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Optimizing Causal Link Based Web Service Composition

Freddy Lécué!> and Alexandre Delteil”> and Alain Léger?

Abstract. Automation of Web service composition is one of the
most interesting challenges facing the Semantic Web today. Since
Web services have been enhanced with formal semantic descriptions,
it becomes conceivable to exploit causal links i.e., semantic matching
between their functional parameters (i.e., outputs and inputs). The se-
mantic quality of causal links involved in a composition can be then
used as a innovative and distinguishing criterion to estimate its over-
all semantic quality. Therefore non functional criteria such as quality
of service (QoS) are no longer considered as the only criteria to rank
compositions satisfying the same goal. In this paper we focus on se-
mantic quality of causal link based semantic Web service composi-
tion. First of all, we present a general and extensible model to evalu-
ate quality of both elementary and composition of causal links. From
this, we introduce a global causal link selection based approach to
retrieve the optimal composition. This problem is formulated as an
optimization problem which is solved using efficient integer linear
programming methods. The preliminary evaluation results showed
that our global selection based approach is not only more suitable
than the local approach but also outperforms the naive approach.

1 Introduction

The semantic web [6] is considered to be the future of the current
web. Web services in the semantic web are enhanced using rich de-
scription languages such as the Web Ontology Language (OWL)
[19]. Formally the latter semantic descriptions are expressed by
means of Description Logics concepts [4] in ontologies. An ontol-
ogy is defined as a formal conceptualization of a domain we require
to describe the semantics of services e.g., their functional input, out-
put parameters. Intelligent software agents can, then, use these de-
scriptions to reason about web services and automate their use to
accomplish intelligent tasks e.g., selection, discovery, composition.

In this work we focus on web service composition and more
specifically on its functional level (aka causal link composition).
Starting from an initial set of web services, such a level of compo-
sition aims at selecting and inter-connecting web services by means
of their (semantic) causal links according to a goal to achieve. The
functional criterion of causal link, first introduced in [14], is defined
as a semantic connection between an output of a service and an input
parameter of another service. Since the quality of the latter links are
valued by a semantic matching between their parameters, causal link
compositions could be estimated and ranked as well. From their es-
timation results, some compositions can be considered as unsuitable
in case of under specified causal links. Indeed a composite service
that does not provide acceptable quality of causal links might be as
useless as a service not providing the desired functionality.

Unlike most of approaches [5, 22, 23] which focus on the quality
of composition by means of non functional parameters i.e., quality of

service (QoS), the quality of causal links can be considered as a dis-
tinguishing functional criterion for semantic web service composi-
tions. Here we address the problem of optimization in service compo-
sition with respect to this functional criterion. Retrieving such a com-
position is defined as the global selection of causal links maximizing
the quality of the composition, taking into account preferences and
constraints defined by the end-user. To this end, an objective function
maximizing the overall quality subject to causal links constraints is
introduced. This leads to an NP-hard optimization problem [8] which
is solved using integer linear programming methods.

The remainder of this paper is organised as follows. In the next
section we briefly review 1) causal links, ii) a distinguishing criterion
i.e., their robustness and iii) the causal link composition model. Sec-
tion 3 defines the causal link quality criteria we require during the
global selection phase. Section 4 formulates the problem of global
causal link selection and describes an integer linear programming
method to efficiently solve it. Section 5 presents its computational
complexity and some experimentations. Section 6 briefly comments
on related work. Finally section 7 draws some conclusions and talk
about possible future directions.

2 Background

First of all, we present causal links. Then we remind the definition of
their robustness, and finally describe causal link composition.

2.1 Web Service Composition & its Causal Links

In the semantic web, parameters (i.e., input and output) of services
referred to concepts in a common ontology® or Terminology 7,
where the OWL-S profile [1] or SA-WSDL [18] can be used to de-
scribe them (through semantic annotations). At functional level web
service composition consists in retrieving some semantic links be-
tween output parameters Out_s; € 7 of services s; and input pa-
rameters In_s; € 7 of other services s;. Such a link i.e., causal link
[14] cl;,; (Figure 1) between two functional parameters of s; and s;
is formalized as (s;, Simz (Out_s;, In_s;), s;). Thereby s; and s;
are partially linked according to a matching function Simy. This
function expresses which matching type is employed to chain ser-
vices. The range of Sim is reduced to the four well known match-
ing type introduced by [16] and the extra type Intersection [15]:

e Exact If the output parameter Out_s; of s; and the input parame-
ter In_s; of s; are equivalent; formally, 7 |= Out_s; = In_s;.

e PlugIn If Out_s; is sub-concept of In_s;; formally, 7 |
Out_s; C In_s;.

e Subsume If Out_s; is super-concept of In_s;; formally, 7 =
In_s; C Out_s;.

o Intersection If the intersection of Out_s; and In_s; is satisfiable;
formally, 7 }~ Out_s; M In_s; C L.

1 Ecole de Mines de Saint-Etienne, France, email: freddy.lecue @ gmail.com
2 Orange Labs, France, email: {firstname.lastname} @ orange-ftgroup.com

3 Distributed ontologies are not considered here but are largely independent
of the problem addressed in this work.
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e Disjoint Otherwise Out_s; and In_s; are incompatible i.e., 7 |=
Out_s; MIn_s; C L.

Outy_s; Ing.s
Causal Link c; ; \ !
(Simg(Out_s;, In_s;))

Iny._s; — Si. —=Out_s; [n_sj—;} SJV‘ .
Service | /| Service | Out sj

Inn-si Out,,_s
n-Si

Ing_s;

2 Causal Link ¢l () Service —= Input Parameter —= Output Parameter

Figure 1. [Illustration of a Semantic Causal Link cl; ;.

2.2 Robust Causal Link

The latter matching function Sim7 enables, at design time, find-
ing some levels of semantic compatibilities (i.e., Exact, Plugln, Sub-
sume, Intersection) and incompatibilities (i.e., Disjoint) among inde-
pendently defined web service descriptions. However, as emphasized
by [13], the matching types Intersection and Subsume need some re-
finements to be fully efficient for causal links composition.

Example 1. (Causal Link & Subsume Matching Type)

Suppose s1 and sz be two services such that the output param-
eter NetworkConnection of s1 is (causal) linked to the in-
put parameter SlowNetworkConnection of sz (clig in Fig-
ure 3). This causal link is valued by a Subsume matching type since
NetworkConnection 3 SlowN etworkConnection (Figure 2).
1t is obvious that such a causal link should not be directly applied in
a service composition since the Net workConnection is not spe-
cific enough to be used by the input S1owNetworkConnection.
Indeed the output parameter Net workConnect ion requires some
Extra Descriptions fo ensure a composition of s1 and sa.

A causal link valued by the Intersection matching type requires a
comparable refinement. From this, [13] defined a robust causal link.

NetworkConnection = VnetPro.Provider M VYnetSpeed.Speed

SlowN etworkConnection = NetworkConnection M
VnetSpeed.Adsl1 M

Adsl1M = Speed MV mBytes.1M

Figure 2. Sample of an ALE domain ontology 7 .

Definition 1. (Robust Causal link)
A causal link (s;, Stm7(Out_s;, In_s;), s;) is robust iff the match-
ing type between Out_s; and In_s; is either Exact or PlugIn.

Property 1. (Robust Web Service Composition)
A composition is robust iff all its causal links are robust.

A possible way to replace a link (s;, Simz(Out_s;, In_s;), s;)
valued by Intersection or Subsume in its robust form consists in com-
puting the information contained in the input In_s; and not in the
output Out_s;. To do this, the difference or subtraction operation [7]
for comparing ALE DL descriptions is adapted in [13]. Even if [20]
previously presented an approach to capture the real semantic differ-
ence, the [7]’s difference is preferred since its result is unique. From
this, in case a causal link (s;, Sim7 (Out_s;, In_s;), s;) is neither
valued by a Disjoint matchmaking nor robust, Out_s; and In_s; are
compared to obtain two kinds of information, a) the Extra Descrip-
tion In_s;\Out_s; that refers to the information required but not
provided by Out_s; to semantically link it with the input In_s; of
s;, and b) the Common Description Out_s; M In_s; that refers to the
information required by In_s; and effectively provided by Out_s;.

Example 2. (Robustness, Extra & Common Description)

Suppose the causal link presented in Example 1. Such a link is not
robust enough (Definition 1) to be applied in a composition. The de-
scription missing in Net workConnect ion to be used by the input
parameter SlowNetworkConnection is defined by the Extra
Description  SlowN etworkConnection\ N etworkConnection
i.e., VnetSpeed.Adsl1M. However the Common Description is
not empty since this is defined by SlowN etworkConnection MM
NetworkConnection i.e., VnetPro.Provider.

Robust causal links can be obtained by retrieving Extra Descrip-
tion that changes an Intersection in a Plugln matching type, and a
Subsume by an Exact matching type.

2.3 Causal Link Composition Model

In this work, the process model of web service composition and its
causal links is specified by a statechart [10]. Its states refer to ser-
vices whereas its transitions are labelled with causal links. In ad-
dition some basic composition constructs such as sequence, condi-
tional branching (i.e., OR-Branching), structured loops, concurrent
threads (i.e., AND-Branching), and inter-thread synchronization can
be found. To simplify the presentation, we assume that all considered
statecharts are acyclic and consists of only sequences, OR-Branching
and AND-Branching. In case of cycle, a technique for unfolding stat-
echart into its acyclic form needs to be applied beforehand. Details
about this unfolding process are omitted for space reasons.

Example 3. (Process Model of a Causal Link Composition)
Suppose s; 3<i<g be six services extending Example 1 in a more
complex composition. The process model of this composite service is
illustrated in Figure 3. The composition consists in an OR-Branching
and AND-Branching wherein nine causal links are involved.

T
/ Siow = T
(;[%.2’,’ Igetworl; . Clyg! ! Y ‘\Cl()g
/' Connection ; ! |
i I
etworl . B =< ~
Site X . OR-Branching K \?ii' “Branching, ,‘H>
“Connection o VY s
h . ! 14 Lo
N sorelys s Jlclig
el 4 ST o T

2% Causal Link ¢l — Input Parameter —~ Output Parameter T: Task s: Service

Figure 3. Illustration of an (Executable) Causal Link Composition.

The example 3 illustrates an executable composition wherein tasks

T; have been concretized by one of their candidate services e.g., here
s;. Indeed some services with common functionality, preconditions
and effects although different input and output parameters are given
and can be used to perform a target task in the composition. In this
way we address the issue of composing a large and changing collec-
tion of semantic web services. In our approach the choice of services
is done at composition time, only based on their causal links with
other services. Thus each abstract causal link clf}j between two tasks
T;, T} of an abstract composition needs to be concretized. Ideally, a
relevant link is selected among its n candidate causal links clﬁjjl sksn
between two of their services to obtain an executable composition.
Example 4. (Tasks, Candidate Services & Causal Links)
Let s, be a candidate service for Ts with Net workConnection
as input parameter. The causal link clig between s1 and sb is then
more robust than cl%,Q. Indeed cliz is valued by an Exact matching
type whereas cl %,2 is valued by a Subsume matching type.
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3 Causal Link Quality Model

As previously presented, several candidate services are grouped to-
gether in every task of an abstract composition. A way to differenti-
ate their causal links (e.g., Clig and Cl%g in example 4) consists in
considering their different functional quality criteria. To this end, we
adopt a causal link quality model, effective to any causal link.

In this section, we first present the quality criteria used for elemen-
tary causal links, before turning our attention to composite causal
links. For each criterion, we provide a definition and indicates rules
to compute its value for a given causal link.

3.1 Quality Criteria for Elementary Causal Links

We consider three generic quality criteria for elementary causal links

cli,; defined by (s;, Sim1 (Out_s;, In_s;), s;): its 1) Robustness, ii)

Common Description rate, and iii) Matching Quality.

o Robustness. The Robustness g, of a causal link cl; ; is defined by
1 in case the link cl;,; is robust (see Definition 1), and 0 otherwise.

e Common Description rate. This rate* ged € (0,1] is defined by:

- |Out_s; M In_s;|
" |In_s;\Out_si| + |Out_s; N In_s,]|

qea(cli j) (H
This criterion estimates the rate of descriptions which is well spec-
ified for upgrading a non robust causal link into its robust form.
In (1), Out_s; M In_s; is supposed to be satisfiable since only
relevant links between two services are considered in our model.

e Matching Quality. The Matching Quality g,, of a link cl; ; is a
value in (0, 1] defined by Simz (Out_s;, In_s;) i.e., either 1 (Ex-
act), % (Plugln), % (Subsume) and i (Intersection). The Disjoint
match type is not considered since Out_s; M In_s; is satisfiable.

In case we consider Out_s; M In_s; to be not satisfiable, it is
straightforward to extend and adapt our quality model by computing
contraction [9] between Out_s; and In_s;. Given the above quality
criteria, the quality vector of a causal link cl; ; is defined as follows:

q(clij) = (gr(clij), gealclij), qm(cli;)) )

In case of services s; and s; related by more than one causal link,
the value of each criterion is retrieved by computing their average.

3.2 Quality Criteria for Causal Link Composition

The above quality criteria are also applied to evaluate the quality of
any causal link composition c. To this end, Table 1 provides aggre-
gation functions for such an evaluation. A brief explanation of each
criterion’s aggregation function follows (here c! stands for cl; ;):

e Robustness. On the one hand the robustness @), of both a sequen-
tial and an AND-Branching composition c is defined as the aver-
age of its causal link cl’s robustness ¢, (cl). On the other hand the
robustness of an OR-Branching causal link composition is a sum
of gr(cl) weighted by p- i.e., the probability that causal link cl be
chosen at run time.

e Common Description rate. This Description rate Q)4 of ¢ is de-
fined as its robustness, by simply changing g (cl) by gcq(cl).

e Matching Quality. The matching quality @, of a sequential and
AND-Branching causal link composition c is defined as a product
of ¢m (cl). The matching quality of an OR-Branching causal link
composition c is defined as Qr(c), by changing ¢, (cl) by gm (cl).

4 || refers to the size of ALE concept descriptions ([12] p.17) i.e., | T|, | L],
|A], |=A| and |3r| is 1; |C 11 D| = |C| + |DJ; |Vr.C| and |3r.C| is
1+ |C]. For instance | Adsl1M | is 3 in Figure 2.

Using the above aggregation functions, the quality vector of an ex-
ecutable causal link composition is defined by (3). For each criterion
I € {r, cd, m} the higher the value Q; for c the higher its I"™ quality.

Q(c) = (Qr(¢); Qea(c), @m(c)) ©))

Even if criteria ¢,, ¢, used to value a single causal link are corre-
lated, their aggregated values of compositions Q),., Q. for Sequen-
tial, AND-Branching are independent since they are computed from
different functions i.e., linear for Q,, not for Q),,,. Thus a composi-
tion ¢ with a high robustness may have either a high or low overall
matching quality. We have the same conclusion on the other criteria.

Composition
Construct

Sequential/ | 1
AND- Branching |l<!| i ar(el)

OR-Branching |>"; ¢r(cl).per

Quality Criterion ]
[Robustness @, [ Com. Desc. rate ()4 Match. Qual. @y, |

A S tealed) | Tl am(e)

ch ch(d)~pcl ch dm (Cl) Pel
Table 1. Quality Aggregation Rules for Causal Link Composition.
4 Global Causal Link Selection

In the following we study the optimal composition® as the selection
of causal links that optimize the overall quality of the composition.
On the one hand the selection can be locally optimized at each ab-
stract causal link clfj of the composition, but two main issues arise.
First, the local selection of a candidate link clf, ; enforces a specific
service for both tasks 7’ and 7. Thus, these constraints can no longer
ensure to select neither the best links for its closest abstract links clﬁ,i
and cl fﬁ nor the optimal composition (e.g., the best local selection in
clﬁQ ie., cl %,2 does not lead to the optimal composition in Figure 4).
Secondly, quality constraints may be not satisfied, leading to a subop-
timal composition e.g., a constraint with a robustness more than 70%
cannot be enforced. On the other hand, the naive global approach
considers an exhaustive search of the optimal composition among all
the executable compositions. Let \cl{}j| be the number abstract links

in an composition and n be the number of candidate services by task,
2.|clf
letis 1,

the total number of executable causal link compositions is n
making this approach impractical for large scale composition.

Here, we address these issues by presenting an integer linear pro-
gramming (IP) [21] based global causal link selection, which i) fur-
ther constrains causal links, and ii) meets a given objective.

4.1 1P Based Global Selection & Objective Function

There are 3 inputs in an IP problem: an objective function, a set of
integer decision variables (restricted to value O or 1), and a set of con-
straints (equalities or inequalities), where both the objective function
and the constraints must be linear. IP attempts to maximize or mini-
mize the value of the objective function by adjusting the values of the
variables while enforcing the constraints. The problem of retrieving
an optimal executable composition is mapped into an IP problem.
Here we suggest to formalize its objective function. To this end,
the robustness, common description rate and matching values of the p
potential executable compositions i.e., Qflles{jif m} have been first
determined by means of aggregation functions in Table 1. Then, the
latter quality values Q;', Q2,;, @, has been scaled according to (4).
~A Q?*Q{mn_ if max __ ~ymin 0
“- { T gt ar o
In (4), Q™ is the maximal value of the [ quality criteria whereas
Q™™ is the minimal value of the I"™ quality criteria. This scaling
phase complexity is linear in the number of abstract links in the com-
position. Finally, the objective function (5) of the IP problem follows.

1€ {r,cd,m} (4)

5 The relation and combination with quality of services is not addressed here.



48 F. Lécué et al. / Optimizing Causal Link Based Web Service Composition

~A
12&&;( > (@ x wz)) ©)
le{r,cd,m}
where w; € [0, 1] is the weight assigned to the ™ quality criterion
and ), (redym} @l = 1. In this way preferences on quality of the

desired executable compositions can be done by simply adjusting w;
e.g., the Common Description rate could be weighted higher.

4.2 Integer Variables & Constraints of IP Problem

For every candidate link clf ,J;gkgn of an abstract link clf‘], we in-
clude an integer variable ¥ i in the IP problem indicating the selec-
tion or exclusion of link cl j- By convention yl 5 is 1if the k™ can-
didate link clk is selected to concretize cl;* ; between tasks T; and
75,0 otherw1se The selected links will form an optimal executable

composition satisfying (5) and meeting the following constraints:

Allocation Constraint. Only one candidate link should be selected
for each abstract link cl ; between tasks T; and T);. This constraint

is formalized by explomng the integer variables yf J1<k<" in (6).

k
Yij =
k=1

Example 5. (Allocation Constraint)

Suppose the sequential composition of tasks T1,T>, T3 in Figure 4.
Two candidate causal links can be applied between tasks T and Ts
ie., cliQ7 Cl%,g. Since only one candidate between two tasks will be
selected, we have y:ll,g + yig = 1. We have yig + yg,g =1 for cl§3,

1, Vel (6)

Incompatibility Constraint. Since the selection of a candidate
causal link cl¥ 5 for cl ; enforces a specific service for both tasks 75
(e.g., s;) and T (e.g., s ]) the number of candidate links concretiz-
ing its closest abstract links cla i and clAﬁ is highly reduced. Indeed
the candidate links for clAﬂ (cl ,i) have to use only input (output)
parameters of s; (s;). Thus, a constraint (7) for each pair of incom-
patible candidate links (cl¥ s cl;-, ) is required in our IP problem.

yf,j + y;,g <1, Vclfj Vclfﬁ @)

Example 6. (Incompatibility Constraint)

Suppose the composition in Figure 4. According to (7), the incompat-
ibility constraints are i) yiQ + y§,3 <1,ii) y%z + yig < 1. Indeed
(cl%,Q, cl%ﬁg), (cliQ, Cl%yg) are pairs of incompatible candidate links
since task To cannot be performed by two distinct services sq and sp.

Besides (6), (7), IP constraints on the quality criteria of the whole
abstract composition are required. Here, we focus on the sequential,
AND-Branching compositions, but a similar formalization for OR-
Branching compositions and a fortiori their combinations is required.

Robustness Constraint. Let 7} ; be a function of (i, 5, k) represent-
ing the robustness quality of a causal link cl¥ i,j- Constraint (8) is re-
quired to capture the robustness quality of a causal link composition.

Q. |cl ZA;T”‘U” (8)
l

An additional constraint (9) can be used to constrain the robustness
quality of the executable composition to not be lower than L.

|Cl er”y”zL Le0,1] 9)

lAkl

Common Description Rate Constraint. Let cd 4 be a function of
(4, j, k) representing the Common Description rate ofa 11nk cl o Its
constraint is defined as (8), (9) by replacing Q.. by Qca, ¥ ; by cd

- cl{!, Candidates -- TZ -- clit,Candidates --
Candldates ””””””””””” Cand1ddtes ””””””””””” Cand1dates

;/1):111 alclyy) = (05,1

(fl> 3) =

*_ 7% Causal Link cl — Input Parameter —~ Output Parameter T: Task s: Service

00,3, 1) TSy (1,1,1)

Figure 4. Tasks, Candidate Services & Causal Links.

Matching Quality Constraint. Among the criteria used to select
causal links, the Matching quality is associated with a nonlinear ag-
gregation function (see Table 1). A transformation in a linear func-
tion is then required to capture it in the IP problem. Assume m~ j be
a function of (4, 7, k) representing the Matching quality of causal lmk
clk The overall Matching quality of the executable composition is:

Qm=1]] (ﬁ(m’ij)% a) (10)
Cl?,j k=1

The Matching quality constraints can be linearised by applying the
logarithm function In. Equation (10) then becomes:

Q) = 3 (z m(mf,j).yf,j) an
k=1

clf .
.5

since Y7, y¥; = land yF; = 1 or O for each causal link clf ;.

In(Q, ) is formalized to capture the Matching quality in our work.
Changing a nonlinear constraint in its linear form requires also to

linearise the objective function. Thus, (12) is replaced by (13) in (4).

Qn — Q" In(Q7) — In(Qm™)
_ " 12 - 13
Qpes — Qi M g —m@pm P

Local Constraint. The IP problem can also include local selection
and encompass local constraints. Such constraints can then predicate
on properties of a single link and can be formally included in the
model. In case a target causal link clf* ; requires its local robustness
to be higher than a given value v, this constramt is defined by (14).

Zrﬁj.yﬁj > v, v € [0,1] (14)
k=1

Local constraints are enforced during the causal links selection.
Those which violate the local constraints are filtered from the list of
candidate links, reducing the number of variables of the model.

The proposed method for translating the problem of selecting an
optimal execution composition into an IP problem is generic and,
although it has been illustrated with criteria introduced in Section 3,
other semantic criteria to value causal links can be accommodated.

5 Computational Complexity & Experimentation

The optimization problem formulated in section 4 , which is equiva-
lent to an IP problem, is NP-hard [17]. In case the number of abstract
and candidate causal links is expected to be very high, finding the
exact optimal solution to such a problem takes exponential run-time
complexity in the worst case, so no practical. However our approach
scales well by running a heuristic based IP solver wherein hundreds
of abstract and candidate causal links are involved. This is a suitable
upper bound for practicable industrial applications.

We conducted experiments on an Intel(R) Core(TM)2 CPU,
1.86GHz with 512 RAM. Compositions with up to 500 abstract
causal links and 100 candidates for each abstract link have been con-
sidered. In our experiments we assumed that robustness, common
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description rate and matching quality of each causal link have been
inferred in a pre-processing step of semantic reasoning. From these,
the IP model formulation is computed, and the optimization problem
is solved by running CPLEX, a state of the art integer linear pro-
gramming solver based on the branch and cut technique °[21].

The experimentation (Figure 5) aimed at comparing the global se-
lection based approach by IP with the local optimization and naive
global selection (i.e., exhaustive search). We measured the computa-
tion cost (in ms) of selecting causal links to create an optimal exe-
cutable composition under the three different selection approaches.

10000 T T T T r
@ Global Selection Using Exhaustive Search _~——
E 5000 Global Selection Using IP™------ |
3 Local Optimization Based-Selection =~
Q ®
O 6000 L 4
5 L
T 4000 L 4
5 K f—
Q. LK B
£ 2000 L B i
8 : g

0 &,-mr.:m—.:ﬁ—rarrﬁ”ﬁ:

0 100 200 300 400 500

Number of Abstract Causal Links in Composition

Figure 5. Number of Abstract Causal Links vs. Computation Cost for

Optimal Executable Composition. (100 candidates for each causal links).
The computation cost of global selection by exhaustive search is
very high even in very small scale in aspect of the number of abstract
causal links and their candidates. Although the computation cost of
global selection by IP is higher than that of local optimization, it
is still acceptable. Finding the optimal solution to the optimization
problem takes 10 seconds for a composition of 450 abstract causal

links with 100 candidate links (i.e., 10 candidate services by task).
In case of higher number of links, the problem can be, for instance,
divided in several global selection problems. Alternatively, subopti-
mal solutions satisfying revisited quality thresholds can be sufficient.

6 Related Work

Despite considerable work in the area of service composition, few ef-
forts have specifically addressed optimization in ’causal link’-based
service composition. Even if [13] introduce validity and robustness in
causal link composition, no quality model is explicitly supported. In
addition, the most valid and robust compositions are only addressed
in their future work. In contrast, we present a model with various
types of quality criteria used for optimizing the composition.

Unlike our work that considers quality of causal links, [23, 2] fo-
cused on QoS-aware service composition. To this end, they suggest
a QoS-driven approach to select candidate services valued by non
functional criteria such as price, execution time, and reliability. In
the same way as our approach, they consider their problem as an
optimization problem. Towards this issue different strategies as opti-
mization techniques can be adopted, e.g., Integer Programming [23],
Genetic Algorithms (GAs) [8], or Constraint Programming [11]. As
discussed in [8], GAs better handle non-linearity of aggregation func-
tions, and better scale up when the number of candidate services for
each abstract service is high. In IP based approaches all quality cri-
teria are used for specifying both constraints and objective function.
In contrast to our problem the incompatibility constraints are not re-
quired since they assume independence between the services of any
task. The global selection problem is also modelled as a knapsack
problem [22], wherein [3] performed dynamic programming to solve
the problem. Unfortunately all the previous QoS-aware service com-
position approaches consider only causal links valued by an Exact
match. The causal link quality is then disregarded by these approach.

6 LINDO API version 5.0, Lindo Systems Inc. http://www.lindo.com/

7 Conclusion and Future Work

In this work we study causal links based semantic web service com-
position. Our approach has been directed to meet the main challenge
facing this problem i.e., how effectively retrieve optimal composi-
tions of causal links. To this end we have first presented a general and
extensible model to evaluate quality of both elementary and compo-
sition of causal links. Since the global causal link selection is for-
malized as an optimization problem, IP techniques are used to com-
pute optimal executable composition of services. Our global selec-
tion based approach is not only more suitable than the local approach
but also outperforms the naive approach. Moreover the experimental
results show an acceptable computation cost of the IP-based global
selection for a high number of abstract and candidates causal links.
Since several executable compositions maximizing the overall
quality of causal links may be retrieved, the main direction for fu-
ture work is to consider optimality for quality of service (driven by
empirical analysis of compositions usage) to further optimize them.
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