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Abstract. Service-oriented computing is gaining wider acceptance.For Web ser-
vices to become practical, an infrastructure needs to be supported that allows
users and applications to discover, deploy, compose and synthesize services au-
tomatically. For this automation to be effective, formal semantic descriptions
of Web services should be available. In this paper we formally define the Web
service discovery and composition problem and present an approach for auto-
matic service discovery and composition based on semantic description of Web
services. We also report on an implementation of a semantics-based automated
service discovery and composition engine that we have developed. This engine
employs a multi-step narrowing algorithm and is efficientlyimplemented using
the constraint logic programming technology. The salient features of our engine
are its scalability, i.e., its ability to handle very large service repositories, and its
extremely efficient processing times for discovery and composition queries. We
evaluate our algorithms for automated discovery and composition on repositories
of different sizes and present the results.

1 Introduction
A Web service is a program accessible over the web that may effect some action or
change in the world (i.e., causes a side-effect). Examples of such side-effects include
a web-base being updated because of a plane reservation madeover the Internet, a
device being controlled, etc. An important future milestone in the Web’s evolution is
makingservicesubiquitously available. As automation increases, these Web services
will be accessed directly by the applications rather than byhumans [8]. In this context,
a Web service can be regarded as a “programmatic interface” that makes application
to application communication possible. An infrastructurethat allows users to discover,
deploy, synthesize and compose services automatically is needed in order to make Web
services more practical.

To make services ubiquitously available we need a semantics-based approach such
that applications can reason about a service’s capability to a level of detail that per-
mits their discovery, deployment, composition and synthesis [3]. Informally, a service
is characterized by its input parameters, the outputs it produces, and the side-effect(s)
it may cause. The input parameter may be further subject to some pre-conditions, and



likewise, the outputs produced may have to satisfy certain post-conditions. For discov-
ery, composition, etc., one could take the syntactic approach in which the services being
sought in response to a query simply have their inputs syntactically match those of the
query, or, alternatively, one could take the semantic approach in which the semantics of
inputs and outputs, as well as a semantic description of the side-effect is considered in
the matching process. Several efforts are underway to buildan infrastructure [18–20]
for service discovery, composition, etc. These efforts include approaches based on the
semantic web (such as USDL [1], OWL-S [4], WSML [5], WSDL-S [6]) as well as
those based on XML, such as Web Services Description Language (WSDL [7]). Ap-
proaches such as WSDL are purely syntactic in nature, that is, they only address the
syntactical aspects of a Web service [14].

Given a formal description of the context in which a service is needed, the ser-
vice(s) that will precisely fulfill that need can be automatically determined. This task
is called discovery. If the service is not found, the directory can be searched for two
or more services that can be composed to synthesize the required service. This task is
called composition. In this paper we present an approach forautomatic discovery and
composition of Web services using their semantic descriptions.

Our research makes the following novel contributions: (i) We formally define the
discovery and composition problems; to the best of our knowledge, the formal de-
scription of the generalized composition problem has been given for the first time; (ii)
We present efficient and scalable algorithms for solving thediscovery and composition
problem that take semantics of services into account; and, (iii) we present a prototype
implementation based on constraint logic programming thatworks efficiently on large
repositories.

The rest of the paper is organized as follows. Section 2 describes the two major
Web services tasks, namely, discovery and composition withtheir formal definitions.
In section 3 and 4, we present our multi-step narrowing solution and implementation
for automatic service discovery and composition. Finally we present our performance
results, related work and conclusions.

2 Automated Web service Discovery and Composition
Discovery and Composition are two important tasks related to Web services. In this
section we formally describe these tasks. We also develop the requirements of an ideal
Discovery/Composition engine.

2.1 The Discovery Problem
Given a repository of Web services, and a query requesting a service (we refer to it
as thequery servicein the rest of the text), automatically finding a service fromthe
repository that matches these requirements is the Web service Discovery problem. Only
those services that produce at least the requested output parameters that satisfy the
post-conditions and use only from the provided input parameters that satisfy the pre-
conditions and produce the same side-effects can be valid solutions to the query. Some
of the solutions may be over-qualified, but they are still considered valid as long as they
fulfill input and output parameters, pre/post conditions, and side-effects requirements.



Example 1:Say we are looking for a service to buy a book and the directoryof services
contains servicesS1 andS2. The table 1 shows the input/outputparameters of the query
and servicesS1 andS2.

Service Input Parameters Pre-conditions Output Parameters Post-Cond

Query BookTitle,CreditCardNumber,IsNumeric(Credit ConfirmationNumber
AuthorName,CreditCardTypeCardNumber)S1 BookName,AuthorName ConfirmationNumber
BookISBN,CreditCardNumberS2 BookName, IsNumeric(Credit ConfirmationNumber,
CreditCardNumber CardNumber) TrackingNumber

Table 1.Example 1

In this example serviceS2 satisfies the query, butS1 does not as it requiresBook-
ISBNas an input but that is not provided by the query. Our query requiresConfirma-
tionNumberas the output andS2 producesConfirmationNumberandTrackingNumber.
The extra output produced can be ignored. Also the semantic descriptions of the service
input/output parameters should be the same as the query parameters or have the sub-
sumption relation. The discovery engine should be able to infer that the query parameter
BookTitleand input parameterBookNameof serviceS2 are semantically the same con-
cepts. This can be inferred using semantics from the ontology provided. The query also
has a pre-condition that theCreditCardNumberis numeric which should logically im-
ply the pre-condition of the discovered service.
Definition (Service):A service is a 6-tuple of its pre-conditions, inputs, side-effect, af-
fected object, outputs and post-conditions.S = (CI; I;A;AO;O; CO) is the represen-
tation of a service whereCI is the pre-conditions,I is the input list,A is the service’s
side-effect,AO is the affected object,O is the output list, andCO is the post-conditions.

Definition (Repository of Services):Repository is a set of Web services.

Definition (Query): The query serviceis defined asQ = (CI0; I0;A0;AO0;O0; CO0)
whereCI0 is the pre-conditions,I 0 is the input list,A0 is the service affect,AO0 is the
affected object,O0 is the output list, andCO0 is the post-conditions. These are all the
parameters of the requested service.

Definition (Discovery): Given a repositoryR and a queryQ, the Discovery problem
can be defined as automatically finding a setS of services fromR such thatS = fs js = (CI; I;A;AO;O; CO), s 2 R, CI0 ) CI, I v I 0, A = A0, AO = AO0,CO ) CO0, O w O0g. The meaning ofv is the subsumption (subsumes) relation and) is the implication relation. For example, sayx andy are input and output parameters
respectively of a service. If a query has(x > 5) as a pre-condition and(y > �x) as
post-condition, then a service with pre-condition(x > 0) and post-condition(y > x)
can satisfy the query as(x > 5)) (x > 0) and(y > x) ) (y > �x) since(x > 0).
Figure 1 explains the discovery problem pictorially.

2.2 The Composition Problem
Given a repository of service descriptions, and a query withthe requirements of the
requested service, in case a matching service is not found, the composition problem



involves automatically finding a directed acyclic graph of services that can be com-
posed to obtain the desired service. Figure 2 shows an example composite service made
up of five servicesS1 to S5. In the figure,I0 andCI0 are the query input parameters
and pre-conditions respectively.O0 andCO0 are the query output parameters and post-
conditions respectively. Informally, the directed arc between nodesSi andSj indicates
that outputs ofSi constitute (some of) the inputs ofSj .

where CI’ ==> CI, CO ==> CO’,
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Fig. 1.Substitutable Service
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Fig. 2.Example of a Composite Service as a Directed Acyclic Graph

Example 2:Suppose we are looking for a service to buy a book and the directory of ser-
vices contains servicesGetISBN, GetAvailability, AuthorizeCreditCard, andPurchase-
Book. The table 2 shows the input/output parameters of the query and these services.

GetISBN

GetAvailability

PurchaseBook

AuthorizeCreditCard

AuthorName

BookName,

CreditCardNum

BookISBNBookISBN

BookISBN

AuthCode

NumAvailable

ConfNumber

Fig. 3.Example of a Composite Service

Suppose the repository does not find a single service that matches these criteria,
then it synthesizes a composite service from among the set ofservices available in the
repository. Figure 3 shows this composite service. The post-conditions of the service
GetAvailabilityshould logically imply the pre-conditions of servicePurchaseBook.



Service Input Parameters Pre-Conditions Output
Params

Post-Conditions

Query BookTitle,CreditCardNum ConfNumber
AuthorName,CardType

GetISBN BookName,AuthorName BookISBN
GetAvailability BookISBN NumAvailableNumAvailable> 0
Authorize CreditCardNum AuthCode AuthCode> 99^
CreditCard AuthCode< 1000
PurchaseBookBookISBN, NumAvailable,

AuthCode
NumAvailable>0 ConfNumber

Table 2.Example 2

Definition (Composition): The Composition problem can be defined as automatically
finding a directed acyclic graphG = (V; E) of services from repositoryR, given queryQ = (CI0; I0;A0;AO0;O0; CO0), whereV is the set of vertices andE is the set of edges
of the graph. Each vertex in the graph represents a service inthe composition. Each
outgoing edge of a node (service) represents the outputs andpost-conditions produced
by the service. Each incoming edge of a node represents the inputs and pre-conditions
of the service. The following conditions should hold on the nodes of the graph:
1. 8i Si 2 V whereSi has zero incoming edges,I 0 wSi Ii, CI0 )^iCIi.
2. 8i Si 2 V whereSi has zero outgoing edges,O0 vSiOi, CO0 (^iCOi.
3. 8i Si 2 V whereSi has at least one incoming edge, letSi1,Si2, ...,Sim be the nodes

such that there is a directed edge from each of these nodes toSi. ThenIivSkOik[I0, CIi( (COi1^COi2:::^ COim ^ CI0).
The meaning of thev is the subsumption (subsumes) relation and) is the impli-

cation relation. Figure 4 explains one instance of the composition problem pictorially.
When the number of nodes in the graph is equal to one, the composition problem re-
duces to the discovery problem. When all nodes in the graph have not more than one
incoming edge and not more than one outgoing edge, the problem reduces to a sequen-
tial composition problem.

Fig. 4.Composite Service



2.3 Requirements of an ideal Engine
Discovery and composition can be viewed as a single problem.Discovery is a simple
case of composition where the number of services involved incomposition is exactly
equal to one. The features of an ideal Discovery/Composition engine are:

Correctness:One of the most important requirement for an ideal engine is to produce
correct results, i.e, the services discovered and composedby it should satisfy all the
requirements of the query. Also, the engine should be able tofind all services that satisfy
the query requirements.

Small Query Execution Time: Querying a repository of services for a requested ser-
vice should take a reasonable amount of (small) time, i.e., afew milliseconds. Here we
assume that the repository of services may be pre-processed(indexing, change in for-
mat, etc.) and is ready for querying. In case services are notadded incrementally, then
time for pre-processing a service repository is a one-time effort that takes considerable
amount of time, but gets amortized over a large number of queries.

Incremental Updates: Adding or updating a service to an existing repository of ser-
vices should take a small amount of time. A good Discovery/Compositionengine should
not pre-process the entire repository again, rather incrementally update the pre-processed
data (indexes, etc.) of the repository for this new service added.

Cost function: If there are costs associated with every service in the repository, then
a good Discovery/Composition engine should be able to give results based on require-
ments (minimize, maximize, etc.) over the costs. We can extend this to services having
an attribute vector associated with them and the engine should be able to give results
based on maximizing or minimizing functions over this attribute vector.

These requirements have driven the design of our semantics-based Discovery and
Composition engine described in the following sections.

2.4 Semantic Description of Web Services
A Web service is a software system designed to support interoperable machine-to-
machine interaction over a network. It has an interface thatis described in a machine-
processible format so that other systems can interact with the Web service through its
interface using messages. The automation of Web service tasks (discovery, composition,
etc.) can take place effectively only if formal semantic descriptions of Web services are
available. Currently, there are a number of approaches for describing the semantics of
Web services such as OWL-S [4], WSML [5], WSDL-S [6], and USDL[1].

3 A Multi-step Narrowing Solution

We assume that a directory of services has already been compiled, and that this directory
includes semantic descriptions for each service. In our implementation, we use seman-
tic descriptions written in the language called USDL [1]. The repository of services
contains one USDL description document for each service.

USDL is a language that service developers can use to specifyformal semantics of
Web services. In order to provide semantic descriptions of services, we need an ontol-
ogy that is somewhat coarse-grained yet universal, and at a similar conceptual level to



common real world concepts. USDL uses WordNet [9] which is a sufficiently compre-
hensive ontology that meets these criteria. Thus, the “meaning” of input parameters,
outputs, and the side-effect induced by the service is givenby mapping these syntactic
terms toconceptsin WordNet (see [1] for details of the representation). Inclusion of
USDL descriptions, thus makes services directly “semantically” searchable. However,
we still need a query language to search this directory, i.e., we need a language to frame
the requirements on the service that an application developer is seeking. USDL itself
can be used as such a query language. A USDL description of thedesired service can
be written, a query processor can then search the service directory for a “matching”
service. Due to lack of space, we do not go into the details of the language in this paper.
They are available in our previous work [2].

With the formal definition of the Discovery and Composition problem, presented in
the previous section, one can see that there can be many approaches to solving the prob-
lem. Our approach is based on a multi-step narrowing of the list of candidate services
using various constraints at each step. In this section we discuss our Discovery and
Composition algorithms in detail. These algorithms can be used with other Semantic
Web service description languages as well. It will involve extending our implementa-
tion to work for other description formats and we are lookinginto that as part of our
future work.

3.1 The Service Discovery Algorithm

The discovery algorithm takes in the query parameters and produces a list of matching
services. Our algorithm first uses the query output parameters and post-conditions to
narrow down the list of services in the repository. It gets all those services that produce
at least the query outputs (i.e., the output parameters provided by a service must be
equivalent to or be subsumed by the required output in the query) and whose post-
conditions logically imply the query post-conditions.From the list of services obtained,
we find the set of all inputs parameters of all services in the list, sayI. Then a set of
unprovided inputs, sayUI is obtained by computing the set difference ofI and the query
inputsQI. Then the list of services is further narrowed down by removing any service
that has even one of the inputs from the setUI. After all such services are removed, we
filter our list of services based on query pre-conditions andthe required side-effects.
The remaining list is our final list of services calledResult. Figure 5 shows a pictorial
representation of our discovery engine.
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Fig. 5.Discovery Engine

Algorithm: Discovery
Input: QI - QueryInputs, QO - QueryOutputs,

QCI - Pre-Conditions, QCO - Post-Conditions



Output: Result - ListOfServices
1. L NarrowServiceList(QO, QCO);
2. I GetAllInputParameters(L);
3. WI GetUnprovidedInputs(I, QI); i.e., UI = I - QI
4. S FilterServicesWithUnprovidedInputs(UI, L);
5. Result FilterServicesWithPreConditions(QCI, S);
6. Return Result;

3.2 The Service Composition Algorithm
For service composition, the first step is finding the set of composable services. USDL
itself is used to specify the requirements of the composed service that an application
developer is seeking. Using the discovery engine, individual services that make up the
composed service can be selected. Part substitution techniques [2] can be used to find
the different parts of a whole task and the selected servicescan be composed into one
by applying the correct sequence of their execution. The correct sequence of execution
can be determined by the pre-conditions and post-conditions of the individual services.
That is, if a subserviceS1 is composed with subserviceS2, then the post-conditions
of S1 must imply the pre-conditions ofS2. The goal is to derive a single solution,
which is a directed acyclic graph of services that can be composed together to produce
the requested service in the query. Figure 7 shows a pictorial representation of our
composition engine.

In order to produce the composite service which is the graph,as shown in the ex-
ample figure 2, we filter out services that are not useful for the composition at multiple
stages. Figure 6 shows the filtering technique for the particular instance shown in fig-
ure 2. The composition routine starts with the query input parameters. It finds all those
services from the repository which require a subset of the query input parameters. In
figure 6,CI; I are the pre-conditions and the input parameters provided bythe query.S1 andS2 are the services found after step 1.O1 is the union of all outputs produced
by the services at the first stage. For the next stage, the inputs available are the query
input parameters and all the outputs produced by the previous stage, i.e.,I2 =O1 [ I.I2 is used to find services at the next stage, i.e., all those services that require a subset
of I2. In order to make sure we do not end up in cycles, we get only those services
which require at least one parameter from the outputs produced in the previous stage.
This filtering continues until all the query output parameters are produced. At this point
we make another pass in the reverse direction to remove redundant services which do
not directly or indirectly contribute to the query output parameters. This is done starting
with the output parameters working our way backwards.
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Algorithm: Composition
Input: QI - QueryInputs, QO - QueryOutputs, QCI - Pre-Cond, QCO - Post-Cond
Output: Result - ListOfServices
1. L NarrowServiceList(QI, QCI);
2. O GetAllOutputParameters(L);
3. CO GetAllPostConditions(L);
4. While Not (Ow QO)
5. I = QI [ O; CI QCI^ CO;
6. L’ NarrowServiceList(I, CI);
7. End While;
8. Result RemoveRedundantServices(QO, QCO);
9.Return Result;

4 Implementation

Our discovery and composition engine is implemented using Prolog [11] with Con-
straint Logic Programming over finite domain [10], referredto as CLP(FD) hereafter.
The high-level design of the Discovery and Composition engines is shown in Figure 8.
The software system is made up of the following components.
Triple Generator: The triple generator module converts each service description into
a triple. In this case, USDL descriptions are converted to triples like:

(Pre-Conditions, affect-type(affected-object, I, O), Post-Conditions).
The function symbolaffect-typeis the side-effect of the service andaffected objectis
the object that changed due to the side-effect.I is the list of inputs andO is the list of
outputs.Pre-Conditionsare the conditions on the input parameters andPost-Conditions
are the conditions on the output parameters. Services are converted to triples so that
they can be treated as terms in first-order logic and specialized unification algorithms
can be applied to obtain exact, generic, specific, part and whole substitutions [2]. In
case conditions on a service are not provided, thePre-ConditionsandPost-Conditions
in the triple will be null. Similarly if the affect-type is not available, this module assigns
a generic affect to the service.



Query Reader: This module reads the query file and passes it on to the Triple Gen-
erator. We use USDL itself as the query language. A USDL description of the desired
service can be written, which is read by the query reader and converted to a triple. This
module can be easily extended to read descriptions written in other languages.
Semantic Relations Generator:We obtain the semantic relations from the OWL Word-
Net ontology. OWL WordNet ontology provides a number of useful semantic rela-
tions like synonyms, antonyms, hyponyms, hypernyms, meronyms, holonyms and many
more. USDL descriptions point to OWL WordNet for the meanings of concepts. A the-
ory of service substitution is described in detail in [2] which uses the semantic relations
between basic concepts of WordNet, to derive the semantic relations between services.
This module extracts all the semantic relations and createsa list of Prolog facts.

Discovery Query Processor:This module compares the discovery query with all the
services in the repository. The processor works as follows:

1. On the output parameters of a service, the processor first looks for anexactsubsti-
tutable. If it does not find one, then it looks for a parameter with hyponym relation
[2], i.e., aspecificsubstitutable.

2. On the input parameters of a service, the processor first looks for anexactsubsti-
tutable. If it does not find one, then it looks for a parameter with hypernym relation
[2], i.e., agenericsubstitutable.

The discovery engine, written using Prolog with CLP(FD) library, uses a repository
of facts, which contains a list of all services, their input and output parameters and
semantic relations between parameters. The following is the code snippet of our engine:

discovery(sol(Qname,A)) :- dQuery(Qname,I,O), encodePa ram(O,OL),
/* Narrow candidate services(S) using output list(OL)*/
narrowO(OL,S), fd_set(S,FDs), fdset_to_list(FDs,SL),
/* Expand InputList(I) using semantic relations */
getExtInpList(I, ExtInpList), encodeParam(ExtInpList, IL),
/* Narrow candidate services(SL) using input list (IL)*/
narrowI(IL,SL,SA), decodeS(SA,A).
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Discovery/
Composition

Query file

of
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USDL files

Triple
Generator

Generator
Semantic Relations

Query Processor

Discovery/Composition Output
Generator

Output
File

Fig. 8.High-level Design



The query is converted into a Prolog query that looks as follows:
discovery(sol(queryService, ListOfSolutionServices).

The engine will try to find a list ofSolutionServicesthat match thequeryService.
Composition Query Processor:Similar to the discovery engine, composition engine
is also written using Prolog with CLP(FD) library. It uses a repository of facts, which
contains list of services, their input and output parameters and the semantic relations
between the parameters. The following is the code snippet ofour composition engine:
composition(sol(Qname,A)) :-

dQuery(Qname,_,_), minimize(compTask(Qname,A,SeqLen) ,SeqLen).

compTask(Qname, A, SeqLen) :- dQuery(Qname,QI,QO), encod eParam(QO,OL),
narrowO(OL,SL), fd_set(SL,Sset), fdset_member(S_Index ,Sset),
getExtInpList(QI,InpList), encodeParam(InpList,IL), l ist_to_fdset(IL,QIset),
serv(S_Index,SI,_), list_to_fdset(SI,SIset), fdset_su btract(SIset,QIset,Iset),
comp(QIset,Iset,[S_Index],SA,CompLen), SeqLen #= CompL en + 1, decodeS(SA,A).

comp(_, Iset, A, A, 0) :- empty_fdset(Iset),!.
comp(QIset, Iset, A, SA, SeqLen) :-

fdset_to_list(Iset,OL), narrowO(OL,SL), fd_set(SL,Sse t),
fdset_member(SO_Index,Sset), serv(SO_Index,SI,_),
list_to_fdset(SI,SIset), fdset_subtract(SIset,QIset, DIset),
comp(QIset,DIset,[SO_Index|A],SA,CompLen), SeqLen #= C ompLen + 1.

The query is converted into a Prolog query that looks as follows:
composition(queryService, ListOfServices).

The engine will try to find aListOfServicesthat can be composed into the requested
queryService. Our engine uses the built-in, higher order predicate ’bagof’ to return all
possibleListOfServicesthat can be composed to get the requestedqueryService.
Output Generator: After the Discovery/Composition Query processor finds a match-
ing service, or the list of atomic services for a composed service, the results are sent to
the output generator in the form of triples. This module generates the output files in any
desired XML format.

5 Efficiency and Scalability Issues
In this section we discuss the salient features of our systemwith respect to the efficiency
and scalability issues related to Web service discovery andcomposition problem. It is
because of these features, we decided on the multi-step narrowing based approach to
solve these problems and implemented it using constraint logic programming.

Correctness:Our system takes into account all the services that can be satisfied by the
provided input parameters and pre-conditions at every stepof our narrowing algorithm.
So our search space has all the possible solutions. Our backward narrowing step, which
removes the redundant services, does so taking into accountthe output parameters and
post-conditions. So our algorithm will always find a correctsolution (if one exists) in
the minimum possible steps. The formal proof of correctnessand minimality is beyond
the scope of this paper.
Pre-processing:Our system initially pre-processes the repository and converts all ser-
vice descriptions into Prolog terms. The semantic relations are also processed and
loaded as Prolog terms in memory. Once the pre-processing isdone, then discovery
or composition queries are run against all these Prolog terms and hence we obtain re-
sults quickly and efficiently. The built-in indexing schemeand constraints in CLP(FD)
facilitate the fast execution of queries. During the pre-processing phase, we use the term



representations of services to set up constraints on services and the individual input and
output parameters. This further helped us in getting optimal results.

Execution Efficiency: The use of CLP(FD) helped significantly in rapidly obtaining
answers to the discovery and composition queries. We tabulated processing times for
different size repositories and the results are shown in Section 6. As one can see, after
pre-processing the repository, our system is quite efficient in processing the query. The
query execution time is insignificant.

Programming Efficiency: The use of Constraint Logic Programming helped us in
coming up with a simple and elegant code. We used a number of built-in features such
as indexing, set operations, and constraints and hence did not have to spend time cod-
ing these ourselves. This made our approach efficient in terms of programming time as
well. Not only the whole system is about 200 lines of code, butwe also managed to
develop it in less than 2 weeks.

Scalability: Our system allows for incremental updates on the repository, i.e., once the
pre-processing of a repository is done, adding a new serviceor updating an existing
one will not need re-execution of the entire pre-processingphase. Instead we can easily
update the existing list of CLP(FD) terms loaded in the memory and run discovery and
composition queries. Our estimate is that this update time will be negligible, perhaps a
few milliseconds. With real-world services, it is likely that new services will get added
often or updates might be made on existing services. In such acase, avoiding repeated
pre-processing of the entire repository will definitely be needed and incremental update
will be of great practical use. The efficiency of the incremental update operation makes
our system highly scalable.

Use of external Database:In case the repository grows extremely large in size, then
saving off results from the pre-processing phase into some external database might be
useful. This is part of our future work. With extremely largerepositories, holding all the
results of pre-processing in the main memory may not be feasible. In such a case we
can query a database where all the information is stored. Applying incremental updates
to the database is easily possible thus avoiding recomputation of pre-processed data .

Searching for Optimal Solution: If there are any properties with respect to which the
solutions can be ranked, then setting up global constraintsto get the optimal solution
is relatively easy with the constraint based approach. For example, if each service has
an associated cost, then the discovery and the composition problem can be redefined
to find the solutions with the minimal cost. Our system can be easily extended to take
these global constraints into account.

6 Performance
We evaluated our approach on different size repositories and tabulated Pre-processing
and Query Execution time. We noticed that there was a significant difference in pre-
processing time between the first and subsequent runs (afterdeleting all the previous
pre-processed data) on the same repository. What we found isthat the repository was
cached after the first run and that explained the difference in the pre-processing time for
subsequent runs. We used auto-generated repositories fromWS-Challenge website[13],
slightly modified to fit into USDL framework. Table 3 shows performance results for



our Discovery Algorithm and table 4 shows results for Composition. The times shown
in the tables are the wall clock times. The actual CPU time to pre-process the repository
and execute the query should be less than or equal to the wall clock time. The results
are plotted in figure 9. The graphs exhibit behavior consistent with our expectations: for
a fixed repository size, the preprocessing time increases with the increase in number of
input/output parameters. Similarly, for fixed input/output sizes, the preprocessing time
is directly proportional to the size of the repository. However, what is surprising is the
efficiency of service query processing, which is negligible(just 1 to 3 msecs) even for
complex queries with large repositories.

Fig. 9.Performance of Discovery and Composition Algorithm

Repository Size Number of I/O PreProcessing QueryExec Incremental
(num of services)parameters Time(secs) Time(msecs)update (msecs)

2000 4-8 36.5 1 18
2000 16-20 45.8 1 23
2000 32-36 57.8 2 28
2500 4-8 47.7 1 19
2500 16-20 58.7 1 23
2500 32-36 71.6 2 29
3000 4-8 56.8 1 19
3000 16-20 77.1 1 26
3000 32-36 88.2 3 29

Table 3.Performance of Discovery Engine

7 Related Work
Discovery and composition of Web services has been active area of research recently
[14,16, 17]. Most of these approaches are based on capturingthe formal semantics of
the service using an action description languages or some kind of logic (e.g., description
logic). The service composition problem is reduced to a planning problem where the
sub-services constitute atomic actions and the overall service desired is represented by
the goal to be achieved using some combination of atomic actions. A planner is then
used to determine the combination of actions needed to reachthe goal. In contrast, we
rely more on WordNet (which we use as a universal ontology) and the meronymous



relationships of WordNet lexemes to achieve automatic composition. To the best of
our knowledge, most of these approaches that use planning are restricted to sequential
compositions, rather than a directed acyclic graph.

Repository Size Number of I/O PreProcessing QueryExec Incremental
(num of services)parameters Time(secs) Time(msecs)update (msecs)

2000 4-8 36.1 1 18
2000 16-20 47.1 1 23
2000 32-36 60.2 1 30
3000 4-8 58.4 1 19
3000 16-20 60.1 1 20
3000 32-36 102.1 1 34
4000 4-8 71.2 1 18
4000 16-20 87.9 1 22
4000 32-36 129.2 1 32

Table 4.Performance of Composition Engine

The approaches proposed by others also rely on a domain specific ontology (speci-
fied in OWL/DAML), namely, to discover/compose such services the engine has to be
aware of the domain specific ontology.Thus, for these approaches, a completely general
discovery and composition engines cannot be built. Additionally, the domain specific
ontology has to be quite extensive in that any relationship that can possibly exist be-
tween two terms in the ontology must be included in the ontology. In contrast, in our
approach, the complex relationships (USDL concepts) that might be used to describe
services or their inputs and outputs are part of USDL descriptions and not the ontology.
Note that our approach is quite general, and it will work for domain specific ontolo-
gies as well, as long as the synonym, antonym, hyponym, hypernym, meronym, and
holonym relations are defined between the various terms of the ontology.

A process-level composition solution based on OWL-S is proposed in [21]. This
work produces a complete process-level description of a composite service, when the
descriptions of the services that are involved in the composition are provided. In con-
trast, we automatically find the services that are suitable for composition in order to
provide the requested service.

Another related area of research involves message conversation constraints, also
known as behavioral signatures [15]. Behavior signature models do not stray far from
the explicit description of the lexical form of messages, they expect the messages to
be lexically and semantically correct prior to verificationvia model checking. Hence
behavior signatures deal with low-level functional implementation constraints, while
USDL deals with higher-level real world concepts. However,USDL and behavioral
signatures can be regarded as complementary concepts when taken in the context of
real world service composition and both technologies are currently being used in the
development of a commercial services integration tool [22].

8 Conclusions and Future Work

To catalogue, search and compose Web services in a semi-automatic to fully-automatic
manner we need infrastructure to publish Web services, document them and query



repositories for matching services. Our semantics-based approach uses USDL to for-
mally document the semantics of Web services and our discovery and composition en-
gines find substitutable and composite services that best match the desired service.

Given semantic description of Web services, our solution produces accurate and
quick results. We are able to apply many optimization techniques to our system so that
it works efficiently even on large repositories. Use of Constraint Logic Programming
helped greatly in obtaining an efficient implementation of this system.

Our future work includes extending our engine to work with other web services
description languages like OWL-S, WSML, WSDL-S, etc. This should be possible as
long as semantic relations between concepts are provided. It will involve extending the
TripleGenerator, QueryReader, andSemanticRelationsGeneratormodules. We would
also like to extend our engine to support an external database to save off pre-processed
data. This will be particularly useful when service repositories grow extremely large in
size which can easily be the case in future. Future work also includes developing an
industrial-strength system based on the research reportedin this paper, in conjunction
with a system that allows (semi-) automatic generation of USDL descriptions from the
code and documentation of a service [22].
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