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Abstract

We present an extensible and customizable framework
for the autonomous discovery of Semantic Web services
based on their QoS properties. Using semantic technolo-
gies, users can specify the QoS matching model and cus-
tomize the ranking of services flexibly according to their
preferences. The formal modeling of the discovery pro-
cess as an adaptive query execution plan facilitates the in-
troduction of different discovery algorithms and the auto-
matic generation of parallelized matchmaking evaluations.
This enables adapting our approach to unpredictable ar-
rival rates of user queries and scales up to high numbers of
published service descriptions.

1 Introduction

In the context of autonomous service usage, users have
to be able to discover those services fulfilling their require-
ments for functional and non-functional properties. QoS is
often the decisive criterion for a user to select a specific
service among several functionally equivalent ones and in
many cases, is the key of a provider’s business success.
For example, comparing two hotel reservation services from
two different hotel Web sites offering similar capabilities in
terms of online booking service, a user would lean towards
the one with the shorter reservation response time, offer-
ing better price conditions, more comfortable rooms and
higher customer-care facilities. Many types of services have
QoS features as their main differentiating criteria, for exam-
ple, file sharing/hosting, Internet TV/radio stations, music
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stores, or teleconferencing services.

Different from the discovery of services matching func-
tional requirements, the discovery of services based on their
QoS is more complicated and the personalization of the
QoS-based discovery process to adapt to different user’s
needs is an important requirement impacting on a number of
issues: firstly, a Web service description can be used as an
electronic advertisement of a real-life service that includes
many domain-dependent QoS properties. Such properties
are dynamic and depend on many factors, mostly the related
user-side contextual or environmental conditions. Secondly,
the advertisement of quality in a service description should
only be considered as a claim, which the provider offers un-
der certain conditions and to be verified and validated over
time. This perception of the reputation information of the
services is a subjective process by itself. Thirdly, the suit-
ability of the service to a requirement of the user in terms
of a QoS criterion is subject to her own needs. For exam-
ple, the conclusion whether a certain deviation of quality
is still acceptable should only be determined by the user.
Finally, users want to obtain the most relevant matched ser-
vices that are ranked according to their personalized prefer-
ences, especially because each of the services can provide
many quality properties at different levels and with various
reputation scores.

In this paper, we present our solution for the ontology-
based discovery of Semantic Web services w.r.t. their QoS
properties. Our goal is to automatically find those service
descriptions that match the requirements of the users both in
terms of functionalities and QoS, assuming that the actual
negotiation, selection, and execution of the service can be
done later by the user given the result of the service discov-
ery. Extending our previous work in [1, 2], in this paper we
introduce a complete discovery solution which combines
our previously developed techniques and exploits seman-
tic technologies to enable the personalization of the whole
QoS-enabled service discovery process. Specifically, our
approach has the following advantages:

e Expressive and extensible conceptual modeling of
service QoS: Given the above complexity and dy-



namic of QoS information, we propose an adequate
semantic conceptual modeling approach for the flex-
ible specification of user requirements and the QoS of-
ferings of service, which is simple yet expressive. We
can easily implement this conceptual model so that it
is compatible with most of the current standards and
approaches [3-7].

e Customizable matchmaking model: By exploit-
ing semantic technologies, especially rule-based lan-
guages and reasoners, users and providers can ex-
press their own matching algorithms and preferences
flexibly. The QoS-enabled discovery process can be
done autonomously by reasoning on the constructed
knowledge-bases based on these personalized settings.

e Personalized ranking algorithm: We provide useful
and informative ranking results supporting a user in the
selection of the most appropriate services, taking into
account different quality dimensions of the services,
their reputation, as well as preferences of the user.

¢ Flexible and scalable implementation: The discov-
ery engine is modeled as an adaptive query process-
ing system in which the basic steps of filtering, match-
making, reputation-based QoS assessment, and rank-
ing of services correspond to logical algebraic opera-
tors. This formal modeling enables us to apply cost-
based optimization strategies to parallelize the evalua-
tion of the expensive operators, considering that there
can be an unpredictable number of queries from many
users and that the number of published Web service
descriptions may increase substantially in the future.
Moreover, it facilitates the plugging-in, testing, and
comparison of different algorithms on-the-fly.

e Implemented prototype: Our prototype validates our
approach and confirms the usefulness of semantic
technologies in dealing with the above issues. Though
we adopt the WSMO ontology framework in our im-
plementation as a proof-of-concept of our work, our
approach is generally applicable to other models, e.g.,
to OWL-S+SWRL [8]. Our prototype as well as the
online demonstration, related ontologies, and docu-
mentation are freely available! and demonstrate how
Semantic Web technologies can be exploited in real-
world applications.

In the next section we will present our conceptual QoS
model. Our personalized matching and ranking algorithms
are described in detail in Sections 3 and 4. Section 5
presents the formal discovery process model, followed by
a brief description of the discovery prototype and analytical
and experimental results in Section 6. We review the related
work in Section 7 before ending with our conclusions.

Thttp://Isirpeople.epfl.ch/Ihvu/download/qosdisc/

2 Semantic Modeling of QoS

Conceptual Modeling

Generally, semantically-annotated Web services are de-
scribed by conjunctive sets of properties F A Q, where F is
the functional description and Q defines the QoS offerings.
In this work, we focus on the modeling of a service’s QoS
and reuse the functionality description as specified in the
WSMO framework [9]. Our conceptual model is developed
mostly for the discovery of services based on their QoS
properties and serves as a complement to the WSMO con-
ceptual model. The negotiation between service providers
and a user is considered as a later step after the user has
already obtained the result from the service discovery and
thus is out of the scope of this paper.

We describe a QoS offering Q in the service description
as a set {(C1(qi1),cndy, P1), ..., (Cl(qin),cndy, Py)},
where Cj(qix), 1 < k < n is the concept expression
that constrains the instance gix of a QoS concept gj, in a
QoS domain ontology. cndj is an axiom over instances
of those concepts describing the environment (context) in
which the provider commits to offer C,’c, and P is the set
of preference rules of the provider. We also refer to cndy
as the context to achieve the QoS level C} (qiy). For ex-
ample, an online file hosting service specifies C} (qiy) =
{uploadSpeed > 100KBps} as the average upload speed
that it offers, and cnd; = {internetSpeed > 1Mbps,
noFilesUploading = 1, price = 10$} is the contextual con-
ditions required by the provider to get the specified average
upload speed. Note that in the examples to follow we sim-
ply differentiate an ontological concept UploadSpeed from
its corresponding instance uploadSpeed by the capitaliza-
tion of the first letter. The preferences Pj of the provider
are a set of rules associating each logical expression in cndy,
with a set of matching results. For instance, the following
rules in P}, describe how well a requester satisfies the price
demanded by the provider.

userPrice € Price A userPrice > price — prioritizedClient

userPrice € Price A userPrice < price — acceptedClient

Such preference above is currently used by a provider to
specify that the requirement on an environmental condition,
e.g., price = 108, is optional. However, it can also be use-
ful for a provider in deciding whether to offer service to a
certain user in later negotiation steps.

Similarly, a user query (or a user goal) consists of the
description of the functionality and the QoS a Web service
should offer to fulfill a user’s needs. A QoS requirement in
user queries is symmetric to its counterpart in Web service
descriptions. Web service consumers indicate by C},(qix)
the condition on QoS parameter instances qiy, they are will-
ing to accept, e.g., C;, = {reqUploadSpeed > 20KBps}.
This QoS requirement is complemented by the contextual
conditions cndj, the client is able to agree with, e.g., cndy, =



{userlnternetSpeed = adsl1Mbps, noFilesUploading = 1,
userPrice = 158}. The set of preferences rules Py in the
goal model comprises various settings for the discovery pro-
cess: the matching levels for the QoS required by the user,
which quality parameters are preferable by the users, how
much the user trusts the reputation information on a service,
etc. For example, a user wants to state that the requirement
on the quality parameter ReqUploadSpeed, is optional. In
addition, she wants the discovery component to automati-
cally classify how well a service (with a quality parameter
gs) satisfies her requirement. The following rules describe
these preferences:

gs € ReqUploadSpeed A gs > 100KBps — excellent

gs € ReqUploadSpeed A reqUploadSpeed < gqs < 100KBps
— good

gs € ReqUploadSpeed A gs < reqUploadSpeed

— acceptable

Vqs—(qgs € ReqUploadSpeed) — acceptable

Other preferences can be described similarly via the use
of appropriate rules and will be introduced in detail later on.

QoS Ontological Modeling

We assume that the user and the provider agree on a QoS
upper ontology that represents the common knowledge in
a specific application domain. This upper ontology can
be refined by the user/provider to meet their requirements
in terms of more detailed concepts and matching criteria.
Because of the high complexity of the QoS information,
we propose the use of a rule-based language that supports
F-logic [10] to implement the QoS-related ontologies, in-
stead of using DescriptionLogic as in other related work,
e.g., [11].

Figure 1 shows the UML class diagram represen-
tation of the QoS upper ontology. QoSSpecification
is the ontological concept corresponding to the QoS
offering Q in the conceptual model. QoSParameter
is the definition of the foundation quality concepts,
such as RangeQuality, DownloadSpeed, ExecutionTime,
etc., and their relationships. Users and providers can
define their own domain-specific QoS concepts, e.g.,
AllowableDownloadSpeed, AverageExecutionTime, etc.,
by specializing the foundation ones. ContextualFactor de-
fines the set of foundation contextual/environmental con-
cepts such as InternetSpeed, Price, etc. that influence
the other quality attributes. Other related concepts in-
clude the measurement methods (MeasurementModel) of
a quality parameter, i.e., which quality attributes can be
measured automatically or can only be estimated by hu-
man, and their corresponding metrics (MeasurementUnit).

ContextualDependency and QualityDependency represent
the relations between a quality attribute value with its as-
sociated environmental conditions, and the dependencies
among the QoS parameters themselves. For instance, in
the file hosting scenario, ContextualDependency describes
the relation between the offered UploadSpeed parameter
with its associated contextual factors, which comprise the
InternetSpeed of the user, the number of concurrent up-
loading files NoFilesUploading to guarantee the specified
upload speed, and the Price a user has to pay for the ser-
vice.

An important aspect of our formalism is the wide use
of function symbols and rules to define various constraints,
dependencies, matching and ranking preferences in this
upper ontology (as well as in the derived ones). To
check whether an offered quality value satisfies the user’s
requirements, we use the function QoSMatchingModel.
The matching of contextual specification is similarly de-
fined via the ContextualMatchingModel function. In fact,
the rules implementing the ContextualMatchingModel and
QoSMatchingModel functions are actually the ontologi-
cal representation of the conceptual preferences Py of a
provider (or a user) described in Section 2. This ontolog-
ical modeling enables the customization of both the QoS-
based matching and ranking of services according to the
preferences of the users and providers without changing the
implementation code. Other modeled knowledge includes
the personalized comparison between two quality values
for the benefit of the ranking (QoSComparisonModel), and
the conversion among the different measurement metrics, if
possible (UnitChangingModel) and so forth. All of those
above functions are implemented in the upper ontology and
can be further customized in the derived ontologies.

Generally, our QoS conceptual model is simple yet com-
prehensive and compatible with most of the current stan-
dards and approaches. For example, our conceptual mod-
eling of contextual description cnd can be interpreted as
the combination of the Agreement Context, Expiration,
and Qualifying Condition in the WS-Agreement specifica-
tion [4]. Similar, our concept of quality constraint C”(qi)
can be implemented to cover the notions of Agreement Cre-
ation Constraints, Agreement Offer, and Service level ob-
jective. The set of tuples (C’(qi), cnd) of each semantic
service description is equivalent to the notion of an Agree-
ment Template in WS-Agreement or of a provider’s policy
in WS-Policy standard, etc. The use of F-logic and rule-
based languages in our implementation of the conceptual
model enables expressive descriptions of service’s QoS ad-
vertisements for complex application scenarios. Further-
more, our work also includes various user’s and provider’s
preferences into the conceptual model. The result is a pow-
erful QoS modeling that should lead to a refined discovery
process as we will show in the paper.
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Figure 1: The QoS upper ontology.

3 Personalized QoS Matching Model

We only consider the matchmaking and ranking of ser-
vices based on the QoS description part of the services,
given that a set of services meeting the functional require-
ments has been obtained by other means already (e.g.,
via solution in Section 5). Given the presented concep-
tual model in Section 2, the matching between any com-
plex QoS offering in a service s with a QoS require-
ment of query g can be decomposed into a set of basic
matches QoSMatching(Qg, Qs) between a simplified QoS
offering Qs and a simplified requirement @),, where Qs =
(C%(qis), cnds) only refers to one quality concept g5, and
Qg = (C,(qiy), cnd,) contains constraints over one con-
cept q,. Also, to ensure the decidability of the reasoning,
we have to reduce some of the expressiveness of our con-
ceptual modeling: (1) a user describes her execution envi-
ronment cnd,, as a set C,, of instances of related contextual
factors; (2) a provider claims its offered QoS level C as a
quality instance gis. For convenient references, we summa-
rize these notations in Table 1.

The personalized matching between a simplified QoS re-
quirement (), and a simplified QoS offering ), is given
in Algorithm 1. The matching function p., is specified
by the provider and needs to conform to the declaration of
the ContextualMatchingModel (Figure 1). Symmetrically,
a user describes in her goal the personalized QoS match-
ing algorithm /14, and the match result set M, that she
accepts, in addition to her requirements C/,. (14,5 needs to
follow the declaration of the function QoSMatchingModel.
The sets M,,, and M, contain instances of the concept
MatchedResult in the QoS upper ontology. Default im-
plementations of fi.¢; and ji40s are available in the QoS
upper ontology and thus both the provider and user can
customize them flexibly in their own derived ontologies.
For example, (1405 can be implemented as in the example

at the end of Section 2, where the user needs to define
M,os = {excellent, good, acceptable} as instances of the
basic concept MatchedResult in the upper ontology.

More generally, a service s matches a user query g if all
mandatory requirements of the user on different quality pa-
rameter ¢, in the query ¢ are satisfied by a certain simple
QoS offering of a service, or QoSMatching(s, g) = mgos €
Myos, Vg, € g. To conclude whether a service matches
with a query or not, the discovery engine formulates the as-
sociated queries based on the declarations of the functions
tete and fig0s, Which it knows about completely, and per-
forms the reasoning on the constructed knowledge-base to
find the matching result 1my,s. Thus, the service match-
making model is highly customizable both by the provider
and the user via their own implementations of the functions
etz and fig0s in the domain QoS ontologies. Note that our
algorithm does not impose any restriction in the constraint
C! itself, i.e., depending on the capability of the reasoner,
C! can be a complex logical expression on the properties
of the required QoS instance qi,,. This also applies for the
contextual constraints specified in cnd,,.

We suppose that the user and the provider may spe-
cialize the foundation QoS concept with further proper-
ties of their own. However, they would need to pro-
vide appropriate mediating rules to translate back and
forth between the derived concept and the original one in
the upper ontology. With such mediating rules, the rea-
soner would be able to detect whether the provider of-
fers a quality parameter compatible with what the user ex-
pects, i.e., whether ¢, and ¢, are semantically-equivalent
(line 9). For example, a service provider can combine
the DownloadSpeed concept in the upper ontology with
other domain-dependent concepts and business policies to
represent its own quality attributes MinDownloadSpeed,
DownloadRate, AllowableDownloadSpeed, etc. This addi-
tional knowledge is integrated into the knowledge-base and



Table 1: Frequently used notations

Provider-side

Client-side

a QoS requirement by the client (user)

Qs aQoS offering by the provider Qu
qis  provided quality instance (simplified form of C; (qis))

cnd s required environmental conditions (context) Cu
Py provider’s preferences P,
Jete matching rules to check if user’s context is appropriate Hqos
M ¢4 results of ¢, on which provider agrees to provide the service| Mgos
pc  pre-defined predicate to get results of fictq nQ

C,’u (gt ) required quality values, expressed as conditions CL on quality instances g,

set of instances describing user’s context (simplified form of cnd.,,)
user’s preferences

matching rules to check if provider’s QoS is satisfactory

results of f14, client accepts as satisfactory to her requirements

pre-defined predicate to get results of fi40s

can be reasoned about appropriately to detect that a provider
also offers a DownloadSpeed at a certain level.

Algorithm 1 QoSMatching(Qg, Qs) : Mgos

1: Build the knowledge-base KB = Q4 U QsU related ontologies;
2: Find matching function pic¢4 in preferences Ps;
3: Bind all variables in cnds with values in C,;
4: Obtain matching contexts X by querying the reasoner:
KB = po(X) = pretz(ends, X);

: Return L if X isnotin Mty
: Find the matching function p140s in preferences Py ;
7: Obtain matching services Y by querying:

KB | pq(Y) := p1g0s(C7(qis), Y);
8: Return Y as the matching result;

N W

4 Personalized Service Ranking

Consider a user query g with QoS requirements
{{C1(gi1),cndy, P1),...{C}(qin),cndy, P,)}, where all
notations have the meanings as introduced in Section 2 and
in Table 1. Suppose that the list of services that match
the above query is Ly. For each S; € L,, we define Qi
1 < k < n as the reputation-based QoS value of the QoS
parameter ¢;; provided by S;, where ¢;j is an instance of a
QoS concept g, in the ontology and ;1 is estimated as in
our previous work [1,2]. Since the evaluation of quality and
the perception of the reputation information is subjective,
user preferences and own judgements are relevant. There-
fore, we include the following user preference information
into the ranking procedure:

Firstly, a user may weight different quality parameters
qir of service differently, e.g., she may state that the re-
quirement on UploadSpeed is of lower importance than that
of DownloadSpeed. We use wy > 0 (wy can be a prop-
erty of a QoSParameter concept) to denote the importance
weight of the quality concept g, to the user. Higher values
of wy, mean the user considers ¢ as more important and
vice versa.

Secondly, the comparison between two quality values g;,
and ¢;; of a QoS concept g; is also important. We use
the relation ¢;;; = gji (resp. ¢ < @) to denote that
the quality value g;;, is preferable (resp. less favored) than

the value g, by the user. This relation is specified via the
QoSComparisonModel by the user in her preference ontol-
ogy (derived from the upper QoS ontology). Note that this
comparison should include the case where ¢;;; and/or g;j,
does not exist in the descriptions of S; and S;.

Thirdly, each user may want to include the reputation-
based estimated value ;3 into the rank computation differ-
ently, since each individual user have her own confidence
on the credibility of the reputation mechanism, as well as on
the sensitivity of reputation information to the actual value
of different domain-dependent quality parameters. For in-
stance, in the file hosting scenario, the DownloadSpeed of-
fered by the service might be seen as more sensitive to
its historical values than the SupportSize quality attribute
since the latter is less likely to change. Thus we denote
ag,0 < ar < 1 as the (common) subjective probabil-
ity that the user trusts the advertised QoS of a provider,
and Or = 1 — «y as the probability that she believes in
the reputation mechanism and thus in the estimation of
¢ik- The quantity B (can be defined as a property of a
QoSParameter concept) is used as a measure of confidence
the user has on the reputation-based estimate value of that
particular QoS parameter. Higher §; values imply that:
(1) the user has higher confidence in the reputation-based
estimation ¢z, and (2) the user prefers the reputable ser-
vices to the newly published ones. A user who wants to
ignore the reputation value of a quality concept gj, simply
sets B, = 0.0.

The values of those above preferences can be provided
by the user herself or defined by default in the upper or the
derived QoS ontologies. This strategy enables the user to
personalize the ranking as far as she wants, and the dis-
covery solution is reusable for many different application
domains without special knowledge about them.

The ranking of services based on their QoS properties is
a multi-criteria decision problem, to which there are many
possible solutions [12]. Here we employ a preference-based
approach to develop our personalized ranking mechanism
(Algorithm 2). We use the identity function 1p that evalu-
ates to 1 if the predicate P is true and evaluates to 0 other-
wise. Algorithm 2 ranks the services in L, in the decreasing
order of the probability that a user favors them (c.f. Propo-



sition 1 of [13]). An advantage of this method is its con-
siderable genericness even for the case we do not know the
ideal results for a certain query due to the complexity of the
quality requirements Cj (gix). The evaluation 1;4, 4.}
and 1{, > .} can also be pre-computed to reduce the time
cost of the discovery process.

Algorithm 2 QoSRanking(Lg) : RankedList L,
1: for each S; in L, do

2:  foreach §» # S;in Ly do

300 P = Wk gprgn) T Uk gy
4:  end f
5.
6
7

Py = ", pij
: end for
: Return L, as Lg sorted in the descending order of P;’s;

5 Formal Model of the Discovery Process

One may envisage a single discovery component man-
aging a large number of Web service descriptions and being
targeted by numerous user queries with completely unpre-
dictable arrival rates. In this context, the performance of
a discovery process becomes of primordial importance as
well as its ability to respond to variations on query arrival
rates, while keeping the execution time of each query at an
acceptable level. To provide such guarantees, we formally
model the discovery process as a cost-based adaptive paral-
lel query processing problem [14]. A query is modeled as an
operator execution plan, in which nodes represent discovery
operators and edges denote the dataflow between each pair
of them. Potentially, a single discovery query may be mod-
eled by a number of different operator execution plans, al-
beit equivalent in terms of the results they produce. Thus we
derive an execution plan producing the smallest estimated
cost for a given query.

We have identified a set of discovery operators that to-
gether form a discovery algebra (c.f. [15]). Each operator
represents a particular function within the discovery process
and may be implemented using different algorithms. For ex-
ample, we have the following main operators: jiq to match
between a Web service description and a user query in term
of QoS, i to assess the functional similarity between ser-
vice description and a user query, p to rank services, and
6 to perform the evaluation of various QoS parameter val-
ues based on the ratings from the reputable users. In addi-
tion to ordering operators into an execution plan, our execu-
tion model extends traditional query execution by support-
ing reasonings and introducing some dynamic optimization
techniques. The reasoning task is invoked as part of the ex-
ecution of the ;1o and pp operators and deserves special
attention as it can become a bottleneck for the execution.
Thus an efficient evaluation of a discovery query must target
three main issues: (1) reduce the number of reasoning tasks;

(2) reduce the elapsed time for each individual Web service
description semantic matchmaking evaluation; (3) adapt to
variations in execution environment conditions. We cope
with these three issues by introducing control operators into
the execution plan that manage data transfer, data material-
ization, reasoning task parallelization and scheduling, etc.
For brevity reasons, we refer the interested reader to our
previous work [14] which describes the parallelization and
adaptive execution strategies in detail.

Figure 2 illustrates a typical query execution plan (gener-
ated by the system) for processing general service discovery
requests. Once a user query g and preferences a are entered,
the scan operator v will read service descriptions s from the
service repository and insert them into the query processing
system. The execution process will be performed according
to this plan via a parallel-pipelining processing mechanism.
In this generated plan, there are a number of operators (up
and pq) being parallelized in order to reduce the total num-
ber of steps in processing a query. The operators v and o in
the query execution plan are automatically inserted by the
system to handle the distribution of tasks and the collection
of results.

Figure 2: An example query execution plan.

6 Implementation and Experimentation

We implemented the prototype of our QoS-enabled dis-
covery component using KAON2? as the reasoning en-
gine and a WSML-Flight reasoner wrapper® to translate
from WSML ontologies to KAON2’s Datalog format. The
adaptive discovery query processing system is developed
from the existing implementation of the CoDISM-G frame-
work [14]. Another third party light-weight functionality

Zhttp://kaon2.semanticweb.org/
3http://tools.deri.org/wsmI2reasoner/



discovery component [16] is used to performs the match-
ing of services with a user goal by comparing their post-
conditions. We also implement several ontologies based
on real-world use cases using the WSML-Flight language,
which covers a subset of F-logic [10]. These ontologies
include the general purpose QoS upper ontology, the pref-
erences and related ontologies for three use cases: the on-
line file hosting, the hotel reservation, and the stock market
broker application scenarios from one of our EU projects
which has just finished [17]. For our online demonstration®,
we develop a dedicated Web-based user interface to analyze
the QoS-related ontologies, generate a GUI for user inputs
and automatically formulates the ontology-based user pref-
erences and goal descriptions for the discovery process.

Table 2 shows the results of an (illustrative) example
service discovery query for a file hosting service offer-
ing DownloadSpeed higher than 25KB/s and UploadSpeed
higher than 10KB/s. The user is willing to pay at most
10 Euros for her subscription and her Internet connec-
tion speed is ADSL 5Mbps. The service providers can
specialize the DownloadSpeed concept in the upper on-
tology by defining various concepts MinDownloadSpeed,
DownloadRate, AllowableDownloadSpeed, etc., with addi-
tional properties for their own uses. Thus, the use of seman-
tics enables us to evaluate whether a syntactically-different
but semantically-equivalent QoS parameter offered by a
provider, e.g., DownloadRate, satisfies the user’s require-
ments of DownloadSpeed or not.

The returned services satisfying both functionality and
quality requirement of the user are S7 and S5, in which .S;
has a higher rank due to its higher reputation-based QoS
(q11 = @21 and G132 = @o2). Other services are rejected and
removed from the discovery result since they either offer
the quality level under those conditions that the user does
not satisfy (S3, S4) or since they do not satisfy the required
functionality (S5, Sg). In general our discovery component
can be used with more complicated scenarios where the
QoS offers and requirements are of high complexity, e.g.,
a user may specify in her requirements that the statistics on
the QoS parameter ExecutionTime of a candidate service
(to be integrated in a Web service-based workflow manage-
ment system) follows a certain distribution over different
temporal periods for given input sizes. Similarly, providers
can specify whatever prerequisites they want to impose on
their potential clients, e.g., different prices according to dif-
ferent quality levels over time.

In our implemented prototype we limit ourselves to
consider only exact matches between two QoS concepts
during the matchmaking, assuming that we have a set
of complete and correct translating rules between the de-
rived concepts, e.g., MinDownloadSpeed, DownloadRate,
AllowableDownloadSpeed etc. by a provider (or user) and

“http://Isirpeople.epfl.ch/lhvu/download/qosdisc/

the original one DownloadSpeed in the upper ontology. As
aresult, the precision and recall of our ontology-based QoS
discovery depends on the capability of the rule-based rea-
soner being used. The study of correctness of such reasoner
is beyond the scope of this paper. The remaining relevant
issue we need to analyze is the effectiveness of the ranking
algorithm. Regarding this, our ranking approach exhibits
the following properties.

e One-time interaction: The user provides her prefer-
ences only once before the discovery begins. These
preferences are comprehensible and can be easily col-
lected via the user interface. The whole matching and
ranking processes are then done completely automati-
cally, which is a benefit for users since the number of
published services can be considerably high.

o Informative results: The services are ranked in de-
creasing order of the probability that a user favors
them, taking into preferences of the users. This means
the results are shown to the users in an appropriate way
and can effectively support them to select their most
favorite services.

e Dominance detection: Our ranking mechanism can
detect the dominance among the services, i.e., if a ser-
vice S, is strictly better than S, in term of a quality
parameter gy, and S, is better than or equal to S}, in all
other quality criteria, it is assured that S, gets a higher
rank than Sy in the final ranking result (c.f. Proposi-
tion 2 in [13]).

The reputation-based QoS estimation approach has been
studied under various settings, which yields very accu-
rate and reliable results even in highly vulnerable environ-
ments [1].

We also performed experiments running our service dis-
covery engine using a parallel query processing system.
The experiment objective was to evaluate the gains obtained
by parallelizing operators of the discovery algebra. In par-
ticular, we execute in parallel a fragment of the query ex-
ecution plan comprising the match (uq, ;tr) and the rank
(p) operators, in this order. We considered a repository con-
taining 1000 web service descriptions synthetically gener-
ated. The execution environment comprises 20 homoge-
neous machines, one for the local operators and 19 parallel
nodes. Figure 3 illustrates the obtained results. The values
presented correspond to the average of five runs with the
same configuration. One can observe that with 10 nodes,
the overall response time is 3.6 times faster than the one ob-
tained in the centralized execution. Note that this is the case
considering the remote nodes initialization costs. In sce-
narios with larger number of remote machines (i.e., greater
than 10 nodes for 1000 service descriptions), the gains ob-
tained by parallelization start being blurred by initialization



Table 2: Example discovery result

UploadSpeed(q1) DownloadSpeed(q2) Price InternetSpeed Result
Requirements > 10 KB/s >25 KB/s < 10 Euros 5Mbps
Preferences optional, w; = 1, 81 = 0.75 optional, ws = 2, B2 = 0.75

FilesRUBasic(.S1)

100 KB/s, g = 102.9 KB/s > 500 KB/s, gg» = 514.7 KB/s free SMbps rank=1

UltraFiles4All(S2)

10KB/s, gg5 = 10.5KB/s > 40 KB/s, gg» = 42.5 KB/s free IMbps rank=2

FilesRUDeluxe(S3) > 500 KB/s

150CHF  5Mbps rejected (advertised price too high)

>
>
> 100 KB/s
>

UltraFilesPro(S4) 100 KB/s > 500 KB/s

100CHF 10Mbps rejected (advertised price too high,

demanded Internet speed unavailable)

WSGetNewsXignite(S5) — -

100CHF  1Mbps rejected (functionality unsatisfied)

ThemesHotel (Sg) - -

rejected (functionality unsatisfied)

costs and remote node interferences. It is, however, inter-
esting to observe that whenever the same query is executed
twice, the whole initialization cost is hidden, enlarging the
parallelization spectrum. We are currently enhancing our
query optimizer to take into account the interference cost
caused by remote nodes communicating with the local one.
Our intention is to identify a break even point from which
the initial input set should be split into multiple local nodes,
keeping the interference under reasonable limits and allow-
ing for greater parallelism.

Our modeling of the discovery process as a query exe-
cution plan also enables the plugging-in and comparison of
the results of different variants of the reputation-based QoS
estimation, matching, and ranking approaches. This will be
addressed in our future work.
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Figure 3: Experimental results

7 Related Work

Amongst the major efforts in using QoS criteria in ser-
vice discovery are [18,19] and [11]. The personalization
of QoS-based service selection also interests a number of
research work, e.g., Wagner et al. [20,21] and [22]. Reputa-
tion information has also been partly used during the selec-
tion of services based on their QoS [23-26]. Due to limited

space, we refer the readers to the extended version of our
paper [13] for a more extensive review. Herein, we sum-
marize the difference between our solution with the most
relevant work in Table 3 w.r.t the following dimensions:

o QEXP: the expressiveness of QoS model

o QEXT: the extensibility of the QoS model

e SWSE: whether the approach is semantic-enabled

o CXTE: whether the discovery is also based on check-
ing of prerequisite conditions expressed by providers

e REPE: whether the approach employs reputation
mechanisms to evaluate the trustworthiness of the ad-
vertised QoS

e PMCH: whether the matching algorithm is customiz-
able (without changing the code)

e PRNK: whether the ranking algorithm can be person-
alized w.r.t. user preferences

e FLEX: the possibility of integrating different algo-
rithms during the discovery, e.g., using different rep-
utation mechanisms to estimate services’ quality

e OPTE: the easy parallelization and optimization of the
whole discovery process

A v in Table 3 denotes that the corresponding feature
is supported and a * implies that the issue is (partially) ad-
dressed by some work in the mentioned group.

8 Conclusions

We have presented an approach for discovery of services
that enables both functional- and quality-based discovery.
The proposed discovery framework is highly extensible and
customizable, which adequately addresses many relevant is-
sues in the literature: semantic modeling of QoS, personal-
ized matchmaking and ranking of services, and the use of
services’ QoS reputation in the discovery process. Addi-
tionally, the important steps of the discovery process are im-
plemented as operators in a discovery algebra, making our
approach customizable and scalable through implicit paral-
lelization capabilities.



Table 3: Comparison of our framework with others

Ours  [18] [19] [11] [20,21]  [22] [24] [23,25,26]
QEXP v v v v v *
QEXT v v v v v v v *
SWSE v v v v v v *
CXTE v v v v
REPE ' v v
PMCH v v v v
PRNK v v v v v *
FLEX v
OPTE v
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