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Abstract: In a semantic Web service (SWS) matchmakingnisses meaning that relate words. Such a problem can be over-
process, given a request, it is obvious that not only a list afome by giving terms a logical and shared meaning through
services should be returned, but also a ranking of compatikde ontology. Nevertheless set-based approaches already have
SWSs should be provided. Obviously having semantically aproperties that are fundamental in a matchmaking and retrieval
notated services, the ranking should be based evaluating peacess. If we are searching for a resource described through a
mantic similarity between descriptions. Furthermore, the avaiset of words, we are also interested in sets including the one we
ability of such descriptions makes explanation of rank possibkearch, as they fulfill the resource to retrieve. Moreover even if
and can provide useful information in order to modify or rethere are characteristics of the retrieved resource not elicited in
fine the original request. Here we summarize results obtainéte description of the searched resource, an exact match is still
on this challenging topic exploiting non-monotonic inferencepossible because absent information have not to be considered
in Description Logics, with particular reference to their imple-negative. The two statements above may be summarized by the

mentation within the MaMaS-tng engine. following property:
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ing, abduction, contraction. characteristic in the description of a resource to be retrieved
. should not be interpreted as a constraint of absence. Instead it

1. The need for a logic-based approach should be considered as a characteristic that could be either

. - . refined later or left open if it is irrelevant for the user searching
We start with a description of approaches to resource retrlev?gr the resource
highl_ighting limitations of non-logical approqches,. thgn diS'Obviously, some specific characteristic might be declared to
cussing the general Knowl_edge Represent_auon principles tll?é closed, as long as such a closure is made piecewise, using
a Iggl_cal app'roach may.y|eld, before moving on to the Deéome known declarative to@.g, Autoepistemic DLs [7] or
scription Logic (DL) setting we adopi_t We refer the r_eader_ Circumscription in DLs [9]. The set-based match evaluation is
to [6, 2] for several exa_\mples and wider argumentation. l:'r%ton—symmetric: if we search for a resoulte whose describ-
of all, we note that using standard relational database teclla- set of words is included in a set characterizing resowce
nigues to model a resource retrieval framework, there is a ne may considewy a resource perfectly satisfying the request
to completely align the attributes of the offered and requestqgrw_ On the other hand if we use the descriptioMgfor the
resources descriptions, in order to evaluate a match. If reque rchW may also satisfy the request only partially, as some
and offers_ are §imple hames or strings, the_only possible MalGihe terms describing4 may be not included in the{ set.
quld be identity, resulting in an aII-or-nqthmg approach to th%’ROPERTYZ.Non-Symmetl’iC evaluation Given two semantic-
retrieval process. Vague query answering, proposed by n‘ﬂased description§V(for semantic Web service) ar@ (for
was an initial effort to overcome limitations of relational data- uery), a matchmaking system may give different evaluations
bases. Classical Information Retrieval can be used, too, thus %@'pend’ing on whether it is trying to maté#with Q, or Qwith
verting the search for a matching request to similarity betwe(ig/_i e., depending on who is going to use this évaluation
weighted vectors qf stemmed terms, as prc_)pos_ed in[11, 1 rom now on we assume that resource descriptions, requested
The need to work in someway with approximation and ran%}/

ing in DL-based h hmaking h I nd offered, are expressed in a DL, equipped with a model-
Ing In DL-based approaches 0 m".’“c making has also reCetyy 4 retic semantics. This approach includes the sets-of-keywords
led to adopting fuzzy-DLs, as.g, in [12, 15] or hybrid ap-

one, since a set of keywords can be considered also as a con-

proaches, mixing semantics with classical unstructured text i]h'nction of concept names. We also assume that a common

formation retrieval [10, 13]. A further approach structures rec')ntology is established, as a TB@xin DL.

source descriptions as set of words. This formalization allows

to evaluate not only identity between sets, but also set-based ge- Explanation Oriented Matchmaking

lations between descriptions, such as inclusion, partial overlap,

cardinality of set difference. Modeling resource descriptionBL-based systems usually provide two basic reasoning ser-
as set of words is anyway too much sensible to the choice wices for7, namely satisfiability and subsumption.They can
words employed to be successfully used: the fixed terminolodye defined, informally, as follows:

Concept Satisfiability: Given an ontology” (for Terminology)
fiodeling the domain we are investigating on, and a descrip-

1we assume hereafter the reader be familiar with basics of Description Logi
formalisms



tion Qof a resource referring to the ontology: is the informationf the SWS descriptiofWand the quer@ are compatible with
modeled in the description consistent with the one in the orach other, the partial specifications problem still holds, that
tology? is, it could be the case th#lY— though compatible — does not
SubsumptionGiven an ontology? modeling the domain we imply Q Using DL syntax we write7 = QMW L and

are investigating on, and two resources described by exprés-= WIZ Q Then, it is necessary to assess what should be
sions Q W- referring to the information modeled in the on-hypothesized ) in Win order to completely satisf.

tology: is the information describing a resource more gener8lEFINITION 2.Let £ be a DL,W Q be two concepts i,
than the other one’s description? and 7 be a set of axioms i, where bothwand Q are sat-
Both Subsumption and Concept Satisfiability are adequate isfiable in 7. A Concept Abduction ProblerfCAP), identi-

all those scenarios where a yes/no answer is enough. For exdiad by (£,Q WT), is finding a concep € L such that
ple, given a resource and a request represented respectivelylby= WM H C Q and moreoveln H is satisfiable in7 .

a concepWand a concep®, using Concept Satisfiability we We callH a hypothesisaboutWaccording toQand7 .

are able to determine whether they are compatibleWmod- Observe that in the definition, we limit to satisfiabiandQ

els information which is not in conflict with the one modeledsince Q unsatisfiable implies that the CAP has no solution at
by Q This task can be performed checking the satisfiabilitall, while Wunsatisfiable leads to counterintuitive resul€)(

of the conceptV1 Q with respect to a reference ontolo@y ~ would be a solution in that case). W C Q then we have
On the other hand Subsumption can be used to verify, for e¥¥ = T as a solution to the related CAP. Hence, Concept
ample, if a resource described Wysatisfies a requef Itis  Abduction extends subsumption. On the other hand/sf T
easy understandable that if the relatidfz Qholds, therWis then7 = H C Q Notice that both Concept Abduction and
more specific tha@and contains at least all the requested fea=oncept Contraction can be used for respectively subsumption
tures. In [1, 4] Concept Contraction and Concept Abductiorgnd satisfiability explanation. For Concept Contraction, having
non-standard inference services for DLs, were introduced abhao concepts not compatible with each other, in the solution
defined. In this subsection we briefly recall their definitions(G, K) to the CCP{L,QWT), G represents "why"Qr W
explaining their rationale and the need for them in resourae not compatiblee., which part of the query is conflicting

retrieval. with SWS description. For Concept Abduction, havipgndwW
. such thatZ = WIZ Q, the solutionH to the CAP(L,QWT)
2.1 Nonmonotonic Inferences represents "why” the subsumption relation does not héld.

. . . . . ) can be interpreted ashat is requested i and not specified
Starting with the conceptd/andQ if their conjunctionW Q in W nterp 'S fequ Q pectl

is unsatisfiable in the TBof representing the ontologie.,

they are not compatible with each other, our aim is to retragt 2 | ogic-Based Matchmaking via Concept Abduction
requirements ifQ, G (for Give up, to obtain a concepk’ (for and Concept Contraction

Keep such that' 1 Wis satisfiable ir7".

DEFINITION 1.Let £ be a DL,W Q be two concepts if, and Both Concept Abduction and Concept Contraction can be used
7T be a set of axioms i, where bothVand Q are satisfiable to suggest guidelines on what, given an offered resolfbas

in 7. A Concept Contraction ProblefCCP), identified by to be revised and/or hypothesized to obtain a full match with
(L, QWT), is finding a pair of concept$GG, K) € L x £ the request. Let us suppose to have a reqQeatresourceV
suchthat7 Q=GN K,and7 = KNW# L. WecallK and an ontology/ such that7T = QNWIZ L, i.e, they are

a contractionof Qaccording towand7 . incompatible with each other. In order to gain compatibility, a
We note that there is always the trivial soluti¢&, K) = Concept Contraction is needed so that givingGan Q, the

(Q T) to a CCP. This solution corresponds to the most drasremainingK could be satisfied bW Now, if 7 = WC K, the

tic contraction, that gives up everything @f In our resource solution Hy to the CAP(L, K, WT) represents what is iK'
retrieval framework, it models the (infrequent) situation irand is not specified iV As theWobtained is an approximated
which, in front of some very appealing resouldgincompat- match ofQ then evaluating how good is the approximation
ible with the requested one, a user just gives up completelyould be extremely useful. Given more than one resource,
his/her specification®in order to meeW At a first glance it which is the best approximation? How a numerical score can
would seem more reasonable the solutiéh K) = (Q L) in-  be assigned to the approximation, basedoff and G, in
stead of(G, K) = (Q T). Actually, we can read the former order to rank the resources? Algorithm 8 provides answers to
solution as After giving up everything in my original query, the raised issues.

I want nothing and the latter as After giving up everything [lines 1-4] Having a reques and an offered service if

in my original query, whatever is good for inén a match- their descriptions conjunction is not satisfiable w.r.t. the ontol-
making scenario, this solution is the most correct one. On tlogy they refer to (i.e., they are not compatible with each other
other hand, wheWn Qis satisfiable in7", the "best” possi- for some concepts in their descriptions), first a contractio on
ble solution is(T, Q), that is, give up nothing — if possible. is performed in order to regain compatibility [line 2] and then
Since usually one wants to give up as few things as possibléne 3] we compute what has to be hypothesizethin order
some minimality in the contraction must be defined [8, 1, 3jto completely satisfyQ (its contraction). The returned values
represent:

2with T we refer to the most generic concept in an ontology. We Lige (G, K): The first item is what has to be given up in the request

denote the most specific concept (the unsatisfiable concept). In OWL word_s,G _in order to continue the process, or in other words Why
they are represented ypwl:Thing> and<owl:Nothing>  respectively. T !




Algorithm: explain(\WQ T, L) InternetConnection 3 CableConnection L WiFi
Input: V\[(Qcon)cepts irﬁﬁuch thatl” L: Wﬁndlﬂt}): Q disj(WiFi , CableConnection )
Output: (G, K), H i.e, the part inQthat should be P :
) . Pool PA C F Facil
retracteds and keptK and the part inWthat SwimmingPool LS = FitnessFacilities
should be hypothesized to find a full match SAT-TV. L TV
betweenwandQ HotelFacilities 3 TVU FitnessFacilities U
1 if T<|= QIT> WC L then( n UiBreakfast L HotelFacilities
2 G, K) = contract(WQ 7T); _
3 Hy — abduce(WK, T); . Bedroom = dbed rm 3Jguest
4 return (G, K), H: SingleRoom = Bedroom M (< 1bed) M
5 else M(< 1guest )
6 H = abduce(WQ,T); DoubleRoom = Bedroom 11 (< 1bed) M
7 return (T,Q), H; (< 2guest )
8 end ] TwinRoom = Bedroom M (= 2bed) N
Algorithm 1: FI(< 2guest )
SmokingRoom = Bedroom 1 Vguest .Smoker
Qis not compatible with\/ The second item is the contracted NoSmokingRoom = Bedroom 1Vguest .~Smoker

requestk that is no more in conflict with the request.

Hy: After the contraction of), the request is represented by
K, i.e. the portion ofQthat is compatible wittW H repre-
sents what has to be hypothesizedNim order to completely

satisfy K, or, in other words, whyVdoes not completely sat-
isfy K. smoking ones. | have no information on this”. Summing up,

- ) ; ; y ki _ explain(W, Q 7, L) explains the reasons why is not a full
[lines 5-7]If the conjunction of@s andWs description is sat match forQsayin

isfiable w.r.t. the ontology they refer to, then no contraction is«There is somet%ing iy which is explicitly in conflict with

Fig. 1. The reference ontology.
disj(WiFi ,CableConnection ) represents
WiFi C —CableConnection andcCableConnection C -WiFi .

needed and only an abductive process is carried out. yourQ@'”:

The algorithmeaplain returns values useful in a retrieval sys- G = Vind WiFi

tem yvhere explanation f)f the results is needed and/or a beliefr, g i something you requested that is not specified in any
revision process is admitted. ~ way inW. There are some missing information”:

EXAMPLE 1.As a simple example, suppose you are looking "

for “smoking room and price includes a Wi-Fi connection” H = vguest .Smoker

and you find two web services offering respectively “bedrooma a similar way, if we conside® and\W we see that they are
and price includes a cable Internet connection” and “smokingnot conflicting with each other. Hence, there is nothingto give
twin rooms with Internet connection included”. It is easy toup and therexzplain(W, Q, 7, £) in line 6 computes:

see that both semantic web service descriptions do not matcﬁ _ -

completely the request. The question is: why? How to auto- H = Vincl WiFi

matically compute the reasons why the query is not matchggl,; js, based on the description 8, it is not possible to
by the web service descriptions? In formulas, w.r.t. to the on- o - N
tology in Figure 1, we can represent the above query and s\egtablish if the Wi-Fi connection is included or not.

descriptions as: The algorithmezplain does not depend on the particular
Q= SmokingRoom M Vincl .WiFi DL adopted. Based on the minimality criteria proposed in [1]
W = Bedroom M 3Jincl 1M the lengthH of the solution to a CAP for asiLN DL can
vincl .CableConnection be computed as proposed in [5]. Hence, a relevance rank-
W = TwinRoom 1 SmokingRoom M 3incl M ing score can be computed by an utility function defined as
Vincl .InternetConnection U(G7 K, HK)-

If we consideiQandW we see that they are inconsistent with

each other7 = QNW C L. If we useexplain(\W,Q 7, L), 3, Dealing with User Preferences
the algorithm recognizes the inconsistency (row 1) and com-

putes a contracted version @fin line 2. In this case a possible

Contraction would be- In a semantic discovery process, a user query, can be split of-

' B ten into two separate partstrict requirements angbrefer-
(G K) = (vincl WiFi, _ ences Strict requirements represent what, in the query, has
SmokingRoom r1vincl .IntemetConnection ) to be strictly matched by the semantic web service descrip-

In other words the algorithm is suggesting: “if you are inter-tion. Preferencescan be.seen as soft user requirements. In

Wi-Fi connection. | suggest to contract your request giving ufnctionalities do not provide exactly the ones represented by
your Wi-Fi specification”. a preference. Usually, a weight is associated to each prefer-

With respect to the contracted query (representedily ence in order to represent its worth (absolute or relative to the
explain(W, Q 7, £) tries to find what is underspecifiedW  other preferences). Hence, for a user qu@nye distinguish
solving a concept abduction problem [line 3]. between a conceyfds representing strict requirements and a

H = Vvguest .Smoker set of weighted concept®) v) whereQis a DL concept and

This result can be read as “based on what is explicitly statetl iS @ numerical value representing preference worth. It should
in W | cannot establish if the rooms are smoking rooms or nbe clear that a matchmaking process has not to be performed



w.r.t. Qs. It represents what the user is not willing to risk onification K> ; = (< 2bed )M (> 1guest )M (< 2guest ); (5)

at all. He does not want to hypothesize nothing on it. An apAj is compatible withQ,. Unfortunately, inWy is not specified
proximate solution would not be significant f@s. On the if smoking is allowed or not(6) W is compatible withQ;.
other hand, even though a preference is satisfigiia certain ~ SinceW completely satisfie®, no specific hypotheses have
degree(not necessarily completely) the user will be satisfieto be formulated.

with a certain degreas well. Given an ontolog¥’, a seman-

tic web service descriptioW a strict requirements que@s 9. How to computeU (explain(WQ T, £)): the

and a set of preferencd® = {(Q,v;)} we compute a global ~MaMaSway

ranking score using Algorithm 2. Here we retrieize,, assign ) .
score > 0, only those web services whose description fu”)!\/IaMaS(MatchMaklng Service) is a DL reasoner fadLA

satisfies user strict requirements. Once we have a web serigPlementing algorithms for non-monotonic reasoning and
description such thal = WL Qs, then we compute how semantic-based ranking. It is able to solve both concept abduc-

much it satisfies user preferences. For each preference we t4R8 Problems and concept contraction ones4fA’. Using
into account bottl (ezplain(WQ, T, £)) i.e., the similarity MaMa$ given an ontology7, it is also possible to rank a WS

degree computed using non-standard reasoning, and the vaigscription w.r.t. a query usingink Potential algorithm as
expressed by the user to represent preference worth. described in [5]. In a nutshell, given two concept descriptions
QandW rank Potential compares their normalized forms and

Algorithm: pre ference retricve(WQs, P, T, L) evaluate a score representing the length of the corresponding
—0- concept abduction problem.

;C;ri_vw’: Qs then rankPotential Given two ALN conceptsWandQin normal

foreach @,m cPdo form w.rt. an ontology7 in AEJ_\/, rankPotential (W Q) _
score = score +; - U(explain(WQ,, 7, L)); computes the “length” of a solution to a concept abduction

end problem [6]. Note that given an ontology and a queng, the

end maximum value forank Potential (W Q) is computed when

return score T = W= T. Hence, given a quer@and a concept descrip-

Algorithm 2: tion C, the value resulting fromank Potential (T, Q) can be

used to normalizeank Potential(C, Q). In the following we
show how to useankPotential in order to compute a value
representing a similarity degree of a WS descripgand a

In order to describe hopre ference_retricve(WQs, P, T, L) query Q both normalized w.r.t. an_ontologX/’. We compute
works, in Figure 2 we model a simple hotel booking scenaridy+ 9 @ndh as: N = rankPotential(T,Q), represents the
Strict requirement€)s, preferences and semantic web servic@'@imum score computed byunk Potential associated to
descriptions? = {(Q:, 1), (Q,v2), (Qs, v5)}, W, W and the solution of a concept abduction problem, given a query
W are modeled with respect to the toy ontoloyreported Q@and an ontologyl’; g = rankPotential(Q. K') (where K

in Figure 1. It is easy to see thdt = W C Qg 7T is the result Ofretmev'e(WQ, T, ALN)), represents a how
W C Qs 7} W C Q. SinceW does not satisfy strict much ofQ has beep given up |K. In other wordsg assigns
requirementsQs, differently fromW and W, it will not be & Score toG resulting fromretrieve(WQ 7, ALN); b =
selected for the matchmaking process. Then we proceed gk Fotential(W K), represents how much df, resulting
plying algorithmretricve to remaining available services. We fom retrieve(WQ 7, ALN'), is not specified i It assigns
recall thatretricve returns a 3-tuple whose first item repre-& Score toff solution of retrieve(WQ 7, ALN'). Based on
sents what is incompatible (and should be given up) in th_@[,gandhapOSSIbIefor}Tulathn df (retricve(WQ T, ALN))
request w.r.t. the service, while the second item represeffsU = (1 — &) - (1 — ). Notice that even thougH, does
what is compatible and can be kept in the request. The thift €xplicitly appear in the computation of it is implicitly

item corresponds to what has to be hypothesized (to get a fff€d in the computation &f

match) w.r.t. the already contracted part of the request. Wi : )

respect to Figure 2 we can sgi) W is compatible withQ,. té] lllustrative example (cont'd)
No contraction of prefere_nce specification is n(_ee_ded. In faqh order to show how to useankPotential to compute
(G110, K1) = (T,Q). SinceW completely satisfie® N0 17(yetricve(WQ T, ALN)), let us considel, W and D;
specific hypotheses have to be formulated. Ther= T (2)  and Q, in Section 4 and compute their normalized versions
W is not compatible witl®,. Specification on smoking cannot a5 shown in Figure 2. Sinc& £ Q MW C L, then we

be satisfied. With respect to the contracted preferenc@/ in go not have to contrad®, w.r.t. W (see Section 4) and then
nothing is spec_lfled about SAT T\3) W is pompatlble with e haveg; ; = 0. On the other side, sincE = W C Q

Q;. No contraction of preference specification is neede®In ipen hi, = 0. Differently form the previous casel =

nothing is specified about Wi-Fi connectiqd) W is notcom- o W = 1. Hence, we contradd, and we have as a re-
patible withQ,. With respect to the definition afwinRoom ¢ it (G 1,_K2 1) = contract(W,Q, T).

given in the ontology, the specification related to the minimumnorm _ (< 1ped) (> 1guest )1 (< 2guest ); ga.1 = 1; hay =0

number of beds has to be given up. In fact, sinées offering  gjncer = QMW C L, then we contrac®, w.r.t. W and we

double rooms, then you could also have 2 beds in your ro0aye(G, ,, K; ») = contract(W, Q, T) (see Section 4).
Finally, W completely satisfies the contracted preference spec- ’ '

4. lllustrative example



= Bedroom mVincl .vfacility .InternetConnection “1 want to book a bedroom whose price includes the use of the Internet
TwinRoom “It would be nice if it was a twin roofn
NoSmokingRoom 1 Vincl .vfacility .SAT-TV “lwould prefer a no smoking room with SAT TV. | would prefer a no smoking"room
Vincl .Vfacility WiFi “A Wi-Fi connection would be appreciated
= TwinRoom rdincl MVincl .(Ffacility M Vfacility .(TV CableConnection )) 1
SmokingRoom “Booking twin rooms. Price includes Internet connection and cable TV. Smoking is dllowed
W = DoubleRoom M3incl MVincl .(Ifacility M Vfacility (SAT-TV M WiFi ))
“Booking double rooms. Price includes Wi-Fi Internet connection and SAT TV.

EOECOR
I

W = SingleRoom M 3facility M Vfacility .(SPAMTWiFi ) “Single rooms. The hotel has a SPA and Wi-Fi Internet connéction
caplain(W,Q,7,£) = (T,Q),T €
explain(W,Q,,7,L) = (Vguest .~Smoker, (> 1bed) n (> 1guest ) M Vincl .Vfacility SAT-TV), Vincl .Vfacility SAT-TV (2)
explain(W,Q,7,L) = (T,Q),Vincl .Vfacility WiFi 3)
explain(\W,Q,7,L) = ((> 2bed), (< 2bed) M (> lguest ) M (< 2guest )), T 4)
explain(\W,Q,7,L) = (T,Q),Vguest .-Smoker (5)
explain(\W, %, 7,L) = (T,Q), T (6)
Q'™ = (>2bed) (<L 2bed) M (> 1guest )M (< 2guest ); Ny =4
Q@™ = (> 1bed) N (> lguest ) M Vguest .-Smoker MYincl .Vfacility .(SAT-TV M TV N HotelFacilities ); N2 =6
wWer™ = (> 2bed) M (< 2bed) M (> 1guest ) M (< 2guest ) MYguest .Smoker 1 (> lincl ) MVincl .((> 1facility )n
nvfacility .(TV M HotelFacilities m CableConnection M —=WiFi 1 InternetConnection )
Wperm = (> 1bed) (< 1bed) M (< 2guest ) (> 1guest ) M (> lincl ) MNvincl .((> 1facility )M
Mvfacility .(SAT-TV M TV M HotelFacilities M WIiFi M -CableConnection 1 InternetConnection )

Fig. 2. User request and service descriptions in the reference scenario; Explanation results in the matchmaking process;
Normalized version of,, Q, (with corresponding value¥; andNy) W andW.
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