
Leveraging Web Services Discovery with
Customizable Hybrid Matching

Natallia Kokash1, Willem-Jan van den Heuvel2, and Vincenzo D’Andrea1

1 DIT - University of Trento, Via Sommarive, 14, 38050 Trento, Italy
{kokash, dandrea}@dit.unitn.it

2 Infolab, Tilburg University, 5000 LE, PO Box 90158, Tilburg, The Netherlands
wjheuvel@uvt.nl

Abstract. Improving web service discovery constitutes a vital step for
making a reality the Service Oriented Computing (SOC) vision of dy-
namic service selection, composition and deployment. Matching allows
for comparing user requests with descriptions of available service imple-
mentations, and sits at the heart of the service discovery process. This
paper firstly evaluates the efficacy of several key similarity metrics for
matching syntactic, semantic and structural information from service in-
terface descriptions, using a uniform corpus of web services. Secondly, it
experiments with a hybrid style of matching that allows for blending var-
ious matching approaches and makes them configurable to cater service
discovery given domain-specific constraints and requirements.

1 Introduction

Service Oriented Architectures (SOAs) offer tantalizing possibilities for enter-
prizes by allowing large-scale reuse of loosely-coupled services, defining service
description, discovery and composition at heart of its paradigm. Web services has
become the preferred implementation technology for realizing the SOA promise
of service sharing and interoperability. By now, a stack of standards and specifi-
cations supports the description, discovery, invocation, composition, security and
deployment of web services, and many tools to develop applications from web
services have become commercially available. However, the vision of dynamic
composition of heterogeneous web services still seems far away.

Web service discovery is generally perceived a key step to reach automation of
service composition, and further realizing the SOA vision. It is concerned with
locating web services that match a set of functional and non-functional criteria.
Discovery involves three interrelated phases: (1) matching, (2) assessment and
(3) selection. During the first phase, the description of a service is matched to
that of a set of available resources. Next, the result of matching (typically a set of
ranked web services) is assessed, filtered by a set of criteria. Finally, services are
actually selected so they may be subsequently customized and combined with
others. This paper focuses on the first phase of service discovery - matching.

In [1] we present the overview of the existing approaches to web service match-
ing. Unfortunately, in many cases an evaluation of the proposed matching tech-
niques is lacking. And, if available, each experimental evaluation uses its own
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corpus, making an objective judgement about their efficacy very cumbersome.
To analyze their merits, it is useful to classify the existing algorithms as uniform
or hybrid. Uniform approaches refer to atomic matching techniques that can
not be further decomposed in finer-grained methods. Hybrid approaches on the
other hand may combine various matching methods into a composite algorithm.

In Section 2, we introduce a web service matching approach that serves to
highlight the basic workings of hybrid matching and compare several similarity
measures using a similar WSDL corpus. Based on these evaluations, Section 3
proposes a customizable approach towards hybrid service matching. Section 4
concludes this paper by summarizing our main findings and exploring new re-
search areas.

2 The WSDL Matching Method (WSDL-M2)

We present a matching algorithm, named WSDL-M2, that was inspired by sev-
eral existing discovery methods. It is oriented to work with incomplete web
service specifications and combines two techniques: lexical matching to calculate
the linguistic similarity between concept descriptions, and structural matching
to evaluate the overall similarity between composite concepts.

All WSDL specifications are parsed in order to allow extraction of their struc-
tured content. The parsed document is tagged to enable lexical analysis. The
implementation of the method considers five WSDL concepts that are supposed
to contain meaningful information: services, operations, messages, parts and data
types. Each element has a description, i.e., a vector that contains semantic in-
formation about this element extracted from the specification.

The tagged WSDL specifications can be further analyzed and subsequently in-
dexed using different IR models. The most widely-used IR technique constitutes
the Vector-Space Model. It weights indexed terms to enhance retrieval of relevant
WSDL documents and then computes a similarity coefficient after which they
may be ranked. Traditionally, term weights are assigned using the tf-idf (term
frequency-inverse document frequency) measure. After this assignment, the sim-
ilarity between descriptions is determined using associative coefficients based on
the inner product of the description vectors. To address the major shortcom-
ing of VSM, the fact that VSM considers words at the syntactic level only, our
method expands both the query and the WSDL concept descriptions using syn-
onyms that are extracted from WordNet. Next, we compare the obtained word
tuples as in VSM. Finally, we used a measure that reflects the semantic relation
between two concepts using the WordNet lexicon1. Formally, it is defined as
sim(c1, c2) = 1 −

(
icwn(c1) + icwn(c2)

)
/2 + maxc∈S(c1,c2) icws(c), where icwn(c)

denotes information content value of a concept c and S(c1, c2) is a set of con-
cepts that subsume c1 and c2. More details of this method are outlined in [2]. In
principle, any other algorithm could have been chosen instead.

1 Java implementation of the algorithm that defines the semantic similarity of two
terms is available on http://wordnet.princeton.edu/links.shtml.
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Using these metrics, the matching phase then continues with the comparison
of service descriptions and the set of service operations, which are later combined
in a single-number measure. The similarity between operations, in their turn, is
assessed based on the descriptions of operations and their input/output messages.
To compare message pairs we again evaluate similarity of their descriptions and
parts. Since one part with a complex data type or several parts with primitive data
types can describe the same concept, we compare message parts with subelements
of complex data types as well. We rely on “relaxed” two-level structural matching
of data types since too strict comparison can significantly reduce recall. At the first
level, description of complex types are compared. At the second one, all atomic
subelements of the complex type are compared. For each element, names of higher-
level organizational tags such as complexType or simpleType and composers such
as all or sequence are included in the element description. Order constraints are
ignored since parser implementations often do not observe them. This does not
harm well-behaved clients and offers some margin for errors.

The structural matching is treated as Maximum Weight Bipartite Matching
problem that can be solved in polynomial time using, for example, Kuhn’s Hun-
garian method. We use this method for two purposes: (i) to calculate semantic
similarity between concept descriptions, (ii) to compute similarity of complex
WSDL concepts taking into account their constituents (sub-types). Weight wij

of each edge is defined as a lexical similarity between elements i and j. The total
weight of the maximum weight assignment depends on the dimensions of the
graph parts. There are many strategies to acquire a single-number dimension-
independent measure in order to compare sets of matching pairs. The simplest
of them is to calculate the matching average. Alternatively, we can consider two
elements i ∈ X, j ∈ Y to be similar if wij > γ for some parameter γ ∈ [0, 1]. In
this case, Dice, Simpson, and Jaccard coefficients may be applied. Due to space
reasons, we are not able to include the entire formal details of the matching
algorithm. We refer to [3] for a detailed formal treatment.

We have conducted a series of experiments to evaluate the efficacy of the pre-
sented matching method. We have compared the efficacy of the tf-idf heuristic,
its WordNet-based extension and the semantic similarity metric described above.
We ran our experiments using two web service collections presented in [4] and
[5]2. For each service we queried the complete data set for the relevant services
(i.e., services classified in the same group). The similarity assigned to different
files with respect to the query can be treated as a level of the algorithm confi-
dence. It ranges from 0 (no match) to 1 (WSDL documents contain all concepts
from the query regardless of the order). To avoid dependency from the chosen
similarity threshold, the efficacy of the matching algorithm was accessed by av-
erage precision that combines precision, relevance ranking, and overall recall [6].

For the first collection of the classified web services WSDL-M2 proved to be
very effective (46-100%). For several categories of the second collection average

2 Stroulia and Wang describe a collection of 814 services. However, we excluded a
group of 366 unclassified WSDL specifications and 1 WSDL file was not parsed
correctly.
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precision was dramatically low (15-40%) reaching 100% for the other groups
in the same time. This can be explained by the fact that the most categories
in the corpus were very coarse-grained and too generic in nature. Further, our
experimental results have shown that the VSM was the most effective method
for the overwhelming majority of the queries despite the fact that it is lim-
ited to syntactic matching only. Application of the tf-idf heuristic applied on
the WSDL specifications enriched with synonyms from the WordNet lexicon,
did not improve the quality of the matching results for the first collection. For
the second data set the Wilcoxon signed rank tests indicate that these two ap-
proaches are significantly different (p-value = 0.00693 < 0.01) and prove that the
average precision of the VSM is consistently better (p-value = 0.003465 < 0.01).
The semantic correlations between WSDL concepts found with the help of the
WordNet-based semantic similarity measure in most cases are wrong or too weak.
As a result many irrelevant files for the query have a high similarity score. At
the same time, WordNet is restricted to a fixed set of six semantic relationships
(including: hypernyms, synonyms, entailment, etc.) when the similarity measure
that we need is the relation “can be converted” rather than the general lexi-
cal (synonymy) similarity. Aside from the efficacy of this particular application
of tf-idf, the semantic matching approach has a significantly lower performance
than the previous two approaches.

Due to the absence of a standard corpus in combination with the usage
of different data models, WSDL-M2 cannot be compared quantitatively with
the existing approaches for which some empirical validations are available, no-
tably, [4][5][7]. A challenging anomaly occurs: groups with better precision in [4]
correspond to the groups with worse average precision in our experiments. This
may be caused by a different proportion (weight) of structure vs. semantic sim-
ilarity impact on the final similarity score.

The above provides empirical evidence that one of the key factors that influ-
ence on the performance of the matching methods that we studied this far, is the
quality of the vocabulary used in description of various services. These observa-
tions point towards the idea that a customizable hybrid matching is needed to
increase confidence in matching results. For example, hybrid matching can help
to reduce the processing time of semantic matching using structural matching
to reduce the number of WSDL documents to be compared.

3 Customizable Hybrid Matching Approaches

In this section, we introduce a customizable hybrid approach towards matching
of web services. The significance of customization lies in the fact that it caters for
composition of a new hybrid approach from various existing techniques. Hence,
this approach may in fact be perceived as a meta-matching strategy, which is
very flexible as it is not restricted to any matching technique, but enables ad-
hoc composition of several (pre-existing) matching approaches.

It is of critical importance to make matching methods customizable so that
they may be tailored to meet organization-, domain- and/or context-specific



526 N. Kokash, W.-J. van den Heuvel, and V. D’Andrea

constraints and needs, including, (non-)absence of domain-specific taxonomies,
quality of the request/available web service descriptions, availability of textual
descriptions, number of available services, usage of topic-specific terminology
and the such. For example, hybrid matching seems a viable solution in case one
has more confidence in structural than semantic matching due to the fact that
WSDL labels carry poor semantics and service descriptions are lacking. The level
of confidence may be expressed by parameterizing the hybrid algorithm so that
more weight can be assigned to structural and less weight to semantic matching.

Let us illustrate our approach using a simple example. Suppose that two
kinds of matching algorithms are available: Sy, which compares service descrip-
tions using syntax driven techniques and Se, that relies on semantic matching.
Let simSy(q, x) designate a similarity score between query q and web service
(operation) x defined by the syntactic matching algorithm, and simSe(q, x)
be a similarity score between query q and web service (operation) x defined
by the semantic matching algorithm. Given query q and threshold γ > 0, let
XA(q, γ) = {x|simA(q, x) > γ} denote a set of services (operations) found by
the algorithm A. Now, we propose three compositional operators to combine
matching approaches:

– Mixed - a series of matching techniques are executed in parallel. In fact,
these matching techniques may be homogenous (e.g., all of them of the same
type) or heterogenous (various types of matching, e.g., a mixture of semantic
and syntactic matching). This type of composition combines sets of services
found by the different matching techniques in a single list. For example,
syntactic and semantic matching algorithms are grouped in a single rank-
ing list, i.e., XH1a(q, γ) = {x|simH1a(q, x) > γ}, where simH1a(q, x) =
f{simSy(q, x), simSe(q, x)} such that f = {max, min}. Alternatively, the
results of the two approaches are fused based on weights allocated to each
matching constituent, i.e., XH1b(q, γ) = {x|simH1b(q, x) > γ} such that
simH1b(q, x) = w1sim

Sy(q, x)+w2sim
Se(q, x) | w1+w2 = 1, 0 ≤ w1, w2 ≤ 1.

– Cascade - each matching technique that is part of the composite matching
algorithm reduces the searching space of relevant service specifications. In
other words, each subsequent matching algorithm refines the matching re-
sults of the previous one. For example, given a set of services found by the
syntactic matching algorithm, choose those services whose similarity that is
computed by the semantic matching algorithm is higher than a predefined
threshold, i.e., XH2a(q, γ1) = {x|simH2a(q, x) > γ1}, where simH2a(q, x) =
simSy(q, x) | x ∈ XSe(q, γ2). Alternately, from the set of services found
by the semantic matching algorithm, we select those services whose syn-
tactic similarity is higher than a predefined threshold, i.e., XH2b(q, γ2) =
{x|simH2b(q, x) > γ2}, where simH2b(q, x) = simSe(q, x) | x ∈ XSy(q, γ1).

– Switching - this category of composition allows to switch between different
matching algorithms. In principle, the decision to switch to another matching
technique is driven by predefined criteria. For example, based on the number
of the found services for a query after using a uniform algorithms we can
alter between cascade and mixed combinations.
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Parametrization entails a prime mechanism to allow for customization.
Principally, the weights may be applied to hybrid matching techniques, being as-
sembled using mixed, cascading and switching styles of composition. In fact, con-
figuration of hybrid matching may not only be achieved at the level of matching
techniques, but also at the level of the data models underlying them. There exist
two fundamental choices to combine data-models underpinning hybrid matching:

– Combination - different data models are combined by a single algorithm.
– Augmentation - various data-models are used sequentially to enrich the in-

formation that serves as an input to the matching process. This style of
data-model combination is most effective for cascading or switching style
of composition. Typically, this strategy involves interaction with the service
requester and/or information that is gathered from a service monitor.

Fig. 1. Average precision of four hybrid algorithms on the first data set

We have experimented with a combination of the approaches presented in Sec-
tion 2 to increase confidence in matching results and demonstrate the potential
of parameterizing hybrid matching more in general. Some preliminary experi-
ments using the same corpus as before, yielded the outcome drawn in Figure 1.
Four mixed algorithms were tested: in the first two approaches, different weights
for syntactic matching were assigned, 60% and 80% correspondingly. Other two
methods experimented with ranking of the retrieved services using maximum
and minimum similarity scores between those assigned by the semantic and
syntactic uniform algorithms. First two hybrid approaches over-performed the
purely semantic matching, while two others showed both increases and decreases
in average precision for different categories of web services.

4 Conclusions and Outlook

Web service discovery plays a pivotal role in the SOC paradigm. In this paper
we have introduced the WSDL-M2 matching algorithm that was implemented in
a prototypical toolset. We have conducted a comparative analysis of WSDL-M2
with three lexical similarity measures: tf-idf and two WordNet-based metrics,
using a uniform corpus.
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To leverage WSDL matching, we have proposed a multi-dimensional com-
position model, having matching techniques and data models as its main con-
stituents. The research findings that were presented in this paper are core results
in nature. More research is needed in various directions. Though promising in
nature, empirical evidence for hybrid matching is in need of experimentation in
larger settings. We intend to conduct more experiments with hybrid matching
approaches, equipping them with learning strategies.

Also, we believe that the augmentation strategy towards data model composi-
tion of matching approaches is a promising research direction. This composition
model assumes that extra information may be gathered from monitoring tools. In
particular, we plan to scrutinize application of the following types of knowledge:

– Service knowledge - knowledge about the existing services and their features,
such as service documentation, interface description, ontology-based seman-
tic extensions, service reputation and monitored information.

– Client knowledge - client’s profile that includes his/her area of expertise,
location, history of searches and previously used web services.

– Functional knowledge - knowledge required by the matching algorithm to
map between the client needs and the services that might satisfy those
needs. The chain query → knowledge-based reasoning → response is im-
plied. For example, if the client asks for a currency exchange web service,
and the algorithm knows that given a particular currency the client can
define the country where this currency is used, it may recommend service
conversionRate(fromCurrency, toCurrency).

Additionally, in future work we are going to consolidate and extend our current
empirical study with other IR models.
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