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Abstract o

Recently, two operable WSDL retrieval approaches, bipartite-graph matehing” and
KbSM, were developed for Web service discovery. But their models and s'r metrics
of WSDL ignore some term or semantic feature, and invol:e formal problem of

representation or difficulty of parameter verificatio%. M ap

statistical term measures to implement XML documen
ignore the lexical semantics and the relevant informationy”leading to dataset
analysis errors. This work proposed a service re I me ; rid SLVM of WSDL,
to address above problems in feature extr@n. This _imethod constructed a lexical

semantic spectrum using WordNet for ¢h rizing T ical semantics, and built a
special term spectrum based on TF-ID n feat trix for WSDL representation

was built on the hybrid SLVM. Appl N orithm, on dataset OWLS-TC-v2,
our method achieves bette ure a y precisions than bipartite-graph

matching and KbSM.
Keywords: WSDL Retrl@ Web \SLVM Lexical Semantics

1. Introductlon\\

Web ser an mp\@garadlgm for developing SOA (Service-Oriented
Architecture ware AGIoWwing number of web services raise the issue of efficiently

locating the desired we ices [1]. Many approaches have been proposed with respect
to the way in which es are described. As the dominant approach, The Web Services
Description Lan (WSDL) is an XML-based interface definition language that is
used for descrijbi e functionality offered by a web service.

Accordi OA software, at design time, developers identify which activity is to be
performe then try to find and select the Web services closest to such requirements. A

ot o research of service is to realize large-scale service retrieval and integration
P% In Universal Description Discovery and Integration (UDDI), conventional
atching mechamsms are mainly based on keyword search, however, the precision of
those retrieval approaches are relatively low. [2] To address this problem, several
projecting approaches considering structural information have sprung up.

The two-phase similarity metrics-based bipartite-graph matching [1] and the Kernel
based Structure Matching [2] are proposed for Web services retrieval. In particular,
relative to WSDL, the Structured Link Vector Model (SLVM) was proposed for
representing XML documents [3]. The bipartite-graph matching cannot apply to VSM-
based analysis algorithms, and it cannot characterize the terms which are not recognized
by semantic knowledge. At a disadvantage, the Kernel based Structure Matching depends
on crude TF-IDF term statistic, meanwhile, its key parameter is difficult to verify. For
XML document representation, Structured Link Vector Model depends on statistical term
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measure for feature extraction. However, in the information retrieval field, statistical term
measures cause semi-structured document analysis to perform on the level of term string
basically, and neglect lexical semantic content in the structural elements.

Semantic approach is an effectively used technology for document analysis. It can
capture the semantic features of words under analysis, and based on that, characterizes
and analysis the document. Close relationship between the syntax and the lexical
semantics have attracted considerable interest in both linguistics and computational
linguistics. For WSDL document analysis, the design and implementation of hybrid
SLVM take account of both the lexical semantics and the terms which are not recognized
by semantic knowledge particularly. Unlike present models, using WordNet [4], our
model developed a new representation of WSDL which can characterize the Iexical
semantics and term feature, and provides a practical method for WSDL
similarity metrics. Theoretical analysis and relevant experiments are carried |fy
the effectiveness of this model. 0%7

2. Related Work \4% @

2.1. WSDL Retrieval Approaches and SLVM \@
servi

Web services retrieval [5] assumes that the c% aces are defined with
Web Service Description Language (WSDL) the algo combines the analysis of
their structures and the analysis of the ter ed insi m. In a WSDL description,
data types are expressed by XML Sche |n|t|on d%) specifications. Currently, two
main approaches of WSDL analys ee nd improved to achieve service
retrieval, which are the two-phds larity %ﬁ:}: -based bipartite-graph matching [1]

and the Kernel based Stru Matching .[2]. relation to WSDL, Structured Link
Vector Model was proposed for represenfis@\AL documents [3].

Matching bipartite-gr ] basemt -phase similarity metrics, firstly employs the
external knowledg'[&npute th antic distance of terms from two compared
services. Services sifjlarity is m red upon these distances. This method can reflect the
underlying semamticy-of web ce§ by utilizing the terms within WSDL fully. Bipartite-
graph match AN suppo he imilarity metric of WSDL structure, but cannot provide
the vector repre entatlob'a ervice. As a result, the two-phase similarity metrics based

bipartite-graph matc nnot apply to VSM-based analysis algorithms. Besides, it
cannot character@ ecial terms which are not recognized by semantic knowledge.

The Kernel Structure Matching (abbreviated as KbSM) contains essential
mechanis s follows [2]. To describe the structural similarity, it extracts document
trees fron%%ﬂwo WSDL documents and aligned their nodes according to the label's
textual arity. Aligned nodes are considered identical. After that, it models the
d Q trees as a vector in a n-spectrum vector space (n = 2; 3; ...), and use the n-
s@m kernel function [6] to compare common hierarchical relationships between the
two trees. To calculate two WSDL documents' text similarity with classical VSM, the
other kind of feature extraction calculates text similarity using TF-IDF. Then, it combines
structural and textual similarities to estimate the functional similarity. According to the
mechanisms, the label's textual similarity and text similarity are calculated based on crude
TF-1DF term statistic. Besides, as a key parameter, aligned threshold of nodes is difficult
to verify.

Analogous to KbSM in structural similarity and kernel function, Structured Link
Vector Model proposed by Jianwu Yang [3], which forms basis of our work, was
proposed for representing XML documents. It was extended from the conventional vector
space model (VSM) by incorporating document structures (represented as term-by-
element matrices), referencing links (extracted based on IDREF attributes), as well as
element similarity (represented as an element similarity matrix).
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SLVM represents a semi-structured document docx using a document feature

7 nm
matrixAXI R , given as [3]

A, = éﬁxm ' Ax(2)’ """ ) Ax(m)ﬁ, (1)

: . . AqTR".
Where m is the number of distinct semi-structured document elements, — *(® is the
TF-IDF feature vector representing the i XML structural element (ei), given
TF(W doc, .e; ) XIDF(w;) TF wj, doc, .€;
Axtip) X )7 and ( s the frequency of the term w;
in the element e; of docx.

When the kernel function KO %;) [6] is regarded as the similarity function“detwgén

two XML documents, the SLVM-based document similarity between two sem ured
documents doc, and doc, is defined as [3]
m m

k(x;, xj) = Sim(doc, , doc, ) = a1.a1M ,)@J))
J 2)
b Q X)
where XM or 7Y() js the normalized docu ature N of documents doc, or

M. . .
doc,, and "¢ is a matrix of dimension m>< namea& e element similarity matrix.

The matrix M. captures both the sim etwe r of document structural elements
as well as the contribution of ES o the v& document similarity. To obtain an

optimal I\/lefor a specific ty eml-st.ru data, SLVVM-based document similarity
learn the matrix using pair-wise S|mlla\ mng data (unsupervised learning) in an

iterative manner [7]. Q \‘
DL Si

2.2. The AnaIyS| ity Metrics

As a new ’ raph model for service retrieval, two-phase similarity metrics based
bipartite-grap tchi cannot approach formalization of VSM. Besides, it cannot
characterize the spec Ie;%rms which are not recognized by semantic knowledge. In
WSDL description ber of special terms exist in XML Schema, such as ‘tns’, ‘xsd’
and many speci reviations. This omission causes the WSDL similarity metrics to
lose the mt&l infermation [8] which comes from special terms in different document.

O

Q)Q
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Example 1.

<I--Doc A.-->
<?xml version="1.0" encoding="UTF-8"?><definitions
xmlns="http://schemas.xmlsoap.org/wsdI/"
xmins:tns="urn:timeserviceMyTime"
xmins:xsd="http://www.w3.0rg/2001/XMLSchema"
xmins:soap="http://schemas.xmlsoap.org/wsdl/soap/"
name="MyTime"
targetNamespace="
<types/>
<message name="MyTimelF_getTime">
<part name="String_1" type="xsd:string"/></message>
<message name="MyTimelF_getTimeResponse">
<part name="result" type="xsd:string"/></message>
<portType name="MyTimelF">
<operation name="getTime"
parameterOrder="String_1">
<input message="tns:MyTimelF_getTime"/>
<output
message="tns:MyTimelF_getTimeResponse"/></operation
></portType>
<binding name="MyTimelFBinding"
type="tns:MyTimelF">
<soap:binding
transport="http://schemas.xmlsoap.org/soap/http"
style="rpc"/>
<operation name="getTime">
<soap:operation soapAction=""/>

‘urn:timeserviceMyTime">

<input> °
" use="encoded" &
%2
<soap:body
namespace="urn: tlmeserwceMyT
on></binding>
binding="tns:MyTi ng"> Q 5
deploy/Time"

encodingStyle="http://schemas.xmlsoap.org/soap/enc
<output>
" use="encoded"
Joutput> w
<port name="MyTim
location="http://127.0.0.1:9090/
service></definitions>

<!--Doc B.-->
<?xml version="1.0" encoding="UTF-8"?><definitions
xmlns="http://schemas.xmlsoap.org/wsdI/"
xmins:tns="urn:ClockserviceMyClock"
xmlins:xsd="http://www.w3.0rg/2001/XMLSchema"
xmlns:soap="http://schemas.xmlsoap.org/wsdl/soap/"
name="MyClock"
taracquireNamespace="urn:ClockserviceMyClock">
<types/>
<message name="MyClockIF_acquireClock">
<part name="String_1" type="xsd:string"/></message>
<message name="MyClockIF_acquireClockReply">
<part name="solution" type="xsd:string"/></message>
<portType name="MyClockIF">
<operation name="acquireClock" °
parameterOrder="String_1">
<input message="tns:MyClockIF_acquir
<output

message="tns: MyCIockIF acquneCI )I></operatio

n></p0rtType>
<b|nd|ng n CIockIF
type= tns 1RS>
<sQ
trangp g s.xm|s@ap.org/soap/http"
style w
<0perat|on name="aegu eClock">
oap: opera soapAction=""/>
<|nput>
<soap: bo
enco in I = http //schemas.xmlsoap.org/soap/encoding/

=" um CIockserwceMyCIock "/></input>
put>
<soap:body

codlngSter- ‘http://schemas.xmlsoap.org/soap/encoding/
use- ‘encoded"
namespace="urn:ClockserviceMyClock"/></output></oper
ation></binding>
<service name="MyClock">
<port name="MyClockIFPort"
binding="tns:MyClockIFBinding">

<soap:address
location="http://127.0.0.1:9091/cssiunam/Clock-
deploy/Clock"
xmlns:wsdI="http://schemas.xmlsoap.org/wsdl/"/></port></
service></definitions>

<soap:body xc
namespace="urn:timeserviceMyTime"/></i
encodlngSter- ‘http://schemas. mesan org/soap/encodl C

<service name-"MyTlm%
<soap:addres @
% /Time-
xmlns:wsdI="http://schem?s.@ap.orglwsdI/"/></port></
N’

These s
statistical

u:}similarity models based on TF-IDF are perceived as the mode using
measures. As a sort of ontology methods [9], semi-structured document

represg ns based on statistical term measures ignore recognition of lexical semantic
-1t causes the WSDL similarity metrics to lose the mutual information [8] of term

me

gs which comes from synonyms in different document. Our comment on statistical

term measures and semi-structured document representations can be clarified by

analyzing a small XML corpus Example 1.
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Figure 1. The Term Matrices f rﬁple 1@

In Example 1, the two simple WSDL documen iewed amples. Evidently,
the term meanings of Doc A and Doc B are ext y eq ﬁﬁj)Thus the correlation
and semantic similarity between two samples con5|dera TF-IDF term statistic
cannot characterize the document similag tweerf . According to the WSDL
description, the methods based on TF an suc |n characterlze two documents
using two structuralized matrlce hich select uncommon features

using Information Gain [10]4 aI I ion [10]. Obviously, in Flgure 1,
=0 =

because two feature matrices fake eaeh B() ™ 7 5o the SiM(doca,docg) =

using the Eg. (2). Thermy on be statistical term measures, the document

representations on Exa d|d no m well for semantic similarity.

3. Proposed P@ba

3.1. Prelimi Conc and Theoretical Analysis

For Web servic leval, WSDL document representations which depend on
statistical term m shall lose mutual information of term meanings. Besides, using
semantic distan ipartite-graph matching can characterize the feature of term meanings
but shall | wt al information of special terms.

QQ Lexical Semantic Special Term
% . Spectrum ~ Spectrum
i - | |
x (i) - — >
n |

Figure 2. The Hybrid Eigenvector in SLVM

To solve these problems, utilizing SLVM, the motivation is connecting a lexical
semantic vector with a special term vector to form the hybrid eigenvector of WSDL
element. In hybrid eigenvector space of WSDL element, the eigenvector consist of lexical
semantic spectrum and special term spectrum (shown in Figure 2). On the basis of synset,
this method ought to construct a synset vector for characterizing lexical semantic
contents, and as a template synset vector shall further characterize semantic relations to
accomplish lexical semantic spectrum. Additionally, special term spectrum shall
characterize the unusual string in documents, which is neither the recognizable word in
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& n+l
. AT R Sy
WordNet nor function word [11]. Formally, —*® is the hybrid eigenvector
representing the i™ WSDL structural element (e;), where n is the scope of lexical semantic
spectrum and | is the scope of special term spectrum.

Ji . S .
/ / \ \ / | \

\'
, / N \ . ’\)
: ] \ \/ | \ Cf\i !
!synsetl [synsetj [S{?r:gﬂ synse *syns
— . —

Figure 3. Common Semanti or of Wo

In WordNet, because one word or term pefers to partic synonym sets, several
particular synonym sets can strictly desc e sense\?ne word for characterizing

lexical semantic contents. Then, our defines theEse particular synsets as the
semantic-factors of word. Thus, eX| mant trum resorts to WordNet [12], a
lexical database for English, fo mg I mantlc contents. Then, the WSDL
document representation s marlly struct the synset VSM of WSDL
elements.

Based on the above defi
semantic contents of

ition, in mantic-factors can characterize the lexical
le 1, can accomplish feature extraction of lexical
semantic contents.

instance, in e 3, the words time and clock belong to different
documents in Ex , mmon synset time can represent mutual information

[13] betwee semantlc tefits. Then, lexical semantic spectrum shall capture the

mutual info on of | semantic contents between samples which lies in same
semantic-factors of diff elements or documents.

Moreover, to char ze the semantic relations of terms, weights of lexical semantic
relations shall b ed on the vector in synset VSM, using Antonymy, Hyponymy,
Meronymy, Tro my and Entailment between synsets [12]. Then, lexical semantic
spectrum pture mutual information from lexical semantic relations between
different nts or documents. In addition, lexical semantic spectrum connects with

t of each term is computed using TF-IDF.
rding to the statistical theory of communications, our motivation needs further
analysis for theoretical proof. The analysis first introduces some of the basic formulae of
information theory [2, 7], which are used in our theoretical development of samples

spega m vector to form the eigenvector in hybrid SLVM. In the special term vector,
0

mutual information. Now, let i and Yi' be two distinct terms (events) from finite samples

(event spaces) X and Y. Then, letX or ¥ be random variables representing distinct lexical
semantic contents in samples X or Y, which occur with certain probabilities. In reference

to above definitions, mutual information between X and Y , represents the reduction of

Y

uncertainty about either X or ' when the other is known. The mutual information

1 (X:Y)

between samples, , Is specially defined to be
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vy 8 8 P(X.y;)
F(X:Y)=a a P(Xivyj)logm
X1 X yjlY i j ) (3)
In the statistical methods of feature extraction, probability P(x) or P(y;) is estimated
Yi

by counting the number of observations (frequency) of X or/iin sample X or Y, and

P(x,Y;)

normalizing by N, the size of the corpus. Joint probability, , is estimated by

counting the number of times (related frequency) that term X equals (is related to) Yi in
the respective samples of themselves, and normalizing by N.

Taking the Example 1, between any term S in Sample A and any term i in Sw
there is not any counting of times that 'equals . As a result, on corpu 1, the
statistical term measures indicate PO Y= @ﬁs ¢ the @ mutual
information ! (X:Y)= \a at iCal methods of

0. Thus, the analysis verifj
feature extraction lose mutual information of ter
As to semantic approach, for feature extrac of Ia‘%ﬁmantlc contents, our

method uses several particular semantic-factQfS\to describe th&meaning of one word or

term. In different samples, words can be d to ot ords by common semantic-
factors or lexical semantic relations. T%a\ ical s mutual information between
samplesI (X3Y) , is re-defined to

@ Yy,)modN
I (X;Y)=§ Xy)nlod !
xIX

F(ei)modN’ F(eyj)modN @

Q F(e Fe, )
To denote pro@(x )Qa i function (€ or i is estimated by

calculating ency o?‘@m tic-factors that describe the meaning of % or ¥i'in
sample X and m@lo N, the total number of semantic-factors in corpus.
int probability P0G Y;) , function is estimated by
cy of common semantic-factors that relate to lexical semantic

Fey.,)

Meanwhile, to den
calculating the f

atioMs of i and 7 , and modulo N.
For lexi emantic feature, in Example 1, the frequency of semantic-factors are
y marking the lexical semantic contents and relations, joint

p@lity PO Y,) is estimated by counting the frequency of the common semantic-
factors, and modulo N. For instance, the words time and clock are described by the
common  semantic-factor  time  (shown in  Figure  3). In  reality,

P(time, clock) _ [F (common-synset;; ... o) . F(relative-synsetyc o)1 mod N >0. Note that,

the T (COMMON-SYNSeline ciock) denotes the frequency of the common semantic-factor,

which is caused by the lexical semantic contents, such as synset time, and the

F(relative-synsetine. ook ) genotes the frequency of the relative semantic-factors, which are

caused by the lexical semantic relations, such as Antonymy, Hyponymy, Meronymy,
Troponomy and Entailment. As a result, lexical semantic mutual information between

Sample A and Sample B, (X ;Y), is positive. Thus, the analysis proves that the
semantic-factors and extraction of lexical semantic feature can provide the probability-

Copyright © 2016 SERSC 351
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weighted amount of information (PWI) [3] between term meanings of documents on the
lexical semantic level.

3.2. Hybrid SLVM of WSDL

In this work, WSDL documents are represented using the hybrid SLVM. In the model,
each WSDL document is represented by a WSDL feature matrix in the structured link
vector space. For organizing the hybrid SLVM, the procedures of hybrid eigenvector
representing the XML structural element in WSDL are as follows.

In the first place, (1) for feature extraction of lexical semantic contents, our model
makes a data structure of semantic-factor information. Secondly, (2) using semantic-
factors, it constructs synset vector as template vector of the lexical semantic spectrum in
the hybrid eigenvector of each XML structural element in WSDL. Last, (3) to charactepize
lexical semantic relations, it marks each template vector with weights of
relations between synsets [12]. Thus, (4) hybrid eigenvector is constructe@ nnecting

TF

lexical semantic spectrum to special term spectrum, in whigh the lattexi DF vector
of special terms.

(1) The data structure of semantic-factor mformatl p |se t information of
each semantic-factor in a document sample. As a, th data ucture is shown in
Table 1. It can record all important |nformat|on 0 ant| in a XML structural
element of WSDL, such as synset ID, freq sampl lement ID and relevant
information.

(2) As the template of lexical sem Qectru N rid SLVM, synset vector of
WSDL element is constructed usi ant In WSDL dataset, all referred
synsets are fixed by correspon g%hnne-f%w hen each identical Synset ID of all
semantic-factors fills one d&il in synse ector space respectively. And, each
template vector of lexical semantic spé is built to characterize lexical semantic
contents of WSDL elem In sy or space, each template vector of WSDL
element is just the 4e semantlc nt vector. Specifically, each WSDL element

identified by Ele |s re sented by the template vector of lexical semantic
spectrum, for i aract xical semantic contents. The synset vector space

~ n
t6|

represents el

. . . dyy 1 R
 iImVDL doc,, using a lexical-semantic-content vector *®)
given as

.
dyy = (dx(m) Oz ’ dx(im)) , (5)

Where r%he number of identical Synset ID of all semantic-factors in WSDL dataset,

. . d = FS(s;, doc, €
eature value on the j™ synset, given as (i) ~ ( &) for all j=lton.

£). . . .
s the corresponding Frequency of the j™ synset s; in the element e; of doc,.

Table 1. Data Structure of Semantic-Factor Information

Item Explanation

Synset ID Identification of synonym set

Synonymy is WordNet’s basic
relation. WordNet uses sets of
synonyms (synsets) to represent
word senses.[12]
Frequency of semantic-factor in

Frequency the XML structural element
(Occurrence of the synset in the

Set of Synonym
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WSDL element)

Identification of WSDL
document
Identification of structural
Element ID element or unit in semi-structured
document

Sample ID

(3) On the basis of synset vector space, to characterize lexical semantic relations, our
method marks Antonymy, Hyponymy, Meronymy, Troponomy and Entailment on each
dimension of the template vector. According to empirical parameter tune, the p @ng

is formulized as
6 (6)
i 0.4  Antonymy
N Hyponyry &w V
R(j,k) =102 Tropon ntallmxx)

n

Udyii gy = a R(j, k) >y, k)
=1

()
d. . -
where j and k=1ton, n is dlmens mber @synset vector, and ~*(:) is value
of the k™ template vector il& X“ B antic relation increment to the "
dimensional value of templ ector,.a unction R(J.k) denotes semantic relation
coefficient for A 0, caIIy, \W synset of k™ dimension is related to synset
of j" dlmen5|0n antlc rel such as Antonymy, Hyponymy, Meronymy,
Troponomy or En QS assignment is shown in Eq. (7), which are empirical
values. The nts of R flect the semantic relations which are organized into
synsets by 2
types message port@inding types message portType binding
® 0 o ® 0 0 o0y
G {4 U ¢ i1
% 250 Synseline clock @ 4 2 50 SyYNSeline ciog
U € g
@ 0 0 ou @ 0 0 o1
Q) i ¢ U
% 9 2 3 1l gl A, = 9 2 3 1Y gnelg
o o0 oy ® 0o o0 oy
€ U € U
g) 1 1 0 3 SynSEtres.ponse,reply ? 1 1 0 % synsetresponse,reply
G u G u
g) 0 0 0y g) 0 0 op
u u
g) 1 0 0 1;1 S‘yns‘?tresult,solution g) 1 0 0 l;l Synsetresult,solution
g .U , & .U .
: U special terms : U special terms

Figure 4. The Lexical-Semantic and Special Term Matrices for Example 1

(4) As for WSDL dataset, all synset dimensions carry the corresponding semantic
feature values. Then, hybrid SLVM represents a WSDL doc, using a WSDL feature

2 (n+1)y m
matrix A, IR , defined as
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éx = %x(l)'éx(z)’ ...... ’éx(m)H @
A n+l
where m is the number of distinct WSDL elements, =—*( is the hybrid
eigenvector representing the i structural element in WSDL, given as
A= % dx(i,j) +|:|dx(i,j) j=1lton
=x(.D TTF(Wj- n,dOCX.ei)xIDF(Wj_ n) J=n+lton+| )
where n is the number of identical Synset ID of all semantic-factors in WSDL dataset,
and | is the number of special terms in WSDL dataset. And
TF(Wj. . doc, &) XIDF(Wj_ 1) ¢ 1] j-n=1to |, is the TF-IDF feature of the specimwj.
2in e;, in which e is the i"" structural element of WSDL doc,.
Consequently, in hybrid SLVM, eigenvector of WSDL element is & t?cfed via
connecting lexical semantic spectrum to special term spectrum, which is sk n Eq. (9).

Therefore, in the structured link vector space, each W cume epfesented by a
WSDL feature matrix, and the WSDL similarity metries,e y Eg. ( hen, on behalf
of lexical-semantic and special term measures, h QVM an swceinctly characterize
two documents in Example 1 using two structural@watrio& in Figure 4.

. R
4.1 The Experiment %%\ \Q)\

For the purpose of compari n@t the c }ﬁ approaches in service retrieval, the
WSDL dataset has been obt from Q -TC version 2 [14]. All WSDL documents
are translated from the okiginal O O» cument. Totally 581 services which are
translated from OWLS DL doguments belonging to 7 categories are obtained after
translation. Experi e»& takenﬂoi hese services and the query requests in OWLS-

4. Experiment and Result

TC.

The natur name
Consequentl e si
produces the set of te

lly exists in an automatically generated WSDL.
ilapity can be applied only after a tokenization process which
be actually compared. For this reason, the experiments
perform the tokeniz 0 decompose a given name in its terms. [5] In most WSDL
documents, the t pearing in the portType names are the same as the definition of
message types Which is consistent with the naming convention of programmers and can
be decomm%rinto individual terms. Thus, experiments utilize the decomposing rules
from [5].

To te the service classification, we use the F1 measure [15]. This measure
C '@recall and precision in the following way:

2’ Recall” Precision

F1

(Recall+ Precision) (10)

Using F1 measure, we can observe the effect of different kinds of data on a service
classification system [15]. For ease of comparison, we summarize the F1 scores over the
different categories using the macro-averages of F1 scores, in the same way, we can
obtain the Macro-Recall and Macro-Precision [15].

As the matching degree, metrics of service similarity hope that a query return can be
adapted to replace the query in Web environment. Therefore, it should provide almost the
same function to the query. The query return must be textually similar to the query
document with structural similarity. Therefore, matching degree between the query and
the WSDL documents decide the services of query return, and the numbers of services in
query return are selected by matching degree descending-order. The mean precisions are
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evaluated on Top5 and Top10 of service numbers in query return, and the average of all
query precisions in which the top number n varies from 1 to the number of all the relevant
services for the given query. [1]

In this work, experiments use three WSDL retrieval approaches: 1) two-phase
similarity metrics-based bipartite-graph matching, 2) the KbSM, 3) WSDL retrieval based
on hybrid SLVM.

For the hybrid SLVM, to tackle unbalanced WSDL dataset, the WSDL retrieval selects
an optimized KNN classification, NWKNN (Neighbor-Weighted K-Nearest Neighbor)
algorithm, defined as [16]

&
score(doc, ¢;) = Weight, é Slm(doc,docj)é(doc /)5
I KN

I |O:

%1 doc I 62
subjected to 5(d0c ,C) = @

5 doc;,¢cj) .
KNN(d) indicates the set of K-nearest neigh f doc t (doc ) the
classification for document doc; with respect g class c;. For WSDL document doc

the experlment flrst selects K nelghbors tramnﬁjiocuments contained in K*

d
categorles{ 0 iCoo - Ce} The Welg\s obt Wy\ﬁqu (12), where Exponent>1.
[16] 9\
4@& N
Weight, =

e Ca
i d H dyi— * ) I/Exponent
(@m(q ){MifgNGm (CH1=1,...K'P | 12)
In the process 0 E,@Y), betwe resentations of doc and doc; [3], this algorithm

o N Y Sim(doc, doc ; . .
uses similarity_f in calculate the ( J). Besides, according to
>

experience 0 algarjihm [16], the parameter of WWeight;
to 3.5.

O

4.2. The Result§
To eval\iy service classification, this work uses the F1 measure [15]. Then, we

, Exponent [16], is equal

can obser effect of different kinds of data on a classification system [15]. For ease
of co @n we summarize the F1 scores over the different categories, and display
@nd recall. Table 2 manifests the performances of service classifications.

E Table 2. Classification Evaluation

Approaches Precision Recall F1
Bipartite-graph 0 0 0
Matching [1] 67% 56.5% 61.3%
KbSM [2] 68.9% 41.9% 52.1%
Hybrid SLVM | 73% 40% 51.7%
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Table 3. Query Return Evaluation

Top5- Topl0- Average
Approaches precision | precision | precision
Bipartite-graph 0 0 0
Matching [1] 100% 90% 48%
KbSM [2] 78.6% 66.7% 64.3%
Hybrid SLVM | 100% 95% 68.4%

To evaluate the service query, query return selects services in matching degree
descending-order [1]. Then, we can observe the mean precisions on query retyrn with
different service numbers [1]. For ease of comparison, we also display the averwall
query precisions. Table 3 manifests the performances of service query returf.

5. Conclusion %{ Qg
In proceeding work, a data structure of semantic- \ or constructed in

order to form synset vector. After marking the le ant s on it, the synset
vector composes lexical semantic vector of W elemi\a?? the lexical semantic
spectrum in hybrid eigenvector of WSD ement lexi semantic vector can

characterize lexical semantic contents apd Inh@i SLVM, hybrid eigenvector
of WSDL element is constructed via co g IeX| sehnantic spectrum to special term

spectrum. Using the NWKNN algorl he hy, M achieve better performance of
classification and query return a |part|t matching model and the KbSM.

The future aim focuses om&b the h brl LVM to more current algorithms and
developing a semantic knowl edge ase for service discovery.
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