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with the ongoing business. A SOA can be seen as a complex

Preview system with manifold services as well asn dependencies
This document is a preview version between services and applications:
and not necessarily identical with « An application may need various service functionalities.
the original. . Different applications may need the same service func-
http://www.it-weise.de/ tionality.
o A certain functionality may be provided by multiple
services.

Abstract—Semantic web service composition is about finding ] L .
services from a repository that are able to accomplish a specified Bus_lness how depends on the ayallablllty of service func-
task if executed. The task is defined in a form of a composition tionality, which is ensured by service management. Manual

request which contains a set of available input parameters and a service management however becomes more and more cum-
set of wanted output parameters. Instead of the parameter Vaes, bersome and ineffective with a rising number of relations

concepts from an ontology describing their semantics are passedb tween rvices and applications. Here. self-orqanizati
to the composition engine. The parameters of the services in the etween service PP : » Seli-org

repository the composer works on are semantically annotated in prom_ises a solution _for finding services that offer a specific
the same way as the parameters in the request. The composerfunctionality automatically.

then finds a sequence of services, called a composition. If the  Self-organizing approaches need a combination of symtacti
input parameters given in the request are provided, the services 5,4 semantic service descriptions in order to decide whethe

of this sequence can subsequently be executed and will finally . id ted functi lit £ C
produce the wanted output parameters. a service provides a wanted functionality or not. Common

In this paper, three different approaches to semantic web Syntactic definitions like WSDL [5] specify the order and tgpe
service composition are formally defined and compared with each of service parameters and return values. Semantic interfac
other: an uninformed search in form of an IDDFS algorithm, a  description languages like OWL-S [6] or WSMO [7, 8]
greedy informed search based on heuristic functions, and a multi- annotate these parameters with a meaning. While WSDL can
objective genetic algorithm. . Lo .

be used to define a parametgiison of the typesting , with
. INTRODUCTION OWL-S we can define thatyisbn expects asting which

The necessity for fast service composition systems is (éabgtually contains arseN. Via a taxonomy we can now dedluce
rectly connected with the emergence of Service-Oriented A at values which are annot.ated as eitisen-10 or ISBN-13
chitectures (SOA). Today, companies rely on IT-architexgu can be passed to J.[hls setvice. .
which are as flexible as their business strategy. The saftafar A wanted f“PCt'O”?‘"‘V is defined by a set_ of reqwred_
an enterprise must be able to adapt to changes in the busirﬁa%t qt an_d a_vgllable Input paramett_ars. A sefvice offer_s thi
processes like accounting, billing, the workflows, and even unctionality if it can be executed with these availableunp
the office software. If external vendors, suppliers, or comgrs parameters and its return values. contain the negded output
change, the interfaces to their IT systems must be newf Iue;. In order to find such services, the semantic concepts
created or modified too. Hence, the architecture of corpora?c their parameters are matched rather than their syntdatic

software has to be built with the anticipation of changes ar%oes. . .
updates [1, 2]. Many service management approaches employ semantic

e§gervice discovery [9, 10, 11, 12]. Still, there is a subsshnt
lack of research on algorithms and system design for fast
fesponse service discovery. This is especially the caserin s

A SOA is the ideal architecture for such systems [3, 4]. S
vice oriented architectures allow us to modularize theriess
logic and to implement it in the form of services accessihle
a network. Services are building blocks for service proegss 11h .

ere are two formats for International Standard Book Numf&BNs),

which represent the workflows of an e_nterpri_se. Th_ey Can_t%%N-lO and ISBN-13, see alguitp://en.wikipedia.org/wiki/lsbtaccessed 2007-
added, removed, and updated at runtime without interferingz.


http://en.wikipedia.org/wiki/Isbn

vice composition where service functionality is not neegibs The search space that needs to be investigated in web service
provided by a single service. Instead, combinations ofisesv composition is the set of all possible permutations of all
(compositiony are discovered. The sequential execution gfossible sets of services. Let us therefore define the operat

these services provides the requested functionality. promising which obtains the set of all servicase S that
produce an output parameter annotated with the condept
[I. SEMANTIC SERVICE COMPOSITION (regardless of their inputs).
In order to discuss the idea of semantic service composition
properly, we need some prerequisites. Therefore, let tiallgi Vs € promising(A) 3B € s.out : subsumes(A, B)  (2)
define the set of all semantic concepts All concepts that
exist in the knowledge base are membersvbfand can be [1l. UNINFORMED APPROACHES- IDDFS
represented as nodes in a wood of taxonomy trees. The most general and straightforward approach to web

Definition 1 (subsumes)Two conceptsA, B € M can be service composition is the uninformed search. Uninformed
related in one of four possible ways. We define the predicaggarch algorithms do not make use of any information differe
subsumes : (M x M) ~— {true ,false } to express this from goal predicates as defined in We can build such a

relation as follows: composition algorithm based on iterative deepening dépth-
1) subsumes(A, B) holds if and only ifA is a generaliza- search. It is only fast in finding solutions for small service
tion of B (B is then a specialization of). repositories but optimal if the problem requires an exhegst

2) subsumes(B, A) holds if and only ifA is a specializa- search.
tion of B (B is then a generalization of).
3) If neithersubsumes(A, B) nor subsumes(B, A) holds,  Algorithm 1: S = IDDFSComposition(R)

A and B are not related to each other. Input: R the composition request
4) subsumes(A, B) andsubsumes(B, A) istrue ifand  Dpata: mazDepth, depth the maximum and the current
only if A= B. search depth
The subsumes relation is transitive, and so are generalization Data: in, out current parameter sets
and specialization. Output: S a valid service composition solving

If a parameter: of a service is annotated with and a value begin
y annotated withB is available, we can set =y and call the , mazDepth «—— 2
service only ifsubsumes(A, B) holds €ontravariancg. This repeat
means that: expects less or equal information than given iry S« dl_dfs(R.in, R.out, (1)

Y- 5 maxDepth «—— maxDepth + 1

From the viewpoint of a composition algorithm, there is ng | yntjl § £ ¢

need for a distinction between parameters and the annotatednq

concepts. The sef contains all the services known to

the registry. Each service € S has a set of required input )

conceptss.in C M and a set of output conceptsout C M ° Pegin

which it will deliver on return. We can trigger a service if wa® | foreachAcoutdo

can provide all of its input parameters. 1 foreach s € promising(A) do
Similarly, a composition requesk always consists of a*? wanted — out

set of available input concept®.in C M and a set of = foreach B € wanted do

8 dl_dfs(in, out, composition, depth)

requested output concepB.out C M. A composition al- ** L if 3C' € s.out : subsumes(B, C) then

gorithm discovers a (topologically sorted) set iofservices wonted «— wanted \ {B}

S = {51,50,...,8,} 1 S1,...,8, € S. As shown in1, the 15 foreach D € s.in do

first service(s,) of a valid composition can be executed withé L if AE €in:subsumes(D,E) then

instances of the input conceptin. Together withR.in, its wanted «— wanted U {D}

outputs §l.out) are available for executing the next servicer comp «— s @ composition

(s2) in S, and so on. The composition provides outputs that if wanted = then

are either annotated with exactly the requested condepts: 19 \ return comp

or with more specific onegévariancg. For each composition 20 else

solving the requesR, isGoal(.S) will hold: 21 if depth < maxDepth then comp «+—
di_dfs(in, wanted, comp, depth + 1)

isGoal(S) < VA € s1.in 3B € R.in : subsumes(A, B)A
VA € s;in,i € {2.n}
dB € R.inU s;_1.out U...U sq.out : subsumes(A, B)A
VA € R.out 3B € sj.out U...U s,,.out U R.in :
subsumes(A, B) (1)

22 if comp # () then return comp

23 return 0
24 end




1 builds a valid web service composition starting from theAlgorithm 3: 7 = c (51, S2)

back. In each recursion, its internal helper methodifdl tests
all elementsA of the setwanted of yet unknown parameters.
It then iterates over the set of all serviceshat can provide
A. For every singles, wanted is recomputed. If it becomes
the empty sef), we have found a valid composition and ca
return it. If dl_dfs is not able to find a solution within the3
maximum depth limit (which denotes the maximum numbey
of services in the composition), it returifis The loop in1
iteratively invokes dl dfs by increasing the depth limit step

by step, until a valid solution is found.
7

IV. AN (INFORMED) HEURISTIC APPROACH 8

The IDDFS algorithm just discussed is slow and memory
consuming for bigger repositories since it does not utilize
any additional information about the search space. If we use
such information, we can increase the efficiency of the $eate
remarkably. In an informed search, a heuristichelps to 13
decide which nodes are to be expanded next. If the heuristic
is good, such algorithms may dramatically outperform unirs

Input: S7,.S; two composition candidates
Output: r € Z indicating whetherS; (r < 0) or Sy

(r > 0) should be expanded next

i1 «— |wanted(S)]

ig < |wanted(Ss)|

if 71 =0 then

L if i =0 then return |S;| — |Sa|

1 begin

else return —1

if i, =0 then return 1

e1 «— |eliminated(Sy)|

ea — |eliminated(Ss)|

if e1 > ep then return 1

else ife; < ey then return —1

if i1 < iy then return —1

else ifi; > iy then return 1

if |S1| # |S2| then return |Sy| — |S:]
return |known(S1)| — |known(Ss)|

formed strategies [13, 14]. As second composition method weend
therefore define a greedy algorithm that internally sores th
list of currently known candidate compositionsdascending
order according to a heuristic in form of a comparator fuocti

- : - First, it compares the number of wanted parameters. If a
¢:§" € R. The comparator function(Sy, S) will be below o nasition has no such unsatisfied concepts, it is a valid

zero if 5, seems to be closer to the solution thda and  gqytion. If both,S; and S, are valid, the solution involving
greater than zero LS2_ is a more prospective car_1d|date. ThuSewer services wins. If only one of them is complete, it
the best elements will be at the end of the [itin 2. also wins. Otherwise, both candidates still have unsatisfie
concepts. Only if both of them have the same number of
satisfied parameters, we again compare the wanted conlfepts.
their numbers are also equal, we prefer the shorter coniqosit
candidate. If even the compositions are of the same length,
we finally base the decision of the total number of known

Algorithm 2: S = greedyComposition(R, c)
Input: R the composition request
Data: X the sorted list of compositions to explore
Output: S the solution composition found, dr

1 begin concepts.

2 | X — Uvacr.ou(promising(A)) V. A GENETIC APPROACH

j Whl|)e( )jg)ftc()descending X.o) Evolutionary algorithms (EAs) [15, 14] are generic,

. g popLastElemen{(X’) populqnon-bqsed_ meta—heunsfuc opt!m|zat|on glgorﬂ;hﬂnat

. if isGoal(S) then retum S use b|ology—|nsplred mech.anlsms I|ke_ mutation, crossover

i foreach A ¢ wanted(S) do natural sglectlon anq survival of the fittest. The a'ld\./ant.age

5 foreach s € promising(A) do of evolutlionary algorithms compared to other optimization

o L L X — appendList(X, s & S) methpds is that they make only few assumptions about the un-

’ derlying fitness landscape and therefore perform congigten

. well in many different problem categories.

10 | return 0

All evolutionary algorithms proceed in principle accorglin
to the scheme illustrated iix

1) Initially, a population of totally random individuals is

We can easily derive different comparator functions for created.
web service composition. In our experiments and real-world 2) All of them are tested for their utility as solution.
experiences, the function.,,,, has proven to be most effi- 3) Based on this evaluation, fitness values are assigned to
cient. It combines the size of the set unsatisfied parameters them.
VA € wanted(S) = 3s € S: A € siinANA & known(S), the 4) A subsequent selection process filters out the indivilual
composition lengths, the number of satisfied paramét&rs with low fithess and allows those with good fitness to
eliminated(S) = 3s € S : B € s.in A B € known(S), and enter the mating pool with a higher probability.
the number of known concepksiown(S) = R.inUyscg s.out 5) Inthe reproduction phase, offspring is created by varyin
as defined irs. or combining solution candidates.

11 end




Initial Population result a random number of times in order to create a new

create an initial individual.

population of random 1) The Comparator Function and Pareto Optimizatioks
driving force for the evolutionary process we can reuse the
comparator functiom.,,, as specified as for the greedy search

Evaluation I: Fitness Assignment in 3 on the preceding pag#t combines multiple objectives,

compute the objective use the objective values putting pressure towards the direction of
values of the to determine fitness

individuals values « compositions which are complete,

« small compositions,
« compositions that resolve many unknown parameters, and
« compositions that provide many parameters.

Reproduction Selection On the other hand, we could as well separate these single
et e Amildlnall select the fittest indi- aspects into different objective functions and apply thdtimu
from the selected ones b.\'@"id“‘”“ tows eyl objective Pareto optimization technique. This has the Hemk
crossover and mutation that it spreads the pressure of the optimization process ove

. . . ) the complete Pareto frontier.
Fig. 1: The basic cycle of evolutionary algorithms.

e

6) If the termination criterion is met, the evolution stopsg

here. Otherwise, it continues at step 2. g

For the reproduction of solution candidates, EAs employ

two different operators:

« Mutation slightly modifies one existing individual and ~—SCheration 5

« crossover combines two solution candidate, creating off-
spring with features of both.

¢ —_generation o

A. An Evolutionary Composition Algorithm 2 5 ge“eration 2

In order to use a evolutionary algorithm to breed web servic@rrect compositions (i.e. wanted(s)=0) composition size (\ST)
compositions, we first need to define a proper genome able _ . . .
to represent service sequences. A straightforward yeiesffic El'g 2'£hA sketch of the Pareto front in the genetic compositio
way is to use (variable-length) strings of service iderfie 2'90MtNM.
which can be processed by standard genetic algorithms., Then

we also could apply standard creation, mutation, and cvesso 2 visualizes the multi-objective optimization problem “web

operators. service composition” by sketching a characteristic exampl

However, by specifying a specialized mutation operatiqg, paretq frontiers of several generations of an evolatipn
we can make the search more efficient. This new operatigy ithm_ n2, we concentrate on the two objectivesm-
either deletes the first service i (via mutate) or adrc]is position sizeand number of wanted (unsatisfied) parameters
a promising service t (as done inmutates). Using the Obviously, we need to find compositions which are correct,

adjustable variable as a threshold we can determine Whethq.re” where the latter objective is zero. On the other hand, a

the search should prefer growing or shrinking the SOIUtiOé]vqution guided only by this objective can (and will) proeu

candidates. compositions containing additional, useless invocatiafis
_ {s2,83,...,85} if[S]>1 services not related to the problem at all. The size objectiv
mutate; (S) = { S otherwise ) is thus to be minimized.
mutates(S) = s®S: A wanted(S)A (4) In the example, the first five or so generations are not able
s € promising(A) to produce good compositions yet. We can observe that longer

compositions tend to provide more parameters (and have thus
(5) a lower number of wanted parameters). In generation 20,

the Pareto frontier is pushed farther forward and touches th

A new operation for building the initial random configuraabscissa — the first correct solution is found. In the germrat

tions can be defined as a sequencenaftates invocations of to come, this solution is improved and useless service calls
random length. Initiallymutates (9) will return a composition are successively removed, so the composition size destease
consisting of a single service that satisfies at least ongnpar There will be a limit, illustrated as generation 50, where th
eter in R.out. We iteratively applymutates to its previous shortest compositions for all possible valueswinted are

mutater (S) if random() > o



TABLE I: Experimental results for the web service composergg|ution (solution depth). In spite of this correctnessitays

Test Size of No.of No.of —IDDFS Greedy GA was a magnitude slower than the greedy search which provided
Composi. Concepts Services — (ms) (ms) (ms) the same level of correctness.
1 5 56210 1000 — 241 34 376
2 12 56210 1000 — - 51 1011 VI. RELATED WORK
3 10 58254 10000 — - 46 1069
4 15 58254 2000 — - 36 974 A. SWSDS
5 30 58254 4000 — - 70 6870 "
6 40 58254 8000 — i 63 24117 SWS_D§ composﬂpn system_ [20, 21]_can be u;ed_ for both,
7 1 1590 118 — <16 <16 290 syntactic and semantic matching by simply switching a so-
8.1 2 15540 4480 — <16 <16 164 called search index. SWSDS uses a composition algorithm
52 R Ry Sy S similar to our uninformed IDDFS variant but extended with th
8.4 2 15540 4480 — <16 <16 234 constraint that each service is only considered one timesto b
8.5 3 15540 4480 — <16 <16 224 part of a composition. This mitigates the weak performarfce o
8.6 3 15540 4480 — <16 = <16 = 297 the uninformed search but trades in the guaranteed optymali
8.7 4 15540 4480 — 18 24 283
8.8 3 15540 4480 — <16 <16 229 of the result.
8.9 2 15540 4480 — <16 <16 167
11.1 8 10890 4000 — - 31 625 B. Zhang et a|.
11.3 2 10890 4000 — - 21 167
11.5 4 10890 4000 — 22021 <16 281 In their composition system [22], Zhang et al. utilize hash
e > acoen  oon 200380 <16 %, tables that map the service to their output and to their input
13 6 43680 2000 — 250 32 422 parameters. Using these tables, both forward and backward

service composition, can be performed based on breadth-
first search. A backwards search (like in our own approach)

found. From now on, the Pareto front cannot progress aﬁyccessively finds services that provide unknown parasieter
further and the optimization process has come to a rest. until all wanted outputs are satisfied. Forward searchingnae

As you can see, pure Pareto optimization does not Or{@at services that can be invoked with the known parameters
seek for the best correct solution but also looks for the bedf¢ iteratively added to the composition until all wanted
possible composition consisting of only one service, fa tfPUtPuts can be generated. Zhang et al. made the experience
best one with two service, with three services, and so ors Thpat backward searching outperforms forward search. Since
spreading of the population slows down the progress into t8807 they apply heuristics based on the number of branches
specific direction wherevanted(S) decreases. and parameters of service compositions [23].

The comparator functiorr.,,, has proven to be more
efficient in focusing the evolution on this part of the search- USDL
space. The evolution driven by this function is superior in The composition engine of Kona et al. is based on the
performance and hence, is used in our experiments. Universal Service-Semantics Description Langugg&DL).
WSDL files in the service repository and the composition
. o ] requests are transformed to USDL. After that, a composer

In| we illustrate the mean processing times that the differefitten in Prolog can process and solve them [24]. In 2007, a
algorithms introduced in this report when applied multiplg,st-order logic approach based on Constraint Logic Progra

times to various composition tasks. The test sets are baggglg over finite domains (CLP(FD)) was used for solving the
on the international Web Service Challenge [16, 17, 18] andqgyests [25].

more thoroughly discussed in [19]. They feature knowledge
basedM and service registrieS of different sizes, as well asp. The SCE

_avarlety of composition lengths. We have repeated the e>_<per_|_he Multiagent Web Service Composition Engit@CE)

[92%] consist of two primary architectural components: the
relations between them Java Agent Development FramewdrlJADE) and a service
' I%ascription repository. Here, services as well as comiposit

The IDDFS approach can only solve smaller problems al I Lests are represented by agents. These agents comaunica
becomes infeasible very fast. When building simpler composrl quests are repres y agents. seagenis uni

tions though, it is about as fast as the heuristic approaklthw with e?czl gther d and sol\;]e tT.E rsgtgafts gosogzratwel?/. In
was clearly dominating in all categories. On the downside, gneral, Al-based approaches 1ike an are slower

heuristic may be misleading in some cases and could Ieadzﬁgn optimized problem specific methods like the greedy

a very long computation time in the worst case. gor_ithm applied by us, as proved in the 2006/2007 Web
The genetic algorithm (population site 1024) was able t%erwce Challenges.

resolve all comp95|tloq requests correctly fqr all knovqed. 2SWSDS = SEWSIP Web Service Discovery System, SEWIP = Semantic
bases and all registry sizes. It was able to build good swisti \web services Integration Platform

regardless how many services had to be involved in a valicPhttp:/jade.tilab.comfaccessed 2007-10-25]

B. Experimental Results

themselves are not so important, rather are the proporéinds


http://jade.tilab.com/

E. jUDDI+ v !
( iti -base eb Service
jUDDI+ [27] is an extended version of the open source e ot areor [ terioos
UDDI [28] implementation by the Apache Software Foun- [
dation. jJUDDI+ does not focus on pure semantic matchin = ‘:
but is also able to cope with non-exact matching and effe Planner | Shcoased |

duplication. Therefore, it uses the description logicsebas I |Apgllilce:ttion|
reasoner MaMaS-trig The connection to UDDI provides

versatility but also brings overhead which slows down the
composition system in direct comparisons to ours performed

at the 2006/2007 WSCs.

Dataset

Service
Registry

Knowledge
Base

VIl. THE ADDO COMPOSITIONSYSTEM I T ]

. . . . . IDDFS
The composition algorithms discussed in this paper are Composer

utilized by the ADDOaction project, which allows business L I I I )
applications to perform semantic service discovery and-com
position. In [? ], we presented the ADDOaction discovery and

Heuristic
Composer

Genetic Algorithm
Composer

Fig. 4. The composition system.

)

Business Applications

Message Mediation &

Web Services

Web Shop Portal

resources and chooses the composition algorithm that seems
to be most appropriate for the given problem.

The software modules encapsulating the algorithms intro-
duced in this paper have direct access toKnewledge Base
and to theService RegisterAlthough every algorithm and
composition strategy is unique, they all work on the same
data structures. One or more composition algorithms stige t
composition challenge and pass the solution t8AX-based
Output Writer a very fast XML output generator. The resulting
document is then returned through the Web Service Interface

Monitoring System
Book-Wholesaler A
Mediator
XSLT
S Book-Wholesaler B
Compostition

Composition System

————

Service Registry

Book-Wholesaler C

I

Fig. 3: Service Integration and Mediation.

KnowledgeBase

mediation system for Web Service integration. The system
uses WSDL descriptions enriched with the Mediation Contract b
Extension (MECE). It is able to automatically generate the
XSLT [29] documents necessary to convert the arbitrarily gefSorvice(String)
complex message formats used for the data exchange between ! !
the services. Furthermore, it also automatically discowerd v v
integrates plugins needed for the message exchange where
XSLT does not suffice. XSLT is, for instance, not able to
convert between different data types or units like différen
currencies. This can only be performed by additional sawa
components which can be added as plug-ins into the system
at runtime. The ADDOaction system integrates the necessary
plug-ins into the compositions and the mediation system is
now able to provide transparent access to the service compo-
sitions exactly as specified in the composition request by th
cI|eAnt appll|cat.|on. . , The knowledge base and the service register are constituted
n application accesses the composition system |Ilusiratg

in 4 by submitting a service request through Wi&eb Service illy S',;;:ZQ(??]SS c};;?a enc(e:zlssc?éeo ?E;ert)t ?g\;ji dsegr}[/rllcéem,etﬁz d
Interfaceand also provides the service descriptions and thelﬁ:)misin Which corresponds tg ths redicaieomisi
semantic annotations in form of WSDL and XSD formattel] 9 P o the p at MSING

. . |Btroduced in2. In order to determine its result, all the special-
files or OWL-S descriptions. These documents are parsEdizgtions of the concept have to be traversed and their piogis
a fastSAX-based Input ParseThe composition process itself P prog

: . services have to be accumulated. The crux of the routine is
is started by theStrategy Planemwhich allocates the system : :
that this costly traversal is only performed once per cohcep

Our experiments have shown that the resoumwemoryis
not a bottleneck even for largest service repositories.celen

& concepts: Conceptl ]

services: Servicel ]

Constructor()

getConcept(String)

Service Concept

& name String name: String

&  in: Conceptl] promisingServices: Servicel |

@ out: Conceptl] specializations: Conceptl |

B e e

generalization: Concept

Constructor(String Conceptl L. — — —
gefInGy: Conceptl) Constructor(String)

omising(): List
getOut(: Conceptl 1 promisingQ: Li

subsumes(Concept)

Fig. 5: The knowledge base.

4http://sisinflab.poliba.it/ MAMAS-tngfaccessed 2007-10-25]
Shttp://www.vs.uni-kassel.de/ADDO/
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promising

caches its results. This caching is done in a4] Thomas Erl. Service-Oriented Architecture (SOA): Con-

way that is thread-safe on one hand and does not need any cepts, Technology, and Design The Prentice Hall
synchronization on the other. The same holds for all featafe
the knowledge base: multiple algorithms may run in parallel

using the same knowledge base without any synchronization-
induced delay, race conditions or inconsistencies.

VIIl. CONCLUSIONS

In this research work, we have formally defined and evalu-
ated three different approaches for web service compasitio

an uninformed search, an informed search, and an evolu-

[5]

Service-Oriented Computing Series from Thomas Erl.
Prentice Hall PTR, August 2, 2005. ISBN 978-
0131858589.

David Booth and Canyang Kevin LidMeb Services De-
scription Language (WSDL) Version 2.0 Part O: Primer
World Wide Web Consortium (W3C), June 26, 2007.
W3C Recommendation. Online available rtp://www.
w3.0rg/TR/2007/REC-wsdI20-primer-20070626ssed 2007-

09-02].

tionary algorithm. The uninformed search proofed gengrall [6] Anupriya Ankolekar, Mark Burstein, Grit Denker, Daniel
unfeasible for large service repositories. It can only mlev
a good performance if the resulting compositions are very

short. However, in case that a request is sent to the composer
which cannot be satisfied, even heuristic approaches have to

test all valid service combinations and thus cannot be bette
than IDDFS.

In practical experiments based on the data sets of the Web
Service Challenge, superior performance could be measured

by utilizing problem-specific information encapsulated an

fine-tuned heuristic function to guide a greedy search. Thi§7]
approach is more efficient than the other two tested variants

by a magnitude.
Evolutionary algorithms are much slower, but were also
always able to provide correct results to all requests. Tdtpu

simple, the problem of semantic composition as defined in the
context of the WSC [16] is not complicated enough to fully[8]

unleash the potential of EAs. Here, they cannot cope with
the highly efficient heuristic used in the greedy search. We
anticipate that, especially in practical applicationsgitidnal

requirements will be imposed onto a service composition en-

gine. Such requirements will include quality of service 8)o

the question for optimal parallelization, or the generatad

complete BPEL [30] processes. In this case, heuristic bearc
will most probably become insufficient but EAs will still be
able to deliver good results.
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