to start the negotiation pro-
cess between the requested service and provided services. We focus our attention on
the ranking services process and propose a ranking procedure based on the use of a
semantic similarity measure for DL. This procedure ranks in higher positions, provided
services that are most similar to the requested service and that satisfy bothHC andSC
of the requested service. Instead, services that are less similar and/or satisfy onlyHC
are ranked in lower positions. This is because services that satisfy bothHC andSCcan
satisfy more needs of the requested service than services that satisfy onlyHC.

In the following, the measure used for determining the similarity value between
service descriptions is presented, then the ranking services process is explained.



3.1 The semantic similarity measure

The semantic similarity measure used for ranking services is presented in [4], in which
a semantic similarity measure for DL concept definitions, asserted in the same ontol-
ogy, is defined. Considering Sect. 2, service descriptions can be viewed as DL concept
descriptions asserted in aT-Boxand their instances can be regarded as concept asser-
tions in anA-Boxand theCanonical Interpretationcan be considered (see [1] for details
aboutT-Box, A-BoxandCanonical Interpretation). So the following similarity measure
can be applied to the service descriptions

Definition 3.1 (Semantic Similarity Measure).LetL be the set of all service descrip-
tions and letI be the canonical interpretation which maps every service description
to its instances. The Semantic Similarity Measures is a functions : L × L 7→ [0, 1]
defined as follows:

s(Sr, Sp) = |(SruSp)I |
|(SrtSp)I | ·max( |(SruSp)I |

|SIr |
,
|(SruSp)I |

|SIp |)
)

where(·)I computes the concept extension w.r.t.I, | · | returns the cardinality of a set.

This function assigns the maximum value in case of semantic equivalence of the
service descriptions. Otherwise it assigns a value in the range[0, 1[. This value grows
with the increasing size of the set of service instances in common (given by the first
factor) and it is weighted by a factor which represents the incidence of the intersection
with respect to either concept. Particularly, the increase of this factor implies that the
concepts are closer to subsume one the other (or even to be equivalent). This means to
consider similarity not as an absolute value, but weighted with respect to the degree of
non-similarity. The functions is really a similarity measure, (according to the formal
definition [2]) and its complexity mainly depends on the complexity of the instance
checking operator (for the chosen DL) used to define the extension of concept descrip-
tions (see [4] and Sect.3.3 for details). Similarity value is computed between a requested
service descriptionSr and a provided service descriptionSp, so the instance checking
operator has to define the set of instances for them. For every provided service, the set
of instances is known. We need to define the extension ofSr. Note that the measure is
applied after the matching process and that the chosen matching procedure (see Sect.3)
selects all provided servicesSp that have at least one instance satisfyingSr. So it is
straightforward to understand that the set of instances forSr is given by the union of
the provided service instances that satisfySr. Namely:

SI
r =

⋃n
j=1{x|Sr(x) ∧ Sj

p(x)}
wheren is the number of provided services selected by the matching process.

3.2 Ranking Procedure

The rationale of the procedure consists in measuring the similarity between the re-
quested and the provided services, selected by the matching phase: a higher similarity
will result in higher rankings.

The presented measure assigns highest values to services that share most of the in-
stances withSr so, as in [6], the criterion used is based onvariance, namely, a provider



is better than another if the variance it provides is greater than the other. However, dif-
ferently from [6], we are able to supply a total order of the provided services (rather
than a partial order). Anyway this is not enough for ensuring that provided services
satisfying bothHC andSCof Sr will be in the higher positions, while services satisfy-
ing only HC will be in the lower positions. Let us consider the following scenario: let
Sr be the requested service and letSl

p andSk
p two provided services, selected by the

matching procedure. As said in Sect.2, a service is mainly described by the set ofHC
andSC. Particularly, a service can also be described only byHC 4. Let us suppose that
Sr is described by bothHC andSC, thatSl

p is a provided service whose instances all
satisfy only theHC of Sr and thatSk

p is a provided service whose instances all satisfy
bothHC andSCof Sr. So let us consider the canonical interpretation, it is straightfor-
ward to see that∀x : Sk

p (x) → Sl
p(x) ⇔ (Sk

p )I ⊆ (Sl
p)

I ⇒ |(Sk
p )I | ≤ |(Sl

p)
I | ⇒

s(Sr, S
k
p ) ≤ s(Sr, S

l
p). This is the opposite result w.r.t. our criterion. Indeed we want

that provided services satisfying bothHC andSCof Sr and more similar toSr are on
top of the ranking. For achieving this goal, the ranking procedure is:

givenSr = {SHC
r , SSC

r } service request;Si
p(i = 1, .., n) provided services selected

by match(KB, Dr, D
i
p);

for i = 1, . . . , n do computes̄i := s(SHC
r , Si

p)
let beSnew

r ≡ SHC
r u SSC

r

for i = 1, . . . , n do
computesi := s(Snew

r , Si
p)

si := (s̄i + si)/2

Let us callSHC
r the requested service description relative toHC andSSC

r those
relative toSC. For allSi

p, the similarity values̄s := s(SHC
r , Si

p) are computed. Hence,
let us consider a new service descriptionSnew

r ≡ SHC
r uSSC

r defined as the conjunction
of HC andSCof Sr. The instances ofSnew

r satisfy bothHC andSCof Sr. So, for allSi
p

the similarity valuess := s(Snew
r , Si

p) are computed. It is straightforward to understand
that aSi

p satisfying onlyHC of Sr will has s = 0. For allSi
p, the final similarity value

si is given by the average betweens̄ ands. This last valuesi is used for setting the rank
of the services.

Let clarify this process considering the following example.Dr is a requested service
description,Dl

p andDk
p are two provided service description, selected by the matching

process.KB is the used knowledge base. We rankDl
p andDk

p . Let note that hereDl
p and

Dk
p are described specifying theirHC andSC. This is in order to show how the ranking

process work in this case. However, it is straightforward to see that the procedure can
rank provided services even if they are described without any specification about their
constraint hardness.

Dr = { Sr ≡ Flight u ∀operatedBy.LowCostCompany u ∃to.{bari} u
u ∃ from.{cologne,hahn} u ∀applicableToFlight.Card;

{cologne,hahn} v ∃ from−.Sr }
4 A service can not be described only bySCbecause it means ask for a service that contains

only optional constraints and this does not make sense.



where

HCr = { Flight u ∃to.{bari} u ∃ from.{cologne,hahn}
{cologne,hahn} v ∃ from−.Sr }

SCr = { Flight u ∀operatedBy.LowCostCompany u ∀applicableToFlight.Card};

Dl
p = { Sl

p ≡ Flight u ∃to.Italy u ∃from.Germany;
Germany v ∃ from−.Sl

p; Italy v ∃ to−.Sl
p }

where

HCl
p = { Flight u ∃to.Italy u ∃from.Germany;

Germany v ∃ from−.Sl
p; Italy v ∃ to−.Sl

p }
SCl

p = {}

Dk
p = { Sk

p ≡ Flight u ∀operatedBy.LowCostCompany u ∃to.Italy u
u∃from.Germany;

Germany v ∃ from−.Sk
p ; Italy v ∃ to−.Sk

p }
where

HCk
p = { Flight u ∃to.Italy u ∃from.Germany;

Germany v ∃ from−.Sk
p ; Italy v ∃ to−.Sk

p }
SCk

p = { Flight u ∀operatedBy.LowCostCompany};

KB = { cologne,hahn:Germany, bari:Italy, LowCostCompany v Company }

Let us considerSr, Sl
p andSk

p . Let note thatSl
p satisfies onlyHC of Sr while Sk

p

satisfies bothHC andSCof Sr. Let us suppose that the extensions ofSl
p andSk

p are:
|(Sl

p)
I | = 8 and |(Sk

p )I | = 5 and all instances satisfySr. Note thatSk
p v Sl

p then
(Sk

p )I ⊆ (Sl
p)
I . So|(Sr)I | = 8. Furthermore,Sr 6≡ Sl

p andSr 6≡ Sk
p . Let us consider

SHC
r given by:SHC

r ≡ Flightu∃from.{cologne,hahn}u∃to.{bari} andSSC
r given by

SSC
r ≡ Flight u ∀operatedBy.LowCostCompany u ∀applicableToFlight.Card. Known

that all the instances ofSl
p andSk

p satisfySr and particularly thatSl
p satisfies onlyHC

of Sr while Sk
p satisfies bothHC andSCof Sr, it is straightforward to understand that

|(SHC
r u Sl

p)
I | = 8 and that|((SHC

r u SSC
r ) u Sl

p)
I | = |(Snew

r u Sl
p)

I | = 0, conse-
quentlysl = 0. In the other case, we know that|(Sk

p )I | = 5 and thatSk
p satisfies both

HC andSCof Sr. So, some instances ofSk
p can satisfy onlyHC of Sr and others satisfy

bothHC andSC(in the better case we could have that all instances ofSk
p satisfy both

HC andSC). Let us suppose that instances ofSk
p that satisfy bothHC andSCof Sr,

namely that satisfySnew
r ≡ SHC

r u SSC
r are3. Let applying the procedure:

s̄l := s(SHC
r , Sl

p) = |(SHC
r uSl

p)I |
|(SHC

r tSl
p)I | ·max( |(S

HC
r uSl

p)I |
|(SHC

r )I | ,
|(SHC

r uSl
p)I |

|(Sl
p)I |) ) = 8

8 ·max( 8
8 , 8

8 ) = 1

s̄k := s(SHC
r , Sk

p ) = |(SruSk
p )I |

|(SrtSk
p )I | ·max( |(SruSk

p )I |
|SIr |

,
|(SruSk

p )I |
|(Sk

p )I |) ) = 5
8 ·max( 5

8 , 5
5 ) = 0.625



Fig. 1.Common instances between requested service and provided services for their ranking

The next step is computingsl andsk, that, considering the observation above are given
by:

sl := s(Snew
r , Sl

p) = 0

sk := |(Snew
r uSk

p )I |
|(Snew

r tSk
p )I | ·max( |(S

SC
r uSk

p )I |
|(Snew

r )I | ,
|(Snew

r uSk
p )I |

|(Sk
p )I |) ) = 3

5 ·max( 3
3 , 3

5 ) = 3
5 = 0.6

Hence the final similarity values are:sl = 0.5, sk = 0.6125 and so the ranking of the
provided services is:

1. Sk
p Similarity Value 0.6125

2. Sl
p Similarity Value 0.5

This result is consistent with the goal. Namely, using this procedure, provided services
are ranked w.r.t. both variance and satisfaction ofSr ’s SC.

More in general, the rational of the ranking procedure is showed in Fig. 1. As seen
in Sec. 3.1, due to the chosen matching procedure, all the services that have to be ranked
have at least one instance satisfyingSr. In the figure,HC andSC represent the Hard
and Soft Constraints of the requested service andS1 andS2 represent services to rank.
All the instances ofS1 or S2 that are inHC are relevant instance service forSr, because
they satisfy itsHC. However they are not the preferred instance services forSr because
they do not satisfy alsoSC of Sr. For example if theHC of Sr ask for flights from
Cologne to Bari and theSCof Sr ask for flights that allow the use of Miles and More
card then all the instances ofS1 andS2 that are inHC are all flights from Cologne to
Bari held by two different company. This instances are relevant because they satisfy
the main need, however flights from Cologne to Bari that allow the use of Miles and
More card will be preferred w.r.t. flights that do not allow the use of this card. Thus
the preferred instance services forSr are all the instances ofS1 andS2 that are in the
intersection betweenHC andSC. These instances are all the flights from Cologne to
Bari of S1 andS2 that allow the use of Miles and More Card.



The parts ofS1 andS2 outsideHC represents all the instances that do not satisfy
HC and thus irrelevant service instances forSr; for example flights having a departure
and/or arrival place different from those requested. In the same way the part ofS2 out-
sideHC but inSCrepresents irrelevant service instances forSr because these instances
satisfySCwithout satisfyingHC; for example represents flights that allow the use of
Miles and More card but that do not arrive in Bari and so these are not interesting for
the request.

At the first time, the procedure ranks provided services that satisfyHC w.r.t. vari-
ance criteria, indeed provided services that share most of service instances withSr

have higher similarity value. HenceSCare considered. The procedure assigns an ad-
ditional similarity value to provided services that satisfy alsoSC. This similarity value
is assigned, again using the variance criteria. Let note that in computing the additional
similarity value are not considered all the service instances satisfyingSCof Sr but only
the service instances satisfying bothHC andSC of Sr. This avoid to have in higher
ranking position provided services that are very similar toSCbut dissimilar fromHC,
whose instances are obviously not preferred w.r.t. to services mostly similar toHC. In-
deed the latter can have a lot of instances satisfyingSCbut that are not relevant at all
for the main request.

3.3 Discussion

In this section the complexity of the proposed algorithms is analyzed. Both matching
and ranking procedure use reasoning services. Indeed for the matching process, two
service descriptions match if their conjunction is not subsumed by thebottomconcept.
So the complexity of the matching procedure depends from the complexity of the sub-
sumption operator for the chosen DL. For the ranking process, the dominant operation
is the computation of the similarity value, for which thes measure is called twice for
every matched provided service that has to be ranked. The complexity ofs mainly de-
pends from the complexity of theinstance checkingoperator (for the chosen DL), used
for computing the extensions of the service descriptions and the extension of their con-
junction and disjunction. However the complexity of the ranking procedure could be
decreased by reducing the number of calls to the instance checking operator. Indeed,
the extensions of all available services can be computed beforehand, so at request-time,
only the extension of the requested service description has to be computed. The exten-
sions of the conjunctive and disjunctive service descriptions can be computed by the
use of set theory applied to the extensions already determined.

4 Conclusion and Future Work

This paper proposes a framework based on DL for describing services. Differently from
[6], to which it is inspired, our framework allows to express hard and soft constraints in
a service description, thus obtaining a more flexible framework for service modeling.

Moreover, these new kind of constraints can be useful for supplying to the requester
the most appropriate provided services among those selected from the matching phase.
Indeed a new ranking procedure was presented in order to rank services selected by the



discovery process. The aim of this ranking procedure was to help during the choice in
the list of eligible provided services discovered in the previous phase. To this purpose,
the procedure can take into account the presence ofHC andSC, thevarianceexploiting
a measure that can assess the semantic similarity between service descriptions. This
yields a total order among the selected services, differently from [6] where the ranking
procedure provides only a partial order and is not able to manageHC andSC.

For the future, an experimentation involving the framework, the matching and rank-
ing procedures is necessary, in order to show the improvement of the quality of the
results supplied to the requester. Moreover, a new matching process could be useful
for further increasing the quality of the discovery process and reduce the noise in the
selection of services.
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