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ABSTRACT. Global QoS (Quality of Service) constraint decomposition is an important
strategy for service composition, and QoS aggregation calculation is the key to service
optimization. A constraint strength aware global QoS constraint decomposition model is
proposed by introducing a relaxation factor that can be adjusted adaptively according to
fuzzy reasoning rules. The improved K-means algorithm is adopted to avoid the combined
explosion problem in the process of QoS aggregation calculation. Simulation experiments
show that the constraint strength aware global QoS constraint decomposition model can
effectively improve the success rate of service composition when the constraint strength
s high, and can significantly improve the effect of reducing solution space when the
constraint strength is low. The accuracy and time cost of clustering based QoS aggregation
are better than the existing methods.

Keywords: Services composition, Uncertain QoS, QoS constraint decomposition, QoS
aggregation, Clustering

1. Introduction. Web services are highly promising for the implementation of the Ser-
vice-Oriented Computing (SOC) paradigm which has been widely used in many fields
such as intelligent train maintenance [1], distributed manufacturing system [2], and fault
prediction [3]. Since atomic Web services are often simple and difficult to address the
complex needs of users or intricate business processes, creating value-added services by
combining many associated Web services to deal with complex needs is an important and
effective way to advance the field. With the increase of the number of Web services on
the network, the Quality of Service (QoS) of Web services is more and more concerned
by users; therefore, one of the key problems in service composition is how to select the
services that can satisfy the global constraints and have the optimal global utility ef-
ficiently according to QoS. And when considering QoS-aware Web service composition,
many studies [4-7] ignore the uncertainty of QoS. However, in an open, heterogeneous,
and multi-tenant network environment, the measurement of QoS attributes of services is
probabilistic, and is not suitable to be described by a known probability distribution [§].

Global QoS constraint decomposition is an important strategy of Web service compo-
sition, which is widely used in solving the problems in Web service composition [9,10].
However, the existing services composition method based on constraint decomposition
has poor dynamic scenario adaptability [11]. When the user constraint strength is high
[12-15], it is possible to find no feasible solution, and when the user constraint strength
is low [16], the elimination effect is very limited and the solution space cannot be signifi-
cantly reduced. In another aspect, it is not rigorous to describe the uncertainty of service
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QoS with a specific probability distribution [17-19], and the uncertainty of QoS greatly
increases the time complexity of QoS aggregation calculation. Therefore, QoS aggregation
calculation of composite services is the core problem that QoS-aware service composition
faces. Meanwhile, there exist the problems of combination explosion and low accuracy in
the process of QoS aggregation calculation [20,21].

In this paper, to deal with the aforementioned problems, we focus on Web services
composition with uncertain QoS as the research object. And we proposed a constraint
strength-aware QoS constraint decomposition model by introducing a relaxation factor
that can be adjusted adaptively according to fuzzy reasoning rules. We also adopt the
improved K-means algorithm to avoid the problems of the combination explosion in the
QoS aggregation calculation process. The simulation and experimental results show that
the model can efficiently improve the success rate of service composition when constraint
strength is high; otherwise, it can obviously improve the effect of reducing solution space.
Meanwhile, cluster-based QoS aggregation calculation is superior to existing methods in
accuracy and time overhead. The contributions of this article can be summed up as
follows.

e We proposed a global QoS constraint decomposition model with user constraint
strength awareness, and a fuzzy inference rule to adaptively determine the relaxation
factor in the model.

e We adopted the clustering strategy to avoid the combination explosion problem in
the QoS aggregation calculation process. By improving the K-means algorithm,
the accuracy of the QoS aggregation calculation is greatly improved and the time
overhead is dramatically reduced.

The rest of the paper is organized as follows. Related work is introduced in Section
2. Section 3 presents the problem statement and preliminaries. Section 4 introduces the
details of the proposed algorithm. Section 5 displays experimental analysis. In the end,
conclusions are shown in Section 6.

2. Related Work. Evolutionary algorithms such as chaos genetic algorithm [5] and par-
ticle swarm optimization [22] are adopted to solve QoS-aware service composition prob-
lems, but they are difficult to be applied to QoS uncertainty scenarios. The global QoS
constraint decomposition strategy, which can transform the service composition problem
into a local optimization problem or effectively reduce the solution space, is considered
as an effective strategy. The existing global QoS constraint decomposition models can
be divided into three categories. The first category is based on experience [9-11]. They
are simple and intuitive, but have poor universality and cannot guarantee the global con-
straints. The second one can guarantee global constraints [12-15], which allows the use of
local optimization strategies to ensure global QoS constraints during the service selection
stage. However, during constraints decomposition phase, some feasible solutions may be
lost and may result in no solution when the user constraint strength is high. The third
one can reduce the solution space without losing feasible solutions, but cannot guarantee
global constraints [16]. Moreover, when the user constraint strength is low, the reduc-
tion effect of solution space is not obvious. Therefore, it is essential to provide a new or
revised global QoS constraint decomposition model with good effect under different user
constraint strengths.

The calculation of QoS aggregation is one of the keys to solve the service composition
problem by using global optimization strategies. Even if a global QoS constraint decom-
position strategy is adopted to solve QoS-aware service composition problem, when the
model cannot guarantee global QoS constraints, a global optimization strategy still needs
to be adopted to satisfy global QoS constraints. The uncertainty of QoS increases the
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difficulty of constraint decomposition model to guarantee global QoS constraints, and also
increases the difficulty and complexity of QoS aggregation. Some literature believes that
the QoS of services obeys the normal distribution [17,18] to simplify the calculation of
QoS aggregation. However, the response time of services does not obey any well-known
probability distribution in [8], and it is not rigorous to describe the uncertainty of service
QoS by using specific probability distribution through the investigation and analysis of
service QoS in real society [19]. It is not accurate enough to use a few eigenvalues (for
example, cloud model [20] is described by expectation, entropy and super entropy) to
represent the uncertainty of QoS. In order to describe any distributed QoS, Hwang et
al. [21] used Probability Mass Function (PMF) to describe the QoS of atomic or compos-
ite services, and then calculated the QoS aggregation of composite services. To solve the
problem of combination explosion in the calculation process, they refined an Aggregate
Random Variable Discovery (ARVD) problem and used dynamic programming and greedy
algorithm to solve it. However, the accuracy of the scheme is low, and time cost is high.
In [8], PMF is also used to describe the uncertainty of QoS. By specifying the locations
and intervals of the sampling interval, the impact of the combination explosion problem is
greatly reduced, and the time overhead and calculation accuracy are improved. However,
this method cannot deal with multiplicative QoS aggregation calculations well. On the
other hand, due to the strict parameter limitation, the method is difficult to balance the
calculation accuracy and time cost when the problem size fluctuates greatly. Therefore,
it is necessary to explore a more effective QoS aggregation method with uncertain QoS.

3. Problem Statement and Preliminaries.

3.1. Statement of uncertain QoS service composition framework. The overall
framework of uncertain QoS Web services composition based on global QoS constraint
decomposition and clustering strategy is shown in Figure 1. Service composition problems
involve many issues, such as user demand analysis, workflow modeling, service discovery
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and service selection, which can be studied separately. For example, [23] focuses on work-
flow modeling, [24] focuses on service discovery, and [9] only focuses on service selection.
This paper only focuses on the service selection process, that is, the workflow model, ser-
vice repository, etc., are known. The service selection process is divided into two phases:
the global QoS constraint decomposition phase and the composite service optimization
phase.

Different from the existing constraint decomposition strategy, the global QoS constraint
decomposition should be able to adapt to various constraint strengths. When the con-
straint strength is high, the main purpose of constraint decomposition is to reduce the
loss of feasible solutions and improve the success rate of service composition. When the
constraint strength is low, the main purpose of constraint decomposition is to reduce the
solution space and reduce the time overhead of service composition. Therefore, on the
basis of the global QoS constraint decomposition model proposed in [12], a global QoS
constraint decomposition model with constraint strength awareness is proposed, and an
adaptive adjustment algorithm for relaxation factors based on fuzzy inference rules is de-
signed by adding support for QoS uncertainty and introducing relaxation factors to adapt
to different constraint strengths.

When the user constraint strength is high, the global QoS constraint cannot be guaran-
teed due to the introduction of relaxation factors. It is still necessary to adopt the global
optimization strategy in service composition, and uncertain QoS aggregation calculation
is the key to achieve the global optimization strategy. When the user constraint strength
is low, although global QoS constraints can be guaranteed, if global utility optimization is
to be considered, it also depends on uncertain QoS aggregation calculation. By improving
the K-means algorithm, a QoS aggregation calculation method based on the clustering
strategy is designed to improve the calculation accuracy and reduce the time complexity.

For specific combined service optimization strategies, there are some existing local opti-
mization methods [25] or global optimization methods [5,22], which will not be discussed
in this article.

3.2. Statement of uncertain QoS service composition problem. Let the workflow
include task sequence T' = {t1,ts,...,t,}, and task ¢; (i = 1,2,...,n) has a candidate
service set S(t;) = {si1, Sias- -, Sim}» |S(t:)] represents the number of candidate services
owned by t;. Each service involves multiple QoS, Q(s,q) is used to describe the value
of the attribute g of the service s. The QoS of a service can be gainful or deductive.
Considering that the gain attribute can be converted into the depreciation attribute by
multiplying by —1, only the depreciation QoS is considered.

Considering the QoS uncertainty, the QoS of the service can be regarded as a random
variable and described by its newer monitoring samples. Let x be a random variable and
est(x) be an operator to evaluate x. The specific form can be determined by the user and
the service provider through consultation. If the user proposes an upper bound constraint
gc to the attribute ¢ of the service s, then est(Q(s, q)) < ge.

We assume that there is a composite service, cs? = {sf&, sf, e s#}, Q (sl#,qr> =
m > ses) E(Q(s,¢)), E(X) represents the expectation of the random variable X, and

then the user’s constraint strength w, (r = 1,2,...,u) for ¢, is determined by Formula
(1).
qcr
wp=1— —"—"7— (1)
Q (cs™, )

where () (cs#, qr) represents the aggregated value of cs*’s r-th QoS.
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3.3. Constraint strength-aware QoS constraint decomposition model. Suppose
that the user proposes an upper constraint QC' = {qcy, qc,, . . ., qc, } for u QoS attributes
such as qi,qo, ..., qu, and the upper bound constraint on the r-th QoS of task ¢; is x;,.
The number of services N (t;) that satisfy the z;. constraint among the candidate services
of t; can be calculated by Formula (2).

N(t:) = #{slest(Q(s, ¢r)) < wir A5 € S(t:), 7 € [1,ul} (2)
In Formula (2), #{A} represents the number of elements in set A.
The number of composite services that satisfy the entire workflow (WF') can be calcu-
lated by Formula (3).
N(WF) =L N(t;) (3)
Suppose that there are composite services cs* = {s},s3,...,s5}, sf can complete the
task ¢;, and the value of the r-th QoS: @ (sf,¢,) = z;. The r-th QoS aggregation value
cs* is recorded as @ (¢s*, g.), then the constraint decomposition model can be described
as the following formula.

MAX N(WF) (4)
st Qes™,q) < (L+y) xqer, 7€ [1,4] (5)
Tip € 32?(2) est(Q(s, qr)), nax, est(Q(s, qr)) (6)

Formula (4) describes the optimization goal, which is to maximize the number of re-
maining candidate schemes after constraint decomposition. Formula (5) shows the global
QoS constraint condition, and 7, is the introduced relaxation factor. When the constraint
strength w, is high, 7, should take a value greater than 0 to reserve more candidate ser-
vices so as to improve the success rate of finding a combination solution. When w, is
low, v, can be a value of 0 or less to ensure global constraint or eliminate some candidate
services and reduce the solution space. Formula (6) specifies the fluctuation range of z,.

3.4. Adaptive adjustment of relaxation factors based on fuzzy reasoning. The
selection of relaxation factor ~, is related to many factors, such as the number of tasks n
in the workflow, the number of constraints u, constraint strength w,, the expected value
N(WF), and the number of candidate services owned by each task |S(t;)|. Experiments
show that ~, is mainly affected by n, u, and w,. Because u is usually a small natural
number, we can use a fuzzy reasoning method to design the value of ~, for each value n
and w,. Since u usually has only a few possible values, the value of v, can be adjusted
according to n and w, for a particular u. Fuzzy reasoning is an imprecise reasoning
using fuzzy knowledge, which is relatively simple and effective to solve the above problem
26,27].

Firstly, the input variables n and w, and output variables , should be fuzzy. According
to the experimental results, set the fuzzy subset of n as {N1, N2, N3}, and the fuzzy subset
of w, as {W1, W2, ..., W13}, the fuzzy subset of ~, is {S1,S2,...,S15}. By adopting the
triangle and trapezoid membership functions, the above three variables can be fuzzy and
their membership functions are shown in Figures 2-4 respectively.

Then, the rules of fuzzy reasoning should be determined. Adopt the form of if-then to
set the following 15 rules.

1) if (n is N1 or N2) and (w, is W1), then ~, is S1;
(n is N3 and w, is W1) or (w, is W2), then 7, is S2;
(n is N1 or N2) and (w, is W3), then ~, is S3;
(n is N3) and (w, is W3), then ~, is S4;
(wr

2) if
)i
)
) is W4), then ~, is S5;

if
if
if

1
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6) if (w, is W5), then ~, is S6;
7) if (w, is W6), then ~, is S7;
8) if (n is N1) and (w, is W7), then ~, is S8;
9) if (n is N2 or N3) and (w, is WT), then 7, is S9;
10) if (w, is W8), then =, is S10;
11) if (w, is W9), then ~, is S11;
12) if (w, is W10), then ~, is S12;
13) if (w, is W11), then ~, is S13;
14) if (w, is W12), then ~, is S14;
15) if (w, is W13), then ~, is S15.
N1 ' N2 N3
a1
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Table 1 describes the above rules in another form.
Finally, according to the fuzzy rules determined in Table 1, the projection surface of ~,
can be obtained and be shown in Figure 5.
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TABLE 1. Fuzzy reasoning rules
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4. Algorithm Design.

4.1. Constrained model solution. Referring to the greedy algorithm used in [12], we
design Algorithm 1 to solve the constraint decomposition model. In Algorithm 1, if
isFit(x) is true, that indicates z satisfies the condition (5). If isBoundFit(x) is false,
that means x satisfies condition (6). The action adjust(x) indicates that all tasks and
all QoS of each task are adjusted once in steps Az, adjust(x,‘+’) is to increase x, and
adjust(z,‘—’) is to decrease x. The action adjust(z,i,‘+’) means to increase all QoS of
task t; by Ax;, and adjust(z,i,r,‘+’) means to increase the r-th QoS of task t; by Ax;,.
The function bestTask() returns the number of the tasks that leads to the maximum
increment. The function bestQoS(7) returns the QoS attribute that brings the maximum
increment to t;.

Algorithm 1 Solve the constraints decomposition model
Input: QC = {qcy, qcy, ..., qc, }, level Num
Output: z;. 1 =1,2,...,n,7=1,2,...,u)
S1: Init w,, v, T, and Ax;,;
S2: If (isFit(x)) then
Do
adjust(z, ‘+’);
While (isF'it(z) && lisBoundFit(x));

adjust(x,‘=");

Else if (lisFit(z)) then
Do

adjust(z, ‘=");

While (lisFit(z) && lisBoundFit(x));
If (isBoundFit(x))
output (“No solution!”) and return;
End if
S3: 1 = bestTask();
While (i! = —1) do
adjust(x,i,‘+");
i = bestTask();
End while
S4: For (i =1 ton) do
r = bestQoS(i);
While (r! = —1) do
adjust(z, 1,7, ‘+);
r = bestQoS(i);
End while
End for

The initial value of x; (i = 1,2,...,n, r = 1,2,...,u) is the expected average of the
r-th attribute values of all candidate services of the i-th task. Ax;. can be determined
by Formula (7), where level Num is a constant and can be set according to experience

values. '
Az — maXses(t;) E(Q(Sa QT)) - HllnsES(ti)E(Q<S7 QT)) (7)
" level Num

The algorithm first sets an initial value for z (S1) and then optimizes  from three levels
in turn. Firstly, adjust x to the critical value for all tasks and all QoS attributes (S2).
Then, repeatedly look for the most valuable task and adjust x for all its QoS attributes
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(S3). Finally, repeatedly look for the most valuable QoS attribute and adjust x (S4).
Consider that x is a matrix with n rows and u columns. S2 means adjusting all the
elements in the matrix, S3 means adjusting all the elements of a row, while S4 means
adjusting an element of a row and a column. S2 emphasizes integrity, that is, the number
of remaining services for all tasks is expected to be close, while S4 highlights individual
differences.

The main time overhead of Algorithm 1 is the adjustment of x in S2, S3, and S4.
S2, S3, and S4 need to be adjusted x times no more than level Num, n * level Num,
nxuxlevel Num respectively, where n is the number of tasks and u is the number of QoS
constraints. The worst time complexity of Algorithm 1 is O (n * u * level Num).

4.2. Cluster-based QoS aggregation operation. Similar to [8], considering the four
common modes of sequence, concurrency, selection, and cycle in workflow, the common
QoS is divided into five categories: summation, weighted average, product, maximum,
and minimum. When a random variable is used to represent the QoS of a service, the
QoS aggregation operation involves basic operations such as the sum, weighted average,
product, maximum, and minimum of multiple random variables. Because these operations
have commutative and associative laws, only two random variables need to be considered.
Let the distribution of the random variable X be P{X = x;}, i = 1,2,...,a, the
distribution of Y is P{Y = y;}, j = 1,2,...,b, and the distribution of Z is P{Z = 2},
l=1,2,...,axb. When Z = X +Y, z can be expressed by Equation (8).

Zl:mi+yj7 iE[L(lL ]6[1,[)] (8>

When Z = w1 X + woY (wq, wy are weights, wy + we = 1, 0 < wy,wy < 1), z can be
represented by Formula (9).

y=w T, +wy-y;, 1€ [lal, jel,b 9)
When Z = XY, 2 can be expressed by Formula (10).
=y, i€][l,a], j€][L,b] (10)
When Z = max(X +Y'), z can be represented by Formula (11).
z =max(z; +vy;), i€ [l,al, je [l (11)
When Z = min(X +Y), z can be expressed by Formula (12).
z =min(z; +y;), 1€ [l,a], j€[l,b] (12)

It can be seen that no matter which aggregation operation is adopted by X and Y, there
are ab values (repetition is allowed) for Z. Obviously, there is a combination explosion
problem, and the number of values after aggregation needs to be controlled within the
specified range.

4.3. Improved K-means clustering algorithm. After each QoS aggregation calcula-
tion, if the number of aggregated values exceeds the expected value, a clustering algorithm
similar to K-means [28,29] can be used to control the number of aggregated values. Con-
sidering that the data set to be clustered is one-dimensional, the classic K-means algorithm
is adjusted as follows.

1) The initial clustering center ics is determined by Formula (13), where k is the number
of clustering centers, and max and min are the maximum and minimum values of the data
set respectively. ¢ is randomly selected on [—&,, &,], which is used to introduce a certain
randomness for the selection of ics. €, can be based on experience, such as 0.2.

max — min

ics[i| = (1+0.54+¢) * p ,

i€[0,k) (13)
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2) After ics is determined, the clustering center p[j] to which the j-th number d[j]
belongs is determined by the following rules: if d[j] < ics[0], then p[j] = 0, and if
d[j] > ics[k — 1], then p[j]| = k — 1; if Ji € [1, k — 2] satisfies ics[i] < d[j] < ies[i + 1] and
d[j]—icsli] <icsli4+1]—d[j], then p[j] = ¢; if i € [1, k—2] satisfies ics[i] < d[j] < ics[i+1]
and d[j] —ics[i] > ics[i + 1] — d[j], then p[j] =i+ 1.

3) When the cluster center ics is updated to nes, if p[j| = 4, d[j] can only be adjusted
to nesfi — 1], nes[i], or nesi + 1], that is, the value of p[j] can only be i — 1, 4, or i + 1.
The specific adjustment rules are: if d[j] < nesi] and d[j] — nes[i — 1] < nesli] — s[j],
then p[j] = i — 1; if d[j] > nes[i] and d[j] — nes[i] > nes[i + 1] — d[j], then p[j] =i + 1,
otherwise, p[j] = i.

4) The condition for stopping the update of the cluster center is that the maximum
distance that the cluster center moves is less than (max — min)/(10 * k).

5. Experimental Analysis. The service composition problem with response time as a
constraint is considered. The workflow is randomly generated according to the number
of services involved, involving three modes of order, concurrency and selection, and their
ratio is about 2 : 1 : 1. The ws-dream dataset2 data set [19] was used as the data
source. It involves 4,500 Web services, each of which involves two QoS, response time
and throughput. Each QoS of each service involves 64 real measurements from 142 users,
that is, each service contains approximately 9,000 records. From this data set, randomly
take 100 records for the response time of each Web service as a QoS sample describing
the response time of the service. In the experiment, the QoS samples of the candidate
services are selected from the 4,500 services in a cyclic order, and level Num = 30.

The fuzzy reasoning rules are implemented by Matlab, other programs are coded by
Java, run on 64-bit Windows7 operating system, which has Intel (R) Core (TM) i5-2450M
CPU with 4 GB of memory. The average of 20 tests was adopted.

5.1. Analysis of constraint decomposition model effect. Two scenarios are consid-
ered: one is a scenario without considering the relaxation factor, that is, the relaxation
factor is always taken as 0 (denoted as M1), and the other is the scenario where the
relaxation factor is adaptively adjusted according to the method of Section 3.3 (denoted
as M2). It is agreed that est(x) is the expectation of z plus 3 times the mean square
deviation of z.

The goal of service composition is to find a combination scheme that meets the con-
straints. Whether a feasible combination scheme can be found is an important measure.
The basis for judging whether a feasible solution can be found is: first, filter the candidate
services of each task according to the local constraints obtained by the constraint decom-
position process, and then, if there are no remaining candidate services of a task, it is
considered that no feasible solution can be found, otherwise, select s;; from its remaining
candidate services for task t;, minimize est(Q)(s;;,t)), and synthesize services from these
selected candidate services. If est(Q(s,t)) is not greater than the response time constraint
specified by the user, it is considered that a feasible solution can be found, otherwise, it
is considered that a feasible solution cannot be found. Here Q(s,t) represents the QoS of
the response time of services.

In the experiments, we have verified a variety of scenarios when the number of tasks
n € [10,100] and the number of services m € [20,200], and the results were similar.
Due to the limitation of space, only the case when n = 100 and m = 200 is taken into
considered. As for the constraint strength w, we set w € [0.4,0.85], since, both methods
are 100% efficient at finding a feasible solution when w < 0.4 and cannot find a feasible
solution when w > 0.85. Figure 6 compares the probability that the two methods can find
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a feasible solution. For M1, when w > 0.5, the probability of finding a feasible solution is
less than 35%, and when w > 0.75, basically no feasible solution can be found. For M2,
when w < 0.7, the feasible solution can be always found, and when 0.7 < w < 0.85, it is
still possible to find a feasible solution. Figure 6 clearly shows that when the constraint
strength is greater than 0.5, the constraint decomposition model with relaxation factors
can significantly improve the probability of finding a feasible solution.

When the user constraint strength is low, one of the goals of constraint decomposition
is to eliminate some candidate services to reduce the solution space. Taking the minimum
value of the number of local constraints (denoted as MinNum) obtained by each task
satisfying the decomposition as the measurement index, Figure 7 compares the changes
of MinNum obtained by two methods when the number of tasks is 100, the number of
candidate services is 200, and the constraint strength w increases from —0.9 in steps of
0.1 to 0.9. For M1, MinNum decreases as w increases, for M2, when w < 0.7, MinNum
is roughly stable at about 60. When w is not greater than 0.4, compared with M1, the
MinNum obtained by M2 is smaller, that is, the solution space can be significantly reduced
on a larger scale.
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5.2. Analysis of QoS aggregation effect. Comparing the sampling method (labeled
as Sample), the method in [8] (labeled as PDF), and the method in this article (labeled
as Cluster), we take the aggregated QoS expectations and mean square deviation as the
measurement indicators. The number of samples is 2000 times of the number of services.
In the PDF method, the sampling starting point is 0, and the sampling interval is 200.
In the Cluster method, the number of cluster centers is 50.

The sampling method has a high number of sampling times, and its results should
be relatively reliable. Taking the expectation and mean square deviation of aggregated
QoS obtained by the sampling method as a reference, the relative difference between the
expectation and mean squared deviation of aggregated QoS obtained by PDF and Cluster
methods can be calculated.

Figure 8 compares the relative differences between the expectation of aggregated QoS
of the two methods and the Sample method. It can be seen from the figure that the
relative difference obtained by Cluster is not more than 1%, while that obtained by PDF
is more than 2%. The expectation value obtained by Cluster is slightly high, while PDF is
slightly low. The absolute value of the relative difference of expectations of two methods
is slightly increased with the number of tasks. In general, the expectations of two methods
are relatively accurate, and the accuracy of Cluster is more than double that of PDF.
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FiGURE 8. Relative difference of expectation varied with the number of services

Figure 9 compares the relative difference between the aggregated QoS mean squared
deviation of the two methods and the Sample method. It can be seen from the figure that
the maximum amplitude of the relative difference of the mean square deviation between
PDF and Cluster is not much different, about 0.3%. The mean square deviation obtained
by PDF is slightly low, and the mean square deviation obtained by Cluster is also slightly
low, but occasionally it is high. In terms of the average fluctuation situation, the stability
of the mean square deviation obtained by Cluster is better than PDF, and the accuracy
is also high.

The time overhead of the three methods shown in Figure 10 varies with the number
of services. It can be seen that the time overhead of the Cluster is much lower than the
other two methods, and its time overhead roughly increases linearly with the number of
services.
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Experimental analysis shows that, compared with PDF method, Cluster method has
obvious advantages in both calculation accuracy and time overhead.

6. Conclusions. Based on the constraint decomposition strategy, the uncertain QoS
service combination is divided into two stages: constraint decomposition and service opti-
mization. In the constraint decomposition stage, by constructing a global QoS constraint
decomposition model with constraint strength awareness, the success rate of service com-
position is improved when the constraint strength is high. When the constraint strength
is low, the solution space can be reduced more effectively, thereby, reducing the time
overhead of service optimization. In the service optimization stage, we focus on the calcu-
lation of uncertain QoS aggregation, and use experimental records to represent the QoS
distribution. Improved K-means clustering algorithm is used to avoid the combination
explosion problem in the aggregation calculation process. Compared with the existing
methods, the calculation accuracy and time overhead are significantly improved.
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The experimental results show that the relaxation factor is also influenced by the num-
ber of services and QoS distribution of services to some extent. Since it is difficult to
apply the fuzzy reasoning method to more than 2 input variables, the next step is to
explore a more effective method for adaptive adjustment of relaxation factor.
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