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Abstract. Service-oriented computing is gaining wider acceptance\Web ser-

vices to become practical, an infrastructure needs to bpastgdl that allows

users and applications to discover, deploy, compose arttiesige services au-
tomatically. For this automation to be effective, formahatic descriptions
of Web services should be available. In this paper we fogmddifine the Web

service discovery and composition problem and present aroaph for auto-

matic service discovery and composition based on semagsicrightion of Web

services. We also report on an implementation of a semalb#ised automated
service discovery and composition engine that we have dpeel This engine
employs a multi-step narrowing algorithm and is efficierthplemented using

the constraint logic programming technology. The salieatires of our engine
are its scalability, i.e., its ability to handle very largengice repositories, and its
extremely efficient processing times for discovery and cositpn queries. We

evaluate our algorithms for automated discovery and coitipp®n repositories

of different sizes and present the results.

1 Introduction

A Web service is a program accessible over the web that magtefbme action or
change in the world (i.e., causes a side-effect). Examgdlesich side-effects include
a web-base being updated because of a plane reservationavadéhe Internet, a
device being controlled, etc. An important future milegtan the Web’s evolution is
making servicesubiquitously available. As automation increases, thesb ¥ésvices
will be accessed directly by the applications rather thahdoyans [8]. In this context,
a Web service can be regarded as a “programmatic interfaeg’makes application
to application communication possible. An infrastructilmat allows users to discover,
deploy, synthesize and compose services automaticalBeided in order to make Web
services more practical.

To make services ubiquitously available we need a semalpéissd approach such
that applications can reason about a service's capabdlity level of detail that per-
mits their discovery, deployment, composition and syrithg. Informally, a service
is characterized by its input parameters, the outputs dyces, and the side-effect(s)
it may cause. The input parameter may be further subjectrtee gore-conditions, and



likewise, the outputs produced may have to satisfy certagi-ponditions. For discov-
ery, composition, etc., one could take the syntactic aggroawhich the services being
sought in response to a query simply have their inputs stingdly match those of the
query, or, alternatively, one could take the semantic agugran which the semantics of
inputs and outputs, as well as a semantic description ofitleeesfect is considered in
the matching process. Several efforts are underway to lmilchfrastructure [18—20]
for service discovery, composition, etc. These effortélide approaches based on the
semantic web (such as USDL [1], OWL-S [4], WSML [5], WSDL-9)[@s well as
those based on XML, such as Web Services Description Lamg(&&DL [7]). Ap-
proaches such as WSDL are purely syntactic in nature, th#teg only address the
syntactical aspects of a Web service [14].

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

Our research makes the following novel contributions: (8§ Wrmally define the
discovery and composition problems; to the best of our kedgé, the formal de-
scription of the generalized composition problem has beemdor the first time; (ii)
We present efficient and scalable algorithms for solvingdiseovery and composition
problem that take semantics of services into account; diijdvé present a prototype
implementation based on constraint logic programmingwaaks efficiently on large
repositories.

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

2 Automated Web service Discovery and Composition

Discovery and Composition are two important tasks relatet/éeb services. In this
section we formally describe these tasks. We also devempetjuirements of an ideal
Discovery/Composition engine.

2.1 The Discovery Problem

Given a repository of Web services, and a query requestirenace (we refer to it
as thequery servicen the rest of the text), automatically finding a service frtme
repository that matches these requirements is the Welcsddiscovery problem. Only
those services that produce at least the requested outparmhei@rs that satisfy the
post-conditions and use only from the provided input patarsethat satisfy the pre-
conditions and produce the same side-effects can be valitlas to the query. Some
of the solutions may be over-qualified, but they are stillsidared valid as long as they
fulfillinput and output parameters, pre/post conditiomsi aide-effects requirements.



Example 1: Say we are looking for a service to buy a book and the direcbsgrvices
contains service$; andS-. The table 1 shows the input/output parameters of the query
and servicess; andS-.

|Service]Input Parameters |Pre-conditions  [Output Parameters |Post-Cond|

Query BookTitIe,CreditCardNumbei](;sNumeric(Credit ConfirmationNumbe
AuthorName,CreditCardTypeCardNumber)

S BookName,AuthorName ConfirmationNumbe
BookISBN,CreditCardNumber

Ss BookName, IsNumeric(Credit|ConfirmationNumbef,
CreditCardNumber CardNumber)  |TrackingNumber

Table 1.Example 1

In this example servicé, satisfies the query, bdt; does not as it requiré3ook-
ISBN as an input but that is not provided by the query. Our queryiregConfirma-
tionNumberas the output and- produceonfirmationNumbeandTrackingNumber
The extra output produced can be ignored. Also the semagdizrightions of the service
input/output parameters should be the same as the quemnets or have the sub-
sumption relation. The discovery engine should be ablefey that the query parameter
BookTitleand input parametdsookNamef serviceS: are semantically the same con-
cepts. This can be inferred using semantics from the onygdogvided. The query also
has a pre-condition that th@reditCardNumbeis 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, siffect, af-

fected object, outputs and post-conditiofis: (CZ,Z, A, AO, O, CO) is the represen-
tation of a service wher€Z is the pre-conditiond] is the input list,A is the service’s
side-effect,AQ is the affected object? is the outputlist, and O is the post-conditions.

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

Definition (Query): The query services defined aQ = (CZ', 7', A', AO’, O, CO")
where(CZ' is the pre-conditions’ is the input list,4’ is the service affectd©’ is the
affected object(?’ is the output list, and' ¢’ is the post-conditions. These are all the
parameters of the requested service.

Definition (Discovery): Given a repositoryR and a query, the Discovery problem
can be defined as automatically finding a Setf services froniR such thatS = {s |

s = (CZ,Z,A,A0,0,C0),seR,CI' = CI, T C 1T, A=A, A0 = A0,
CO = CO', © 1 O'}. The meaning of is the subsumption (subsumes) relation and
= is the implication relation. For example, sayndy are input and output parameters
respectively of a service. If a query hés > 5) as a pre-condition any > —«) as
post-condition, then a service with pre-conditign> 0) and post-conditiofly > )

can satisfy the query 8 > 5) = (¢ > 0) and(y > z) = (y > —x) since(xz > 0).
Figure 1 explains the discovery problem pictorially.

2.2 The Composition Problem
Given a repository of service descriptions, and a query Withrequirements of the
requested service, in case a matching service is not fohedzdmposition problem



involves automatically finding a directed acyclic graph efvices that can be com-
posed to obtain the desired service. Figure 2 shows an eraropiposite service made
up of five servicesS; to Ss. In the figure,/” andC'I’ are the query input parameters
and pre-conditions respectively! andC'O’ are the query output parameters and post-
conditions respectively. Informally, the directed arcviben nodess; andS; indicates
that outputs of5; constitute (some of) the inputs &f.

Q

where Cl' ==> Cl, Cco
"] 1, O

==> CO,
J o

Fig. 1. Substitutable Service

() o
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 thetdineof ser-
vices contains servicésetlSBN GetAvailability, AuthorizeCreditCardandPurchase-
Book The table 2 shows the input/output parameters of the quetyleese services.

Get Availability
Book! SBN NumAvai | abl e
BookNane,
Aut hor Namre Book| SBN Conf Nunber
— — > PurchaseBook

GeditGrd\um 7 hori zeCredi t Card

Fig. 3. Example of a Composite Service

Suppose the repository does not find a single service thathestthese criteria,
then it synthesizes a composite service from among the sereices available in the
repository. Figure 3 shows this composite service. The-postitions of the service
GetAvailabilityshould logically imply the pre-conditions of serviBarchaseBook



Service Input Parameters Pre-Conditions |Output Post-Conditions
Params
Query BookTitle,CreditCardNum ConfNumber
AuthorName,CardType
GetlISBN BookName,AuthorName BookISBN
GetAvailability|BookISBN NumAvailable NumAvailable> 0
Authorize CreditCardNum AuthCode |AuthCode> 99
CreditCard AuthCode< 1000
PurchaseBookBookISBN, NumAvailabl@&yumAvailable>|ConfNumber
AuthCode ’?

Table 2.Example 2

Definition (Composition): The Composition problem can be defined as automatically
finding a directed acyclic grapgh = (V, £) of services from repositorR,, given query
Q=(CT, T, A, A0 O C0O’), whereV is the set of vertices andlis the set of edges
of the graph. Each vertex in the graph represents a servitteeinomposition. Each
outgoing edge of a node (service) represents the outputg@steconditions produced
by the service. Each incoming edge of a node representspiaésiand pre-conditions
of the service. The following conditions should hold on tloeles of the graph:

1. Vi S; € V whereS; has zero incoming edge®, J| J, Z,, CI' =ACI;.

2. Vi §; € V whereS; has zero outgoing edgeS; C| J; O,, CO" <n;CO,.

3. Vi §; € V whereS; has at least one incoming edge, $et, S;», ..., S;» be the nodes

such that there is a directed edge from each of these nodesthenZ; C( J, Oix U

', ClLi< (COUACOQ... ANCOim A CI/).

The meaning of th& is the subsumption (subsumes) relation ands the impli-
cation relation. Figure 4 explains one instance of the caitipm problem pictorially.
When the number of nodes in the graph is equal to one, the csitigpoproblem re-
duces to the discovery problem. When all nodes in the grapé hat more than one
incoming edge and not more than one outgoing edge, the pnalel@uces to a sequen-
tial composition problem.

Q

cr,r, co’,,0',
0,JL..1, _’EI_’CO“'O"

cr,I’ - cI,,1; €o0,,0,

Co,=> CI, CI,
—— ——
where

0, r,ur", co,=>cr,ACl”,

—» CO’,0"

0,= 0’,U0”,, CO,= CO’,A CO”,

Fig. 4. Composite Service



2.3 Requirements of an ideal Engine

Discovery and composition can be viewed as a single probéstovery is a simple
case of composition where the number of services involvembiposition is exactly
equal to one. The features of an ideal Discovery/Compaséimine are:

Correctness: One of the most important requirement for an ideal engine jgoduce
correct results, i.e, the services discovered and compipgeéddshould satisfy all the
requirements of the query. Also, the engine should be alfied@ll 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 fewanilliseconds. Here we
assume that the repository of services may be pre-procéissbgking, change in for-
mat, etc.) and is ready for querying. In case services aradua®d incrementally, then
time for pre-processing a service repository is a one-tifiegtehat takes considerable
amount of time, but gets amortized over a large number ofigsier

Incremental Updates: Adding or updating a service to an existing repository of ser
vices should take a small amount of time. A good Discoveryi@osition engine should
not pre-process the entire repository again, rather inengéaly update the pre-processed
data (indexes, etc.) of the repository for this new servised.

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

These requirements have driven the design of our semarairsd 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 ipéeable machine-to-
machine interaction over a network. It has an interfaceithdéescribed in a machine-
processible format so that other systems can interact WéhAfeb service through its
interface using messages. The automation of Web servie (@iscovery, composition,
etc.) can take place effectively only if formal semanticatggtions of Web services are
available. Currently, there are a number of approachesdseribing the semantics of
Web services such as OWL-S [4], WSML [5], WSDL-S [6], and USPL

3 A Multi-step Narrowing Solution

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

USDL is a language that service developers can use to sdecifial semantics of
Web services. In order to provide semantic descriptiongpfises, we need an ontol-
ogy that is somewhat coarse-grained yet universal, andiatilsconceptual level to



common real world concepts. USDL uses WordNet [9] which isfeicgently compre-
hensive ontology that meets these criteria. Thus, the “ingarof input parameters,
outputs, and the side-effect induced by the service is diyemapping these syntactic
terms toconceptsn WordNet (see [1] for details of the representation). lisabn of
USDL descriptions, thus makes services directly “sematyitsearchable. However,
we still need a query language to search this directoryweneed a language to frame
the requirements on the service that an application deeeligpseeking. USDL itself
can be used as such a query language. A USDL description adliesieed service can
be written, a query processor can then search the servieetaliy for a “matching”
service. Due to lack of space, we do not go into the detailsefanguage in this paper.
They are available in our previous work [2].

With the formal definition of the Discovery and Compositianiplem, presented in
the previous section, one can see that there can be manyaappsito solving the prob-
lem. Our approach is based on a multi-step narrowing of #ieficandidate services
using various constraints at each step. In this section weuds our Discovery and
Composition algorithms in detail. These algorithms can seduwith other Semantic
Web service description languages as well. It will involxéeading our implementa-
tion to work for other description formats and we are lookimigp that as part of our
future work.

3.1 The Service Discovery Algorithm

The discovery algorithm takes in the query parameters aoduges a list of matching
services. Our algorithm first uses the query output paraseted post-conditions to
narrow down the list of services in the repository. It getstadse services that produce
at least the query outputs (i.e., the output parametersiggdwby a service must be
equivalent to or be subsumed by the required output in theyyj@ad whose post-
conditions logically imply the query post-conditions. Rréhe list of services obtained,
we find the set of all inputs parameters of all services in tbte $ayl. Then a set of
unprovided inputs, sayl is obtained by computing the set difference ahd the query
inputsQI. Then the list of services is further narrowed down by remg\any service
that has even one of the inputs from theldetAfter all such services are removed, we
filter our list of services based on query pre-conditions t#redrequired side-effects.
The remaining list is our final list of services callB&sult Figure 5 shows a pictorial
representation of our discovery engine.

Service
Que_ry Converts Discovery Engine Converts directory
described | (implemented using | to terms with USDL
using to terms | Constraint Logic ~ ) o
USDL of logic Programming) of logic

v

List of Substitutable Services

Fig. 5. Discovery Engine
Algorithm: Discovery
Input: QI - Querylnputs, QO - QueryOutputs,
QCI - Pre-Conditions, QCO - Post-Conditions



Output: Result - ListOfServices

1. L+ NarrowServiceList(QO, QCO);

2. | « GetAllinputParameters(L);

3. Wl GetUnprovidedinputs(l, Ql); i.e., Ul =1- QI
4. S« FilterServicesWithUnprovidedInputs(UI, L);

5. Result— FilterServicesWithPreConditions(QCl, S);
6. Return Result;

3.2 The Service Composition Algorithm

For service composition, the first step is finding the set afjposable services. USDL
itself is used to specify the requirements of the composedcsethat an application

developer is seeking. Using the discovery engine, ind&lidarvices that make up the
composed service can be selected. Part substitution tpes[2] can be used to find
the different parts of a whole task and the selected serc@mede composed into one
by applying the correct sequence of their execution. Theecbsequence of execution
can be determined by the pre-conditions and post-conditibthe individual services.

That is, if a subservice&; is composed with subservié, then the post-conditions
of & must imply the pre-conditions af,. The goal is to derive a single solution,
which is a directed acyclic graph of services that can be am®g together to produce
the requested service in the query. Figure 7 shows a pitrepaesentation of our

composition engine.

In order to produce the composite service which is the grapishown in the ex-
ample figure 2, we filter out services that are not useful ferabmposition at multiple
stages. Figure 6 shows the filtering technique for the pdeidnstance shown in fig-
ure 2. The composition routine starts with the query inpuapeeters. It finds all those
services from the repository which require a subset of theryginput parameters. In
figure 6,C'[, I are the pre-conditions and the input parameters providatdguery.
S1 andS, are the services found after stepl,. is the union of all outputs produced
by the services at the first stage. For the next stage, thespailable are the query
input parameters and all the outputs produced by the pretage, i.eZ. =0, U [.
7, is used to find services at the next stage, i.e., all thosécearthat require a subset
of Z,. In order to make sure we do not end up in cycles, we get onlyetlservices
which require at least one parameter from the outputs peatiircthe previous stage.
This filtering continues until all the query output paramgt@re produced. At this point
we make another pass in the reverse direction to remove dedtiservices which do
not directly or indirectly contribute to the query output@aeters. This is done starting
with the output parameters working our way backwards.

=1 [ S lo 1=1U0 O 1=1UOo O 1=1UO o Jo
1 2 1 1l S 2 3 2 2| g 3 4 3 3| S 4 —
h SU Ua U US

Fig. 6. Composite Service
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> Discovery Module
(Discovery Engine + Servicg
__| Directory + Term Generator)

Composition Engine
. - (implemented using
Composed Service Constraint Logic
Programming

Pre-Cond(S) Post-Cond(S,) Post-Cond(S)
4, ............................. s,
Pre-Cond(S) Pre-Cond(S,) Post-Cond(S

2

Query
described
using
USDL
S)

Infer

Sub-queries

Fig. 7. Composition Engine

Algorithm: Composition

Input: QI - Querylnputs, QO - QueryOutputs, QCI - Pre-Con;@- Post-Cond
Output: Result - ListOfServices

. L+ NarrowServiceList(QI, QCI);
2. O« GetAllOutputParameters(L);
3. CO« GetAllPostConditions(L);
4. While Not (OO QO)

5. 1=QlUO;Cl+ QCIACO;
6

7

8

=

. L' « NarrowServiceList(l, CI);

. End While;

. Result— RemoveRedundantServices(QO, QCO);
9.Return Result;

4 Implementation

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

(Pre-Conditions, affect-type(affected-object, I, O)sPPGonditions)
The function symbohffect-typeis the side-effect of the service aaffected objects
the object that changed due to the side-effecs.the list of inputs and is the list of
outputsPre-Conditionsare the conditions on the input parameters Bost-Conditions
are the conditions on the output parameters. Services anexted to triples so that
they can be treated as terms in first-order logic and speethlinification algorithms
can be applied to obtain exact, generic, specific, part andlevubstitutions [2]. In
case conditions on a service are not provided RfeeConditionsand Post-Conditions
in the triple will be null. Similarly if the affect-type is H@vailable, this module assigns
a generic affect to the service.



Query Reader: This module reads the query file and passes it on to the Triple G
erator. We use USDL itself as the query language. A USDL dgtson of the desired

service can be written, which is read by the query reader andetted to a triple. This
module can be easily extended to read descriptions writtethier languages.

Semantic Relations Generator\We obtain the semantic relations from the OWL Word-
Net ontology. OWL WordNet ontology provides a number of usefemantic rela-
tions like synonyms, antonyms, hyponyms, hypernyms, nyensnholonyms and many
more. USDL descriptions point to OWL WordNet for the measinficoncepts. A the-
ory of service substitutionis described in detail in [2] eihuses the semantic relations
between basic concepts of WordNet, to derive the semaréitars between services.
This module extracts all the semantic relations and cresliss 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 processordoks ffor anexactsubsti-
tutable. If it does not find one, then it looks for a parametih Wwyponym relation
[2], i.e., aspecificsubstitutable.

2. On the input parameters of a service, the processor fokslfor anexactsubsti-
tutable. If it does not find one, then it looks for a parametih¥wypernym relation
[2], i.e., agenericsubstitutable.

The discovery engine, written using Prolog with CLP(FD)rdity, uses a repository
of facts, which contains a list of all services, their inpatdaoutput parameters and
semantic relations between parameters. The followingeistidle snippet of our engine:

discovery(sol(Qname,A)) :- dQuery(Qname,l,0), encodePa ram(O,0L),
/* Narrow candidate services(S) using output list(OL)*/

narrowO(OL,S), fd_set(S,FDs), fdset_to_list(FDs,SL),

/* Expand InputList(l) using semantic relations */

getExtinpList(l, ExtinpList), encodeParam(ExtInpList, IL),

/* Narrow candidate services(SL) using input list (IL)*/

narrowl(IL,SL,SA), decodeS(SAA).

Repository
of
USDL files

Triple

Generator
Output
Discovery/Compositioh Output Eile
Query Processor Generator
Semantic Relations /

Generator

Discovery/
IComposition
Query file

Y

OwWL
Wordnet
Ontology

Fig. 8. High-level Design



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

The engine will try to find a list oSolutionServicethat match theueryService

Composition Query Processor:Similar to the discovery engine, composition engine

is also written using Prolog with CLP(FD) library. It usesepository of facts, which

contains list of services, their input and output paranseterd the semantic relations
between the parameters. The following is the code snippatiio€omposition engine:

composition(sol(Qname,A)) :-

dQuery(Qname,_,_), minimize(compTask(Qname,A,SeqLen) ,SeqLen).
compTask(Qname, A, SeglLen) :- dQuery(Qname,Ql,QO), encod eParam(QO,0L),
narrowO(OL,SL), fd_set(SL,Sset), fdset_ member(S_Index ,Sset),
getExtinpList(Ql,InpList), encodeParam(InpList,IL), | ist_to_fdset(IL,Qlset),
serv(S_Index,Sl,_), list_to_fdset(Sl,SlIset), fdset_su btract(Slset,Qlset,Iset),
comp(Qlset,Iset,[S_Index],SA,CompLen), SeqLen #= CompL en + 1, decodeS(SA,A).

comp(_, Iset, A, A, 0) :- empty_fdset(Iset),!.
comp(Qlset, Iset, A, SA, SeqgLen) :-

fdset_to_list(Iset,OL), narrowO(OL,SL), fd_set(SL,Sse 1),
fdset_member(SO_Index,Sset), serv(SO_Index,Sl, ),

list_to_fdset(Sl,Slset), fdset subtract(Slset,Qlset, Diset),
comp(QIset,DIset,[SO_Index|A],SA,CompLen), SeqgLen #= C ompLen + 1.

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

The engine will try to find a.istOfServiceghat can be composed into the requested

gueryServiceOur engine uses the built-in, higher order predicate 'bagaeturn all

possibleListOfServiceshat can be composed to get the requesiaetyService

Output Generator: After the Discovery/Composition Query processor finds acimat

ing service, or the list of atomic services for a composediser the results are sent to

the output generator in the form of triples. This module gates the output files in any

desired XML format.

5 Efficiency and Scalability Issues

In this section we discuss the salient features of our sysitiéhrespect to the efficiency
and scalability issues related to Web service discoverycantposition problem. It is

because of these features, we decided on the multi-stepwiag based approach to
solve these problems and implemented it using constrajit frogramming.

Correctness: Our system takes into account all the services that can Isfisdtby the
provided input parameters and pre-conditions at everyaftepr narrowing algorithm.
So our search space has all the possible solutions. Our bagkwrrowing step, which
removes the redundant services, does so taking into acteeinutput parameters and
post-conditions. So our algorithm will always find a corrgetution (if one exists) in
the minimum possible steps. The formal proof of correctia@ssminimality is beyond
the scope of this paper.

Pre-processing:Our system initially pre-processes the repository and eds\all ser-
vice descriptions into Prolog terms. The semantic relatiare also processed and
loaded as Prolog terms in memory. Once the pre-processidgris, then discovery
or composition queries are run against all these Prologserml hence we obtain re-
sults quickly and efficiently. The built-in indexing schemred constraints in CLP(FD)
facilitate the fast execution of queries. During the pregasssing phase, we use the term



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

Execution Efficiency: The use of CLP(FD) helped significantly in rapidly obtaining
answers to the discovery and composition queries. We tidalifarocessing times for
different size repositories and the results are shown iti®Ge6. As one can see, after
pre-processing the repository, our system is quite effiéGreprocessing the query. The
guery 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 numberilbfitéeatures such
as indexing, set operations, and constraints and henceotliteme to spend time cod-
ing these ourselves. This made our approach efficient irstefmprogramming time as
well. Not only the whole system is about 200 lines of code,etalso managed to
develop it in less than 2 weeks.

Scalability: Our system allows for incremental updates on the repositeryonce the
pre-processing of a repository is done, adding a new seosiagdating an existing
one will not need re-execution of the entire pre-procesphese. Instead we can easily
update the existing list of CLP(FD) terms loaded in the mgnaord run discovery and
composition queries. Our estimate is that this update tiifide/ negligible, perhaps a
few milliseconds. With real-world services, it is likelyahnew services will get added
often or updates might be made on existing services. In swesa, avoiding repeated
pre-processing of the entire repository will definitely leeded and incremental update
will be of great practical use. The efficiency of the incretaénpdate operation makes
our system highly scalable.

Use of external Databaseln case the repository grows extremely large in size, then
saving off results from the pre-processing phase into sottegreal database might be
useful. This is part of our future work. With extremely lamgpositories, holding all the
results of pre-processing in the main memory may not beligadin such a case we
can query a database where all the information is storedlykgpincremental updates

to the database is easily possible thus avoiding reconipotat 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 constreonget the optimal solution
is relatively easy with the constraint based approach. kamele, if each service has
an associated cost, then the discovery and the compositidohemn can be redefined
to find the solutions with the minimal cost. Our system candsélg extended to take
these global constraints into account.

6 Performance

We evaluated our approach on different size repositoriddaioulated Pre-processing
and Query Execution time. We noticed that there was a signifidifference in pre-
processing time between the first and subsequent runs @feting all the previous
pre-processed data) on the same repository. What we fouthdtishe repository was
cached after the first run and that explained the differemtled pre-processing time for
subsequent runs. We used auto-generated repositorie¥¥@hallenge website[13],
slightly modified to fit into USDL framework. Table 3 shows figmance results for



our Discovery Algorithm and table 4 shows results for Confipas. The times shown
in the tables are the wall clock times. The actual CPU timeéepocess the repository
and execute the query should be less than or equal to the ek tme. The results
are plotted in figure 9. The graphs exhibit behavior conststéth our expectations: for
a fixed repository size, the preprocessing time increasésthe increase in number of
input/output parameters. Similarly, for fixed input/outpizes, the preprocessing time
is directly proportional to the size of the repository. Heee what is surprising is the
efficiency of service query processing, which is negligifjist 1 to 3 msecs) even for
complex queries with large repositories.
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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 actae @irresearch recently
[14,16, 17]. Most of these approaches are based on captilméniprmal semantics of
the service using an action description languages or sonaokiogic (e.g., description
logic). The service composition problem is reduced to alag problem where the
sub-services constitute atomic actions and the overallcgedesired is represented by
the goal to be achieved using some combination of atomior&tiA planner is then
used to determine the combination of actions needed to tbachoal. In contrast, we
rely more on WordNet (which we use as a universal ontology) thie meronymous



relationships of WordNet lexemes to achieve automatic amitipn. To the best of
our knowledge, most of these approaches that use planréngstricted 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 domairfismedblogy (speci-
fied in OWL/DAML), namely, to discover/compose such sersitge engine has to be
aware of the domain specific ontology. Thus, for these ambres a completely general
discovery and composition engines cannot be built. Addéity, the domain specific
ontology has to be quite extensive in that any relationdhgh tan possibly exist be-
tween two terms in the ontology must be included in the omgpltn contrast, in our
approach, the complex relationships (USDL concepts) tlightie used to describe
services or their inputs and outputs are part of USDL deBorip and not the ontology.
Note that our approach is quite general, and it will work forrghin specific ontolo-
gies as well, as long as the synonym, antonym, hyponym, hypgrmeronym, and
holonym relations are defined between the various termseaftiology.

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

Another related area of research involves message cotiegrsamnstraints, also
known as behavioral signatures [15]. Behavior signaturdetsodo not stray far from
the explicit description of the lexical form of message®ytlexpect the messages to
be lexically and semantically correct prior to verificatioia model checking. Hence
behavior signatures deal with low-level functional impbsrtation constraints, while
USDL deals with higher-level real world concepts. HowewdgDL and behavioral
signatures can be regarded as complementary concepts akemih the context of
real world service composition and both technologies areeatly 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 senmatirtdo fully-automatic
manner we need infrastructure to publish Web services, rdenti them and query



repositories for matching services. Our semantics-bappdoach uses USDL to for-
mally document the semantics of Web services and our disg@vel composition en-
gines find substitutable and composite services that bastrtize desired service.

Given semantic description of Web services, our solutiamdpces accurate and
quick results. We are able to apply many optimization teghes to our system so that
it works efficiently even on large repositories. Use of Caaist Logic Programming
helped greatly in obtaining an efficient implementationta$ system.

Our future work includes extending our engine to work withetweb services
description languages like OWL-S, WSML, WSDL-S, etc. THissld be possible as
long as semantic relations between concepts are providedl involve extending the
TripleGenerator QueryReaderandSemanticRelationsGeneratorodules. We would
also like to extend our engine to support an external dagatmesave off pre-processed
data. This will be particularly useful when service reposés grow extremely large in
size which can easily be the case in future. Future work alstudes developing an
industrial-strength system based on the research reporteés paper, in conjunction
with a system that allows (semi-) automatic generation obUS8escriptions from the
code and documentation of a service [22].
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