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ABSTRACT

Web service composition enables seamless and dynamiaanteg
tion of business applications on the web. The performandaef
composed application is determined by the performanceeoirth
volved web services. Therefore, non-functional, qualftgervice
(QoS) aspects (e.g. response time, availability, etc.) careial
for selecting the web services to take part in the compasitide
problem of identifying the best candidate web services fagat of
functionally-equivalent services is a multi-criteria giéon making
problem. The selected services should optimize the ov@e of
the composed application, while satisfying all the coristsaspec-
ified by the client on individual QoS parameters. In this pape
propose an approach based on the notion of skyline to aefégti
and efficiently select services for composition, reducimg num-
ber of candidate services to be considered. We also discwgs h
provider can improve its service to become more competéive
increase its potential of being included in composite aapions.
We evaluate our approach experimentally using both reakgnd
thetically generated datasets.

Categories and Subject Descriptors

H.3.5 [On-line Information Services]: Web-based services; H.3.4
[Systems and Softwarg Distributed systems

General Terms
Management, Performance, Measurement

Keywords

Web Services, QoS, Optimization, Service Composition

1. INTRODUCTION

Recently, there has been a growing trend for businesses-to ou
source parts of their processes, so as to focus more on threiac-
tivities. In addition, Web users often need to compose wiffeser-
vices to achieve a more complex task that cannot be fulfilledrb
individual service. Web services provide the means for seem-
less integration of business processes across orgamiabtiound-
aries. Industry standards, namely WSDL, UDDI, WS-BPELsgxi
for describing, locating and composing web services.

Following the Service-oriented Architecture paradignmpos-
ite applications are specified as abstract processes cenhpbs
set of abstract services. Then, at run time, for each alvsteadice,
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a concrete web service is selected and used. This ensusesdoo-
pling and flexibility of the designQuality of Service (Qo$)aram-
eters (e.g. responsiveness, availability, throughpwy @l major
role in determining the success or failure of the composetiap
tion. Therefore, &ervice Level Agreement (SLidpften used as a
contractual basis between service consumers and serdeiel@rs
on the expected QoS level. QoS-based service compositiog ai
at finding the best combination of web services that satisfgtaf
end-to-end QoS constraints in order to fulfill a given SLA.
Example. Figure 1 shows an example of a web application for
finding the best used car offers. The users submit their stgue
to the system, specifying some criteria for selecting ths ¢a.g.
brand, type, model). The system then returns a list of thedffess
along with a credit and an insurance offer for each car onigte |
The composed application can be exposed to users as a wateserv
API or widget, programmatically accessible or directlyemtated
into their web applications using a Mashup tool.

CreditOffer
ws
InsuranceOffer
ws

Figure 1: Example of Service Composition
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In this example, some tasks likésedCarSearclor CreditOffer
are outsourced (illustrated as gray boxes in Figure 1) aediated
via web service calls. For these outsourced tasks, muligneices
may be available providing the required functionality butthwdif-
ferent QoS values. Users are typically unaware of the irber-
vices, and they specify their QoS requirements in the SLA&IME
of end-to-end QoS constraints (e.g. average end-to-emdmes
time, minimum overall throughput, maximum total cost). Qual
of QoS-based service composition is to select one servigermer
vice configuration for each outsourced task such that theeggted
QoS values satisfy all the application level QoS constsaint

This problem becomes especially important and challengsg
the number of functionally-equivalent services offerectoeweb
at different QoS levels increases. According to [1], theas been
a more thari30% growth in the number of published web services
in the period from Octobe2006 to October2007. The statistics
published by the web services search engine Sekkalab indi-
cate an exponential increase in the number of web servioeis ov
the last three years. Moreover, it is expected that with tiodifp
eration of the Cloud Computing and Software as a Service5aa
concepts [5], more and more web services will be offered en th

http://webservices.seekda.com/



web at different levels of quality. The pay-per-use busmasdel
promoted by the cloud computing paradigm will enable servic
providers to offer their (software) services to their castos in dif-
ferent configurations with respect to QoS properties. Teseit

is expected that service requesters will be soon faced wiithge
number of variation of the same services offered at diffefgoS
levels and prices, and the need for an automatic servicetiele
method will increase.

2. RELATED WORK

During the last years, the problem of QoS-based web service
selection and composition has received a lot of attentiombyy
researchers. In [9] the authors propose an extensible Qufuta-
tion model that supports an open and fair management of Q@S da
by incorporating user feedback. However, the problem of -QoS
based composition is not addressed by this work. The worlen§Z
at al. [22, 23] focuses on dynamic and quality-driven séecof

Hence, performing an exhaustive search to find the best eombi services. The authors use global planning to find the besicger

nation that satisfy a certain composition level SLA (i.ed¢o-end
QoS constraints) is not practical in this scenario, as thmebar of

components for the composition. They use (mixed) lineag@m-
ming techniques [13] to find the optimal selection of comptne

possible combinations can be very huge, based on the nurhber o services. Similar to this approach, Ardagna et al. [3] extdre

subtasks comprising the composite process and the numladr of
ternative services for each subtask. Already with few hedslrof
candidate services (or service configurations) the redinee for
finding the best combination will exceed the constraintsréal-
time execution (e.g., with00 alternative options for each subtask
in our example, we have00® possible combinations). This prob-

linear programming model to include local constraints.danpro-
gramming methods are very effective when the size of thelpnob
is small, but suffer from poor scalability due to the expdratime
complexity of the applied search algorithms [11]. In [21¢ thu-
thors propose heuristic algorithms that can be used to fiedato-
optimal solution more efficiently than exact solutions. Huthors

lem can be modeled as a combinatorial problem, which is known npropose two models for the QoS-based service compositiaior pr

to be NP-hard in the strong sense, i.e. it is expected thaéxagt
solution to this problem has an exponential cost [15]. Tiees
reducing the search space by focusing only on “interestieglice
offers is crucial for reducing the computation cost.

lem: (a) a combinatorial model and (b) a graph model. A héaris
algorithm is introduced for each model. The time complexity
the heuristic algorithm for the combinatorial model (\WME&U) is
polynomial, whereas the complexity of the heuristic altjon for

Contributions. In this paper, we address this issue by consider- the graph model (MCSP-K) is exponential. In [7], a method for

ing dominance relationships between web services baseldeim t
QoS attributes. We observe that only those services thahbeab
the skyline [4], i.e. are not dominated by any other funaibn
equivalent service, are valid candidates for the compusitiHow-
ever, although this provides an initial pruning of the numdfecan-
didate services, the size of the skyline may still be largpethding
on the distribution of the QoS values. In fact, it is reatish as-
sume that specific QoS parameters are typically anti-cied) e.g.
execution time and price, which results in a large numbekyfree
services. To overcome this problem, we describe how to densi
only a subset of the skyline services for the compositionadn
dition, from the service provider perspective, this pregdilso a
clear distinction whether its service is a promising caatécr not
for taking part in composite applications. In the latteregage pro-
vide a strategy that proposes which QoS parameters of thieser
should be improved and how, so that it becomes more conmygstiti
i.e. itis no longer dominated by other services. In partcubur
main contributions can be summarized as follows.

Semantic Web service composition is presented, based ostiGen
Algorithms and using both semantic links between 1/0O patanse
and QoS attributes. Despite the significant improvemenhes$é
algorithms compared to exact solutions, both algorithmshdb
scale with respect to the number of candidate web services, a
hence are not suitable for real-time service compositidme fro-
posed skyline based algorithm in this paper is complemsgritar
these solutions as it can be used as a pre-processing stam p
non-interesting candidate services and hence reduce thputa-
tion time of the applied selection algorithm.

In our previous work [2], we proposed a hybrid approach that
combines global optimization with local selection in orderfind
a close-to-optimal selection efficiently. The main ideaisiécom-
pose end-to-end QoS constraints to local constraints ocotmgo-
nent service level, which can then be used to perform effitoeal
selection for each component independently. The decoitiposi
of end-to-end constraints is achieved by mapping each af tbex
set of precomputed local QoS levels. In [2] we presented edyre

1. We address the problem of QoS-driven service composition Method for extracting QoS levels from the QoS informatiosert
defining Qos_based dominance re|ati0nships between Ser-V|Ce Cand|dates. HOWeVer, the proposed method deals Wﬂh ea

vices to select the ones to be considered for composition.

QoS dimension independently and does not take potenti@mdep
dencies and correlations among these dimensions into acclu

2. Since Fhe number of candidate services for a composition gome scenarios with very constrained QoS requiremensslethils
may still be too large, we present a method for further re- o very restrictive decompositions of the global constsatn local
ducing the search space by examining only subsets of the constraints that cannot be satisfied by any of the servicdidates,

candidate services.

although a solution may actually exist. In this paper we psepa

3. We present a method for determining which QoS levels of Néw method for extracting QoS levels, which always leadsfeaa
a service should be improved so that it is not dominated by Sible decomposition of end-to-end constraints.

other services.

4. We evaluate our approach experimentally on a publicly-ava

In [16], we considered dominance relationships between web
services in order to rank available service descriptiorh réspect
to a given service request. However, that work considerdg on

able collection of services with QoS information, as well as gglection of single services, without dealing with the peab of

on synthetically generated scenarios.

The rest of the paper is organized as follows. Section 2 diggs)
related work, while section 3 introduces formally the peshl Our
skyline based approach is presented in Section 4. Sectiesé&nts
our method for measuring and improving service competitgs.
The evaluation in section 6 demonstrates the benefits of pur a
proach. Finally, section 7 concludes the paper.

service composition. Moreover, in that work, dominanceveein
services is based on their degrees of match to a given regodst
therefore required dynamic calculations on a per querysbasi
this work our new method considers QoS-based dominancehwhi
can be computed offline.

Finally, a first attempt to consider service competitiveniesm
the service provider’s point of view is presented in [17].wéwer,



the solution presented there is simpler, considering tbe wdere
only one parameter of the service is subject to change.ddstee
propose here a more generic and flexible solution, whichvaltbhe
service to improve simultaneously in more than one attebut

3. QOS-BASED COMPOSITION MODEL

Assume a seff of service classesvhich classify the universe of
available web services according to their functionalityack ser-
vice classS; = {s;,, ..., s, },Sj € S, consists of all web services
that deliver the same functionality (e.g. used car searahpb-
tentially differ in terms of non-functional properties. I8e service
providers might provide the same service in different qudév-
els, e.g. at different response times and different pri¢es. the
sake of simplicity, we model each variation of the service al-
ferent service. According to the SOA principles, descoipsi of
functional and non-functional properties of web serviaesstored
and managed by service registries (e.g. UDDI registriesjclv

are maintained bgervice brokers In this paper, we assume that

service brokers maintain and update information aboutiegiser-
vice classes and candidate services of each class in thetries,
making them accessible to service requesters.

3.1 QoS Parameters

We consider quantitative non-functional properties of wseb-
vices, which can be used to describe the quality criteria wEh
service. These can include generic QoS attributes likeoresp
time, availability, price, reputation etc, as well as domspecific

QoS attributes, for example bandwidth for multimedia web se

vices, as long as these attributes can be quantified andsesyiesl
by real numbers. QoS attributes may be positive or negalite.
values of positive attributes need to be maximized (e.gouiin-

put and availability), whereas the values of negativelaitds need
to be minimized (e.g. price and response time). For sintglia

this paper we consider only negative attributes (posittgbates
can be easily transformed into negative by multiplyingithalues
by -1). We use the vecto®. = {qi1(s),...,q-(s)} to represent

the QoS values of service which are published by the service
provider. The functiony; (s) determines the published value of the

i-th attribute of the servics.

3.2 QoS Computation of Composite Services

Aggregation Examples Function

type

Summation Response time | ¢'(C'S) = >77_, q(s;)
Price
Reputation q(CS) =1/n3"7_ q(s))

Multiplication | Availability q'(CS) =1I;_, a(sj)
Reliability

Minimum Throughput ¢’ (CS) = min}_; q(s;)

Table 1: Examples of QoS aggregation functions

' ={ch,...,cn},1 < m < r, we consider a selection of con-
crete serviceg’S to be afeasible selectigniff it contains exactly
one service for each service class appearin@iand its aggre-
gated QoS values satisfy the global QoS constraintsyji &'S) <
¢, Yk € [1,m].

3.4 Utility Function

Since each web service is typically characterized by se@a
attributes, a utility function is used to evaluate the olleraulti-
dimensional quality of a given service. In particular, itpaahe
quality vectorQs of the service into a single real value, to enable
sorting and ranking of the alternative services. In thisspawe use
a Multiple Attribute Decision Making approach for the ugilfunc-
tion, and in particular th&imple Additive Weighting (SAW&ch-
nique from [20]. The utility computation involves scalifgetQoS
attributes’ values to allow a uniform measurement of thetimul
dimensional service qualities independent of their unitbranges.
The scaling process is then followed by a weighting process f
representing user priorities and preferences. In thergraliocess,
each QoS attribute value is transformed into a value betWeem
1, by comparing it with the minimum and maximum possible value
according to the available QoS information about alteveasier-
vices. For a composite servi€eS, the aggregated QoS values are
compared with minimum and maximum possible aggregated val-
ues, which can be easily estimated by aggregating, resphgcti
the minimum or maximum possible value of each service class i
CS. For example, the maximum execution price of a given com-
posite service can be computed by summing up the executica pr
of the most expensive service in each service clags'$h For-

The QoS values of a composite service are determined by thema”y' the minimum and maximum aggregated values ofkthk

QoS values of its component services and by the compositioo-s
ture used (e.g. sequential, parallel, conditional andfops$). Here,

we focus on the sequential composition model. Other modals m

be reduced or transformed to the sequential model, usingxor
ample techniques for handling multiple execution paths amd
folding loops [6]. The QoS vector for a composite sernice =
{s1,...,8n} is defined axcs={q1 (CS), ..., ¢.(CS)}, where
q;(CS) is the estimated end-to-end value of thidh QoS attribute

and can be computed by aggregating the corresponding vafues

the component services. In our model, we consider threestgpe
QoS aggregation functions: (1) summation, (2) multipimatind
(3) minimum relation. Examples are given in Table 1.

3.3 QoS Constraints

We assume that the user has one or more requirements regard

ing the aggregated QoS values of the requested composiieeser
These requirements are expressed in terms of a vétter {ci,

.ewtm}, 1 < m < r,of upper (or lower) bounds for the different

QoS criteria. We refer to them agobal QoS constraints

QoS attribute for a given composite servi¢® = {si, ..., s, } of
an abstract proced3 = {S1, ..., S»} are computed as follows:

Qmin' (k) = FJ, (Qmin(j, k)) @

with

Qmin(j, k) = min gx(s) 2

J
Qmaz(j, k) = vl?éag(] qr(s)
where@min(j, k) is the minimum value (e.g. minimum price)

andQmaz(j, k) is the maximum value (e.g. maximum price) that
can be expected for theth QoS attribute of the service class,
according to the available information about the servicelmates

in this class. The functio’ denotes an aggregation function that
depends on QoS criteria e.g. summation, multiplicatioa. (Fa-

Definition 1. (Feasible Selection) For a given abstract process ble 1). Now the utility of a component web servieee S; is

P ={S,..

.,Sn} and a given vector of global QoS constraints computed as



Qmaz( J: k) —ax(s)
Z Qmax (4, k Qmm(ch)

and the overall utility of a composite service is computed as

() - ah(CS)
(k) — Qmin (k)

with w, € Ry and>_;_, wx = 1 being the weight ofy;, to
represent user’s priorities.

(©)

U'(Cs) = )

3.5 Problem Statement

QoS-based service composition is a constraint optimiagiob-
lem which aims at finding the composition that maximizes trero
all utility value, while satisfying all the global QoS coraints.
Formally:

Definition 2. (Optimal Selection) For a given abstract process
P and a vector of global QoS constraint8 = {c}, ... ,ci 1},
1<m<r, we consider agptimal selectiorthe feasible selection
(see Definition 1) that maximizes the overall utility valtié.

A straightforward method for finding the optimal compositio
is enumerating and comparing all possible combinationsantlic
date services. For a composition request witkervice classes and
[ candidate services per class, there i&r@ossible combinations
to be examined. Hence, performing an exhaustive searchean b
very expensive in terms of computation time and, therefiora-
propriate for run-time service selection in applicatiorighvmany
services and dynamic needs. In the following section, wegean
approach to address this problem by considering dominagiee r
tionships between available services and selecting skglmvices
to be considered as candidates for the composite process.

4. SKYLINE SERVICES FOR QOS-BASED
COMPOSITION

As presented in the previous section, the goal is to seleet a s
of services, one from each service class, that maximize et
utility, while satisfying all the specified constraints. tde that,
selecting from each class the service with the highestyutilue
does not provide a correct solution, since it does not gteeaihat
all the end-to-end constraints will be satisfied. Henceferbht
combinations of services from each class need to be coesider
However, not all services are potential candidates for thatien.
The main idea in our approach is to perform a skyline query on
the services in each class to distinguish between thosissithat
are potential candidates for the composition, and thogecgranot
possibly be part of the final solution. The latter can effesti be
pruned to reduce the search space. First, we briefly inteodlag-
line queries, and then we describe how we apply them in our ap-
proach. We also deal with the problem that arises when théaum
of services in the skyline is still too large.

Given a set of points in@dimensional space, a skyline query [4]
selects those points that are not dominated by any othet. pain
point P; is said to dominate another poify, if P; is better than
or equal toP; in all dimensions and strictly better at least one
dimension. Intuitively, a skyline query selects the “best’most
“interesting” points with respect tall dimensions. In this work,
we define and exploit dominance relationships between csvi
based on their QoS attributes. This is used to identify sesvin a
service class that are dominated by other services in the skss.

Price

- Execution time

Figure 2: Example of Skyline Services

These services can then be pruned, hence reducing the nofmber
combinations to be considered during service composition.

Definition 3. (Dominance) Consider a service classand two
servicese, y € S, characterized by a set ¢f of QoS attributesz
dominatesy, denoted as < y, iff « is as good or better thanin
all parameters i) and better in at least one parametelni.e.

Vk € [1,1Ql] : gr(x) < g (y) and3k € [1,1Q]] : gr(x) < qr(y).

Definition 4. (Skyline Services) The skyline of a service cl&ss
denoted bySLg, comprises the set of those servicesSithat are
not dominated by any other service, i.8Ls = {z € S|-3Jy €
S :y < z}. We refer to these services as gigline servicesf S.

Figure 2 shows an example of skyline services of a certain ser
vice class. Each service is described by two QoS paramatersely
execution time and price. Hence, the services are repesbast
points in the2-dimensional space, with the coordinates of each
point corresponding to the values of the service in thesepa/o
rameters. We can observe that the servit®longs to the skyline,
because it is not dominated by any other service, i.e. tlerm®i
other service that offers both shorter execution ttmelower price
thana. The same holds for the servidgs:, d ande, which are also
on the skyline. On the other hand, servjtés not contained in the
skyline, because it is dominated by the servigasandd.

Notice that the skyline services provide different tradfs-be-
tween the QoS parameters, and hence are incomparable to each
other, as long as there is no pre-specified preference scheme
garding the relative importance of these parameters. Starice,
for a specific user, serviage may be the most suitable choice, due
to its very low execution time and despite its high price, le/tior
a different user, where execution time is not the primaryceom,
servicee may be the most preferred one due to its low price.

4.1 Determining the Skyline Services

Determining the skyline services of a certain service class
quires pair-wise comparisons of the QoS vectors of the caeli
services. This process can be expensive in terms of congputat
time if the number of candidate services is large. Sevefuierft
algorithms have been proposed for skyline computation [Gijen
that, for the problem considered here, the process of déetergn
the skyline services is independent of any individual serwie-
quest or usage context, it does not need to be conducteceatlin
request time. Therefore, we make use of any of the existirth-me
ods for determining the skyline services offline in ordergeed up
the service selection process later at request time. Fopthpose,
each service broker maintains the list of skyline servidesach
service class it hosts in its registry. This list is updatadhetime a
service joins, leaves or updates its QoS information in dggstry.
When a service request is received by a service broker, thimak
services of the matched service class are returned to thests.



If matching services are distributed over a set of serviogdms,
the service requester receives a skyline set from eachrbken,
the retrievedocal skylines need to be merged to build oglebal
skyline. This can be done by merging the local skylines inia pa
wise fashion, i.e. comparing the services in the two locglis&s,
and eliminating those that are dominated by another service

4.2 Composing the Skyline Services

independent correlated anti-correlated

Figure 3: Skyline of Different Dataset Types

Once the problem of QoS-based service composition has been

formulated as a constraint optimization problem, MIP téghes
[13] can be employed [23, 3]. Then, any MIP solver can be agpli
to solve this problem. However, as the number of variablehim
model depends on the number of service candidates, it mgy onl
be solved efficiently for small instances. To cope with thisita-
tion, we first prune all non-skyline services from the MIP rabd
in order to keep its size as small as possible. By focusing onl
the skyline services of each service class, we speed up libe se
tion process, while still being able to find the optimal sétat, as
formally shown below.

Lemma 1.Given a composite serviggsS = {si, ..., s, }, which
is the optimal solution for a given request, i.e. the one $htisfies
all the specified constraints and maximizes the overaltytiThen,
each constituent service belongs to the skyline of the spaeding
class, i.e.vVs; € CS : s; € SLs,, whereS; denotes the class of
Si.

PROOF. Lets; be a service that is part @f' S and does not be-
long to the skyline of its class;. Then, according to the defi-
nitions for service skyline and service dominance (seeci@ed),
there exists another serviggthat belongs to the skyline of; and
dominatess;, i.e. s is better (or equal) te; in all considered QoS
parameters. Le€'S’ be the composite service that is derived by
C'S by substitutings; with s;. CS’ also satisfies the request, in
terms of the delivered functionality, since the two sersigeand
s; belong to the same class. Moreover, given that the QoS ag-
gregation functions (see Table 1) are monotone, i.e. hifioeer)
values produce a higher (lower) overall res@lf§’ also satisfies the
constraints of the request. In addition, given that thétyfiinction
is also monotone(’'S” will have a higher overall utility thai'S.
Hence,CS’ is a better solution tha@'S for this request. [J

According to Lemma 1, we can improve the efficiency of the
QoS-based service selection algorithms by focusing onlghen
skyline services of each class. However, the size of therskghn
significantly vary for each dataset, as it strongly depemishe
distribution of the QoS data and correlations between tfierdnt
QoS parameters. Figure 3 shows an exampletgpes of datasets
in the 2-dimensional space: (a) in the independent dataset, the val
ues on the two QoS dimensions are independent to each dbher; (
in the correlated dataset, a service that is good in one diimeris
also good in the other dimension; (c) in the anti-correlatethset
there is a clear trade-off between the two dimensions. Thebeu
of skyline services is relatively small in correlated dataslarge in
anti-correlated and medium in independent ones.

In the cases that the skyline of a dataset is too large to ke pra
tically useful, approaches have been proposed for limitiregse-
lection to a number of representative items [8, 19]. In [18]vave
investigated such an approach for web service discoverdier o
cluster the matched services returned to the user. Hergaoaliis
to select a set of representative skyline services, pnogidifferent
trade-offs for the various QoS parameters, and use thiceedset
as input for the MIP model.

4.3 Representative Skyline Services

In the following, we present a method for selecting represen
tative skyline services in order to address the situatioeretthe
number of skyline service& of a certain service clasS is too
large and thus cannot be handled efficiently. The main ahgdie
that arises is how to identify a set of representative skydiervices
that best represent all trade-offs of the various QoS paemeso
that it is possible to find a solution that satisfies the cairsts and
has also a high utility score. This involves essentiallyaaléroff
regarding the number of representatives to be selectedutinger
of representative services should be large enough to aliwinfy a
solution to the composition request, but also small enoagtilow
for efficient computation.

To address this challenge, we propose a hierarchical cngte
based method. The main idea is to cluster the skyline sexinte
k clusters withk = 2,4, 8, 16, ..., K and select one representative
service from each cluster. In our case, we select as refiatisen
the service with the best utility value. In particular, weltha tree
structure of representatives, as shown in the example ofr&id.
Each leaf node of this tree corresponds to one of the skyéne s
vices inSL, whereas the root and intermediate nodes correspond
to the selected representatives of the created clusters.

At run-time, when a service composition request is proaksse

we start the search from the root node of the tree, i.e. we first
consider only the top representative service of each ctags ger-
vice s3 for classS in the example). These selected representatives
are inserted into the mixed integer program and the optitioiza
problem is solved. In the case that no solution is found ugieg
given representatives, we proceed to the next level, takingep-
resentatives for each class; (@andse for classS in the example).
This process is repeated until a solution is found or unélltwest
level of the tree, which consists of all skyline serviceseiached.
In the latter case, it is guaranteed that a solution will hentb (if
one exists), and this solution is the optimal solution adcay to
Lemma 1. However, if a solution is found earlier, i.e. befarach-
ing the skyline level, we proceed by examining those sesvibat
are descendants of the selected representatives forifoptimiza-
tion. This expanding of the search space is continued uatin
ther optimization in terms of utility value is achieved, betskyline
level is reached.

We use the well-knowrk-meansclustering algorithm [10] for
building the representatives tree, as described in Algarit. The
algorithm takes as input the skyline sef. of classS and returns
a binary tree structure of representative services. Theritthgn
starts by determining the rost which is the service with maxi-
mum utility value inSL. The algorithm then clusterSL into two
sub-clusterg©'LS[0] and CLS[1] and adds the representatives of
these two sub-clusters to the children listsofThe process is then
repeated for each sub-cluster until no further clustersngassible
(i.e. until the size of new created clusters is lower tBan
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Figure 4: Determining Representatives via Hierarchical Cus-
tering

[Execution time Execution time

(a) (b)

)
@/

Level 0

&

S 7 Level 2
5 O— Level3
s

_—

Level 1

>
Execution time Execution time

(d)

Figure 5: Determining Local Quality Levels

Algorithm 1 BuildRepresentativesTreg()

Algorithm 2 SelectQoSLevel§L)

Input: : a set of skyline serviceSL
Output: : atree of representatives with servicas a root
1: s — mazUtilityService(SL)
2: CLS «— KMeansCluster(SL,2)
3: fori=1to2do
if (CLS[i].size > 2) then
C «— BuildRepresentativesTree(CLS|i])
else
C — CLSJi
end if
s.addChild(C)
: end for

4
5
6
7.
8:
9

10

11: return s

4.4 Local QoS Levels

So far, we have described how the efficiency of the standard
MIP-based global optimization approach for QoS-based veeb s
vice composition can be improved by focusing on the reptasen
tive skyline services of each service class. In [2], we psegoa
hybrid approach for solving this problem, using MIP to deeom
pose the end-to-end QoS constraints into local constrairtizh
are then used to efficiently select the best service from eladis.
The variables in the MIP model of the hybrid approach represe
the local QoS levels of each service class rather than theleer-
vice candidates, making it more scalable to the number efcer
candidates than the global optimization approach. Howeher
proposed solution in [2] relies on a greedy method for exitngche
local QoS levels from the QoS information of service cantdiga
which deals with QoS parameters independently and doesket t
into account potential correlations and dependencies grttam.
Hence, in scenarios with relatively strict constraintss titen leads
to a very restrictive decomposition of the constraints taanot be
satisfied by any of the service candidates even though aswohat
the problem does exist.

To overcome the limitation of that method, we present in dte f
lowing a new method for extracting QoS levels, which alwagls
to a feasible decomposition of end-to-end constraintshaseky-

Input: : a set of skyline serviceSL
Output: : atree of QoS levels with as a root
©y — newQoS Level
: forall ¢; € @ do
qi(y) < max¢;(s),Vs € SL
end for
y.utility «— mazxUtilityValue(SL)
CLS «— K MeansCluster(SL,?2)
for i = 1to 2do
if (CLS[i].size > 2) then
C — SelectQoSLevels(CLS[i))
else
C — CLSJi]
end if
y.addChild(C')
: end for
15: return y

CoNTRWNME

line services (see Algorithm 2). The main idea is similarhe t
representatives selection method described earliett, Riesdeter-
mine the skyline services of each service class, and wesieely
cluster them using the k-means clustering algorithm. Hexen-
stead of selecting one representative service from eachlaster,
we create a virtual point in the QoS multidimensional spade®se
coordinates are calculated as the maximum (i.e. worst) @bty
in the sub-cluster, as illustrated in the example of Figurele
virtual pointy; in Figure 5-a has the maximum execution time and
maximum price of all skyline services, i.e the executionetiof
servicesg and the price of service, .

Hence, we use the created points (o y- in the example) to
represent the various QoS levels of the service class. \ieasls
sign each of the QoS levels a utility value, which is the béifityu
value that can be obtained by any of the services of the quones
ing sub-cluster. We then use MIP to map each of the end-to-end
constraints into one of the local QoS levels of each clasfién t
composition problem. A binary decision variahtg; is used for
each local QoS leve);; such thatr;; = 1 if y;; is selected as a



local constraint for the service clas§, andz;; = 0 otherwise.
Thus, we reformulate the MIP model presented in [2] as fadtow

n l

maximize > Y " Ul(y;) - zi; (5)
j=1i=1
subject to the global QoS constraints
ZZQk(yijfﬂﬁijSC;c,lSkSm (6)

j=1i=1

while satisfying the allocation constraints on the decisiariables
as

l
day=11<j<n
i=1

where the number of variablé®quals the number of QoS level
in each service class. We solve this MIP modelifer 1, 2,4....K,
whereK is the total number of skyline services. In the given exam-
ple, this corresponds to the levels frénto 3 of the QoS levels tree
in Figure 5-d. The process stops when a solution is found,a.e
mapping of all end-to-end constraints to local QoS levefsusd.
In the worst case, the process will continue until the loiegtl is
reached. In this case, each skyline service representabQumS
level, and the problem becomes similar to the original dlaim
timization problem we discussed earlier. According to Leanin
if a solution to the original problem exists, a decompositid the
end-to-end constraints will be found.

@)

5. IMPROVING SERVICE COMPETITIVE-
NESS

As described in the previous section, when a service coniposi
request is processed, only the skyline services of eacitipating
service class are examined as possible candidates. Henoe; a
skyline service is filter out early, and it cannot be on theilteset
of any potential request, regardless of the given QoS reménts
or preferences. Therefore, it is important for service fers to
know whether their services are on the skyline, given their ¢
rent QoS levels. Even more importantly, if this is not theecas
the providers should be guided in determining which QoSlseve
of their services should be improved and how, in order to brexo
skyline services. Such information can be very valuableéovice
providers as it enables them to analyze the position of Hegirices
on the market compared to other competing services.

To address this issue, we present an algorithm for assistoviders
of non-skyline services in improving the competitivenessheir
services. Clearly, there are various modifications thatlead to
a non-skyline service becoming part of the skyline. Our gsal
to find the minimum modification of the service’s QoS valueat th
is sufficient for constituting this service a skyline seevicMore
specifically, we propose an algorithm that identifies theimim
improvement in each QoS dimension that is required in order t
bring a non-skyline service into a position where it is noimio
nated by any other service, thus becoming part of the skyline

Consider the example shown in Figure 6, where a serfit®
dominated by the skyline servicésc andd. According to defini-
tion (3), this means that each of these services are betequal
to f in all QoS dimensions and strictly better thAin at least one
QoS dimension. Therefore, servigecannot be part of the result
set of any composition request comprising this servicesclamsor-
der to improve the competitiveness of servjiehe provider must
ensure that itis not dominated by any other service. To geltfgs,

Execution time Execution time

(@) (b)

Figure 6: Measuring the Distance to the Skyline

it is sufficient to make servicg better than each of its dominating
services in (at least) one QoS dimension. By analyzing tlye sk
line structure in Figure 6, we can identify four partitiorfstioe 2-
dimensional space, in which servigecan fulfill this requirement.
The first two partitions are shown in Figure 6-a, and can beheg
by improving only one of the QoS-dimensions, while the otiaer
are shown in Figure 6-b, and can be reached by improving both
QoS dimensions at the same time. We call each of these pastiti
ano-dominancepartition for this service. A service in any of these
partitions is incomparable with all the skyline servicesjtas not
dominated by any of them nor is dominating any of them.

Improving the QoS of provided services to a certain level-typ
cally imposes some overhead. For example, reducing theigaac
time of the service might require buying faster servers aen@PU
computation power, if the service is running on the cloudusth
service providers would be interested in determining thet (eet
of) QoS dimension(s) to optimize, while minimizing the reqd
cost. We assume that the cost of improving any QoS dimension i
creases monotonically in the sense that more improvemealyal
implies more cost. We use theeighted euclidean distander es-
timating the cost of moving a serviegn the QoS multi-dimension
space from its current positign to a new positiomn,:

dpy.ps(5) = (| D wi(pr(k) = pa(k))? ®)

The weightwy, is specified by the service provider to express his
preferences over the QoS dimensions. A higher weight iraplie
higher cost for improving the corresponding QoS dimension.

In order to minimize the cost of improving the service pasiti
in the QoS multi-dimensional space, we first need to identigy
no-dominance partitions. Then, we measure the distance the
service to be improved to each of these partitions usingteug,
and we select the one with the minimum distance.

Algorithm 3 locates the no-dominance partitions that carebehed
by improving only one QoS dimension. The algorithm takesas i
put a non-skyline service and the list of skyline serviceSL of
the corresponding class, and it returns alfist {p1,...,p|q},
where each entry; denotes the improvement required in thn
QoS dimension in order the service to become part of therskyli
(keeping all the other dimensions fixed).

Algorithm 4 is used to locate the coordinates of the maximum
corner (i.e. top-right) of each no-dominance partitior.(i.the
pointsx andy in Figure 6-b). Modifying the QoS values of ser-
vice f to values that are slightly better than the values of one of
these points, ensures thiais not dominated by the skyline ser-
vices. The algorithm takes as input a non-skyline sergi@d
the list of skyline service$'L of the corresponding class, and it



Algorithm 3 OneDimImprovements(.SL)
Input: : a services, the skyline services of that clasd.
Output: : a list I containing the required improvement for each
single dimension
DS —{reSL:r> s}
: forall ¢; € Qdo
I[i] « max |r? — s
reDS

: end for
Dreturn 1

returns a listM of maximum corners of no-dominance partitions.
First, it computes the lisD.S, which comprises the services dom-
inatings. Then,DS is sorted for each QoS dimension separately.
The coordinates of the maximum corners are determined liygak
the maximum QoS values of each two subsequent serviceslin eac
sorted list. The coordinates of the maximum cornerandy in
Figure 6-b, for example, are determined by sorting the datirig
serviced, ¢ andd by execution time and then taking the maximum
price and execution time of the serviceksndc. This process is
then repeated for each other dimension and only new disedver
points are added to the lidt.

Algorithm 4 MultiDimImprovements¢, SL)
Input: : a services, the skyline services of that clasd

Output: : a setM of maximum corners of no-dominance parti-
tions

1. DS —{reSL:r> s}

2: M —{}

3: forall ¢; € Q do

4: DS; — DS.sortBy(q:)

5. for j=1to DS.size —1do
6: s; «— DS;[j]

7 Sjt1 Dsz[j + 1]

8: m «— newQoSVector

9: forall ¢; € Q do

10: qi(m) < max(qi(s;), qi(sj+1))
11: end for

12: if m ¢ M then

13: M «—m

14: end if

15: end for

16: end for

17: return M

6. EXPERIMENTAL EVALUATION

In this section, we present an experimental evaluation papu
proach, focusing on its efficiency, in terms of the executiome
required to find a solution, and the success rate, in term#ieftver
a solution is found (if one exists) and how close its utilicpe is
compared to that of the optimal solution.

6.1 Experimental Setup

In our evaluation we experimented with two types of datasets
The first is the publicly available dataset Q¥y®hich comprises
measurements df QoS attributes fo2500 real-world web ser-
vices. These services were collected from public sourcethen
Web, including UDDI registries, search engines and seipictals,
and their QoS values were measured using commercial bemkhma

2http://www.uoguelph.ca/ gmahmoud/gws/index.html/

tools. More details about this dataset can be found in [1].alse
experimented with three synthetically generated datasetsler to
test our approach with larger number of services and diftedés-
tributions. For this purpose, we used a publicly availallgisetic
generatot to obtain three different datasets: a) a correlated dataset
(cQoS), in which the values of the QoS parameters are pelyitiv
correlated, b) an anti-correlated(aQoS) dataset, in wihietvalues

of the QoS parameters are negatively correlated, and c)de in
pendent dataset, in which the QoS values are randomly seh Ea
dataset comprise)K QoS vectors, and each vector represents the
9 QoS attributes of one web service.

For the purpose of our evaluation, we considered a scenario,
where a composite application comprises services fronifferent
service classes. Thus, we randomly partitioned each offtre-a
mentioned datasets ini® service classes. We then created several
QoS vectors of up t® random values to represent the users end-
to-end QoS constraints. Each QoS vector corresponds to o8e Q
based composition request, for which one concrete sengeds
to be selected from each class, such that the overall utgilye is
maximized, while all end-to-end constraints are satisfied.

We implemented the algorithms described in Section 4 in.Java
For solving the generated Mixed Integer Programming models
used the open source systgmsolveversion5.5 [12]. The experi-
ments were conducted on an HP ProLiant3®Q G3 machine with
2 Intel Xeon2.80GHz processors anélGB RAM, running Linux
(CentOS releass).

We compare the efficiency of the following QoS-based compo-
sition methods:

e Exact this is the standard global optimization method with

all service candidates represented in the MIP model.

ExactSykline this method is similar to the Exact method,
except that only skyline services are considered here.

SkylineRepthis method uses representative skyline services
as described in Section 4.3.

Hybrid: this is the method we proposed in our previous work [2],
which maps end-to-end constraints into local QoS levels.

HybridSkyline this is the modified version of the Hybrid
method, which uses a skyline-based method for determining
local QoS levels as described in Section 4.4.

6.2 Performance vs Number of Services

We measured the average execution time required by each of
the aforementioned methods for solving each compositiat-pr
lem, varying the number of service candidates from to 1000
services per class. The results of this experiment are qesén
Figure 7.

Comparing the performance BkactandExactSkylinenethods,
we can observe that a significant gain is achieved when ngimek
services are pruned. However, as expected, this gain imrperf
mance differs for the different datasets, based on the sitkeo
skyline, with the lowest gain being recorded for the antiretated
dataset. On the other hand, t8kylineRepnethod clearly outper-
forms all other methods, which shows that we can cope effelgti
with this limitation by using skyline representatives asaéed
in Section 4.3. In general, the performance of HybridSkyline
method is comparable with the performance ofltydrid method
as long as the size of the skyline is not very large (see the per
formance of both methods with the QWS and correlated dafaset

Shttp://randdataset.projects.postgresql.org/
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Although less efficient than the originidlybrid method with the in-
dependent and anti-correlated datasetsHileridSkylinemethod
still outperforms théxactmethod with more than an order of mag-
nitude gain in performance. Moreover, tHgbridSkylinemethod
outperforms thédybrid method in terms of success rate as we will
see in the next subsection.

We also computed the optimality of the returned selection by
comparing the overall utility valua of the selected services with
the overall utility value {..qct) Of the optimal selection obtained
by the Exact approach, i,e.:

optimality = u/Uezact

The measured optimality of thekylineRepHybrid and Hybrid-
Skylinemethods was in all cases aba¥@%, which indicates the
ability of these methods to achieve close-to-optimal itssul

6.3 Performance vs Number of QoS Constraints

Clearly, the number of feasible selections for a given casnipo
tion request decreases as the number of end-to-end Qo3aiotsst
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increases. This can affect the performance of all methoascass
computation time is required to find a solution. More spealifjc
with very constrained problems the probability that theaitioe al-
gorithm of SkylineRemnd HybridSkylinewill need to go through
more iterations until a solution is found increases. In thiperi-
ment we measured the performance of the different methotis wi
respect to the number of end-to-end QoS constraints. Fopti
pose, we fixed the number of service candidates per clasg80to
services, and we varied the number of QoS constraints fréord
(notice that the total number of QoS parameters in the QWisdat
is9). Due to space limitations, in Figure 8 we only show the rssul
of this experiment with the anti-correlated dataset, as daitaset
represents the most challenging scenario, due to the lazgeo
the skyline. Again, we observe thakylineRelearly outperforms
all other approaches. Thdybrid andHybridSkylinemethods have
similar performance, also outperforming tBractsolution. In ad-
dition, we measured the success rate, i.e., the percenttagerar-
ios where a solution is found, if one exists (see the rigtie-giraph



in Figure 8). As shownSkylineRemndHybridSklyinealways find

a solution. This is becausgkylineRepand HybridSklyineitera-
tively expand the search space by examining more reprasenta
services or local QoS levels,respectively, until a soluimfound

or until the whole set of skyline services has been examined.
the latter case, a solution is guaranteed to be found (if aistsg
according to Lemma 1. On the other hand,the success rate of th
Hybrid method degrades significantly as the difficulty of the com-
position problem increases. The reason for this behavithas

the Hybrid method decomposes each of the end-to-end constraints
independently, which in such difficult composition problemay
results in a set of local constraints that cannot be sati&ijedny
candidate.

(7]
(8]

(9]

[10]
[11]

[12]
7. CONCLUSIONS

In this paper, we have addressed the problem of QoS-based wel]13]
service composition. We identify and exploit the skylinevgzes in
terms of their QoS values, and we have proposed an algorfthin t
improves the efficiency of the state-of-the-art solutionpbyning
non-skyline services. Moreover, to deal with cases whezestre
of the skyline is still large compared to the initial datase¢ have
proposed a method to select and use representative skgtviees
for the composition. We have also presented an effectivénoaet
for determining local quality levels, and hence, which ioy@s the
success rate of the hybrid solution for QoS-based serviogoe
sition from our previous work [2]. Finally, we have presehte
method for assisting service providers in improving the peti
tiveness of their services to attract potential clientse Tésults of
the experimental evaluation indicate a significant perforag gain
in comparison to existing approaches, which rely on glotmi-o
mization.

Our experiments have also shown that the performance of our
skyline-based methods is affected by the difficulty of thmposi-
tion problem, in terms of the number and strength of the $igeki
end-to-end QoS constraints. To overcome this problem,érfuh
ture work, we plan to develop a method for estimating thedaifty
of each composition problem. Then, based on the difficultgllef
the problem, we can decide from which level of the skylinaeep
sentatives tree (or the QoS levels tree) to start the selaecklower
in the case of stricter constraints, in order to avoid unseay it-
erations and have a smaller increase in the execution time.
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[15]

[16]

[17]

[18]

[19]

[20]
8. REFERENCES

[1] E. Al-Masri and Q. H. Mahmoud. Investigating web sengce
on the world wide web. Ifnternational World Wide Web
Conference2008.
M. Alrifai and T. Risse. Combining global optimizationith
local selection for efficient gos-aware service compositio
In International World Wide Web Conferengmages
881-890, 2009.
D. Ardagna and B. Pernici. Adaptive service composiiion
flexible processe$EEE Trans. on Software Engineering
33(6):369-384, 2007.
S. Borzsonyi, D. Kossmann, and K. Stocker. The skyline
operator. Innternational Conference on Data Engineerjng
pages 421-430, 2001.
K. S. Candan, W.-S. Li, T. Phan, and M. Zhou. Frontiers in
information and software as services.Ifternational
Conference on Data Engineeringages 1761-1768, 2009.
[6] J. Cardoso, J. Miller, A. Sheth, and J. Arnold. Quality of
service for workflows and web service processesirnal of
Web Semanti¢c4:281-308, 2004.

[21]

(2] [22]

(3] (23]
[4]

(5]

F. Lecue. Optimizing qos-aware semantic web service
composition. INSWG 2009.

X. Lin, Y. Yuan, Q. Zhang, and Y. Zhang. Selecting stars:
The k most representative skyline operatodrternational
Conference on Data Engineeringages 86—-95, 2007.

Y. Liu, A. H. H. Ngu, and L. Zeng. Qos computation and
policing in dynamic web service selection.Ilternational
World Wide Web Conferencpages 66—73, 2004.

S. P. Lloyd. Least squares quantization in ptBEE Trans.
on Information Theory28:129-137, 1982.

I. Maros.Computational Techniques of the Simplex Method
Springer, 2003.

P. N. Michel Berkelaar, Kjell Eikland. Open source
(mixed-integer) linear programming system. Sourceforge.
http://I psol ve. sourceforge. net/.

G. L. Nemhauser and L. A. Wolseinteger and
Combinatorial OptimizationWiley-Interscience, New York,
NY, USA, 1988.

D. Papadias, Y. Tao, G. Fu, and B. Seeger. Progressive
skyline computation in database syste®SM Trans. on
Database System30(1):41-82, 2005.

R. Parra-Hernandez and N. J. Dimopoulos. A new hearisti
for solving the multichoice multidimensional knapsack
problem.IEEE Trans. on Systems, Man, and Cybernetics,
Part A, 35(5):708-717, 2005.

D. Skoutas, D. Sacharidis, A. Simitsis, V. Kantere, and

T. Sellis. Top-k dominant web services under multi-créeri
matching. InExtending Database Technologyages
898-909, 2009.

D. Skoutas, D. Sacharidis, A. Simitsis, and T. Sellisrving
the sky: Discovering and selecting semantic web services
through dynamic skyline queries. International
Conference on Semantic Computipages 222-229, 2008.
D. Skoutas, D. Sacharidis, A. Simitsis, and T. Sellianking
and clustering web services using multi-criteria domianc
relationships. INEEE Trans. on Services Computing (under
revision) 2009.

Y. Tao, L. Ding, X. Lin, and J. Pei. Distance-based
representative skyline. limternational Conference on Data
Engineering pages 892—903, 2009.

K. . P. Yoon and C.-L. HwangVultiple Attribute Decision
Making: An Introduction (Quantitative Applications in the
Social SciencesSage Publications, 1995.

T. Yu, Y. Zhang, and K.-J. Lin. Efficient algorithms forely
services selection with end-to-end gos constratv@&M
Trans. on the Wetl (1), 2007.

L. Zeng, B. Benatallah, M. Dumas, J. Kalagnanam, and.Q. Z
Sheng. Quality driven web services composition. In
International World Wide Web Conferengeages 411-421,
2003.

L. Zeng, B. Benatallah, A. H. H. Ngu, M. Dumas,

J. Kalagnanam, and H. Chang. Qos-aware middleware for
web services compositiofEEE Trans. on Software
Engineering 30(5):311-327, 2004.



