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Abstract. An improved genetic algorithm is presented to ctetstimal web
services composite plans from a lot of composiglon the basis of global
Quality-of-Service (QoS) constraints. The relatioatrix coding scheme of
genome is its basis. In this genetic algorithmespecial fitness function and a
mutation policy are proposed on the basis of thetioe matrix coding scheme
of genome. They enhance convergence of geneticitiigpand can get more
excellent composite service plan because they dcedth web services
selection very well. The simulation results on Qu@are web services
selection have shown that the improved geneticrillgo can gain effectively
the composite service plan that satisfies the ¢IQS requirements, and that
the convergence of genetic algorithm was improway well.

1 Introduction

Web service is a software application identified &y URL. The most-promising
aspect of web service is the ability of engagirfieotweb services in order to realize
higher-order business transactions. Some intertperenechanisms [1] are enabled
in a service-oriented architecture. The framewofkwab services creates new
possibilities to assemble distributed web serviddew to create robust service
compositions becomes the next step [15] and thera &t of researches concentrated
onit[8,9, 16, 17].

A composite service has specific functions that d¢an divided into some
component functions. These component functionsaaommplished by component
services respectively. If the dependencies amongpoaent functions are represented
through state charts that were used in [9], thezeuaually many available paths that
can finish the same composite functions. So, webicge composition has many
scenarios [3], such as probabilistic invocationrapal invocation, sequential
activation and so on. If every component functiesignified by a task, an execution
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path of a composite service can be constructed $ggaence of tasks including an
initial task and a final task. In the phase of fagrtime, some candidate services with
same functions and different QoS attributes areosisred for every task. Thus, for
each path, there are various composite plans qumneling to the specific function of
composite service. Moreover, since component seswath the same functions and
different QoS are increasing with the proliferatmfrweb services, the composite size
should be larger and larger. For example, ther@alieone path that accords with the
composite functions, 15 component functions in tamposite path, and average 10
candidate web services for each component functiorthis kind of composition
scenario, the composite size should be abotit Farthermore, since web services
requesters always express both their functionalirements and their global QoS
constraints set, it is needed to select which carapbservices will be used in a given
composite service in order to maximize user safigfa, select the best composite
plan from numerous plans and satisfy the consunggodal QoS constraints. Hence,
web services selection with global QoS constrapléys an important role in web
services composition [2, 3]. In the past years, bgearches about web services
selection have gained considerable momentums.

To figure out web services selection, some appremeane presented with the help
of semantic web [4, 5, 6], and the others are base@oS attributes computation [7,
8, 9, 10, 11, 23]. But the latter approaches agentre suitable solutions satisfying
the global QoS requirements of web services selectit is a combinatorial
optimization issue that the best combination of webvices is selected in order to
accord with the global QoS constraints. Some ti@uthl optimization techniques are
proposed in [7, 8, 9, 23]. However, finding a pkan quality driven web services
selection is NP-hard [11], so the effective stretedpased on Genetic Algorithm (GA)
are introduced in [10, 11].

Genetic Algorithm is a powerful tool to solve comdiiorial optimizing problems
[13]. It solves the formulated optimization probleming the idea of Darwinian
evolution. It is an iterative procedure that cotssief a constant-size population.
Every individual describes a solution. Basic eviolut operations, including
crossover, mutation and selection operations, n@@Rkebe apt to very effectively
perform global search. The design of genetic allgorihas the greatest influence on
its behavior and performance [12], especially thesigh of coding scheme of
chromosomes, fitness function, evolution operatiand selection mechanism will
have direct effect on efficiency and global asteimgy of genetic algorithm. It is
necessary for GA to accord with characters of walises composition in order to
get global convergence.

In the literatures, a suitable genetic algorithm ¥eeb services selection with
global QoS constraints has not been taken into uadcalthough the presented
genetic algorithms can attain service compositioppsrting QoS to some extent.
They always adopted the one dimension coding schérae can not represent
effectively the composite service re-planning, ypkths. The one dimension coding
scheme can also not express all paths of assembiees at the same time. They did
not think more about how to overcome the prematlienomenon of GA. Therefore,
they did not suit effectively the issue about hovee¢lect the best composite plan from
many plans of many paths in order to satisfy gléba$ constraints.
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Following the above analyses, we proposed a n&lalion matrix coding scheme
of chromosomes in [21], the relation matrix codsgheme suits with web service
composition with global QoS constraints more thae bne dimension coding
scheme. In [20], we presented a population divetsindling mechanism. But, the
fitness function in [20] is not very fit one for maQoS properties with large quantity
difference. Furthermore, the mutation policy shobkl designed on the basis of
relation matrix coding scheme. Aiming at these ésswe discuss how to construct
fitness function, mutation policy and present amrioved fitness function and an
improved mutation policy. Finally, the simulatedsulis show that improved fithess
function and improved mutation policy accord with®aware web services selection
and relation matrix coding scheme.

The remainder of this paper is organized as folloAfter a review of the literature
of web services selection in section 2, Sectiorresgnts the discussion of fithess
function and mutation policy in detail. Section dsdribes simulations about fithess
functions and mutation policies and discusses t®siming to support the work.
Finally, our conclusions are given in section 5.

2 Quality Computation-Based Selection of Web Services

According to Std. ISO 8402 [18] and ITU E.800 [1Qi¢S may include a number of
nonfunctional properties such as price, response,tiavailability and reputation.
Thus, QoS value of a composition service can beéeaetl by fair computation of
QoS of every component web services. In this sec8ome traditional optimization
techniques [7, 8, 9, 23] and Genetic Algorithm (GAD, 11] in the literatures are
discussed in detail.

The QoS computation based on QoS matrix is a reptative solution. [7] ranked
web services by means of normalizing QoS matrixyéner, it was only a local
optimization algorithm but not a global one fordees selection. Other works in the
area of QoS computation include [8, 9], which prgmblocal optimization and global
planning. The local optimization approach could tade global QoS constraints into
consideration. For example, there are only one gahaccords with the composite
functions, 15 component functions in this compopih, and average 10 candidate
web services for each component function. In thiel lof composition scenario, the
composite size should be about@Vhen the size of composite service is very large,
the overhead of global planning is quite enormdtesteby, both had limitation to
some extent. [23] proposed pattern-wise QoS selectivhich split the difference
between the global planning selection and locaintipation selection. Although its
execution is faster than a true global planningragagh, it misses global perspective.
Furthermore, it takes a lot of cost on identifyipgttern elements while the
composition patterns are very complex. Especiatlyyill work very badly if the
given user-defined QoS requirements go beyondf alffered QoS.

The above means are not able to resolve effectittedyissue of web services
selection with global QoS constraints belongingh® class of NP-hard [10]. GA is
more suitable for this issue. But, GA can play epartant role only while the
combinatorial size is very large. Some numericalusations in [22] show that the
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linear integer programming outperforms GA while t@mbinatorial size is small.
Two different GAs were proposed in [10, 11].

In [10], binary strings of chromosome were propoBmdservice selection. Every
gene in chromosome represented a service candidthtgalues of 0 and 1. Thereby,
the more service candidates or web services chustere, the longer chromosome
was. Since at most only single service candidatédcbe selected in each of web
services clusters, only one gene was "1" and otlvers "0" in all of genes of every
cluster. When the number of component services thied number of candidate
services of each component service are all verythgglength of genome will be very
long. This kind of manner resulted in poor readsghiFurther, the authors proposed
only coding manner of chromosome for service siEectwith little further
information about the rest parts of genetic algonit such as selection mechanism.

In [11], a genetic algorithm was also used to t@adkke service selection problem.
The one dimension coding way of chromosome was qa®g to express services
composition, and each gene represented an absénaite of composite service. The
value of abstract service was one of concrete aesviThe length of genome was
shorter than the one in [10]. The change of thebmrmof concrete services could not
influence the length of genome. Therefore, theildalof genome length was better
than [10]. The coding way of chromosome and theefis function were all of which
were proposed in [11], but without more informatetout the algorithm.

In [20], a genetic algorithm with population divigyshandling is presented in order
to maximize user satisfaction during composition vegb services. Evolution is
directed effectively through the conservation & thistorical optimal population and
the competition between the historical optimal gapon and the current population.

In [21], a special relation matrix coding schemechfomosomes is presented. It
suits with QoS-aware web service composition mbes tthe one dimension coding
scheme. The relation matrix has the ability to eepnt simultaneously the composite
service re-planning, cyclic paths and many webiserscenarios.

In addition to coding schemes, the other partseofetjc algorithm should also be
taken into account in order to accord into the mbgmints of web services selection
with global QoS constraints, for example, fitnessction, mutation policy.

3 Improved Genetic Algorithm

In this section, we present an improved genetiorétlym in order to resolve quality-

driven selection, mainly including the design ehdiss function and mutation policy.
The relation matrix coding scheme is firstly revegivbecause the mutation policy is
based on it.

3.1 Relation Matrix Coding Scheme

In [21], a special relation matrix coding schemesvigtroduced using neighboring
matrix. In the case of that the number of composentices and dependencies among
component services in every path are different femnh other, the relation matrix
coding schemes can express all paths of assemblizesat the same time. The
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coding scheme has the function to express not thielyelation among tasks but also
paths information.

In this matrix, "n" is the number of all tasks inet services composition. The
following is the definition of the relation matrooding scheme.

(1) The g is located at the main diagonal of the matrix thoe ith locus of the
chromosome and presents a task. The possible vallggsire the following:

a) The number "0" that represents that the poitt¢estt is not included in the
special services composition.

b) The number "-1" that represents that the poitdsl is implementing while the
composite service re-planning.

¢) The number "-2" that represents that the poitesl becomes invalid while the
composite service re-planning, such as all of aiatdi services of the pointed task
become invalid or the pointed task is canceledséone reasons.

d) The number "-3" that represents that the sedext@crete service of the pointed
task has some changes while the composite sergiqgganning. These changes
include that the selected concrete service becimuatid or some QoS constraints of
the selected concrete service have some changes.

e) If the number "t" represents that the sum nundfeconcrete services of the
pointed task, any number in the range of [1, tJresepnts that the pointed task is
included in the special services composition arel @mncrete web service is selected.

(2) The g represents the direct relation betweenithdask and thgh task. Here,
1#].

Before g is defined, four values of k1, k2, k3 and k4 skooé defined firstly. The
four values are adjustable and represent the diffesituations of parallel invocations.
They are boolean variables coded. They are integeber in hexadecimal idea (they
may have values: 100, 200, 400, 800, etc.). THevihg is the definition of g

a) The number "0" represents that itietask is not the immediate predecessors of
thejth task.

b) The number "p" represents that ttietask is the immediate predecessors of the
jth task and théh task invokes thgh task with probability "p". Her@ < p < 1.

¢) The number "m" represents that ttietask is the immediate predecessors of the
jth task and theith task invokes thejth task with "m" times. Here,
1 <m < Min{k1, k2, k3, k4}.

d) The number "k1" represents that all of parallelocations of immediate
predecessors of thth task belong to one identical parallel invocagignoup. Théth
task is one of the immediate predecessors.

e) The number "k2" represents that all of paraiielocations of immediate
successors of théh task belong to the same group. Tjke task is one of the
immediate successors.

f) The number "k3" represents that all of paralielocations of immediate
predecessors of thjéh task belong to the different groups. Tittetask is one of the
immediate predecessors.

g) The number "k4" represents that all of parallelocations of immediate
successors of theh task belong to the different groups. Tjtie task is one of the
immediate successors.
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Obviously, in the case of k3 and k4, it is necessarseek a table of parallel
invocations to find out which parallel invocatidmslong the same group.

By means of the combination of the values of mkh, k2, k3, k4, many web
service scenarios, such as probabilistic invocatjmerallel invocation, sequential
activation, etc, can be represented by the relatiatrix. Additionally, the values of
m, k1, k2, k3, k4 should not influence the decontpws of the value of g For
example, if value of m is less than 100, valuekfk2, k3 and k4 can be set as
0x100, 0x200, 0x400 and 0x800. Thus, valuejafan be decomposed precisely.

Following the definition of the relation matrix, géhobjects of the evolution
operators are all of elements along the main diagohthe matrix. The chromosome
is made up of these elements. The other elemetite imatrix are to be used to check
whether the created new chromosomes by the crassonemutation operators are
available and to calculate the QoS values of chemmes.

As stated the above, the abilities of the relatiairix are the following:

(1) The ability to seek simultaneously all of patlsince every locus of the
chromosome can randomly be set to value "0", thensbsome has the ability to
express all of paths of services composition.

(2) The abilities of the path re-planning and thekt re-planning thanks to the
introduction of values of "-1/-2/-3" to;g

(3) The ability to resolve the cyclic paths tham&sthe introduction of values of
"m" to g;.

(4) The ability to represent simultaneously manybveervice scenarios, such as
probabilistic invocation, parallel invocation, seqtial activation, etc.

The following is one example of the relation matoding scheme.

start task end task

s (@) M

Fig.1. Statechart of a web services composition

Figure 1 is one example of a web services compositits coding scheme is
shown in figure 2.

t, 01 0 0 0 O
0t, 1. 0 0 0 0 0
0 0t, 0 1 0 0 0
00 0t 1 0 0 O
000 0 0t 1 1 0
00 0 0 0t o0 1
00 0 0 0 01t 1
0 0 0 0 0 0 0t
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Fig.2. Coding scheme

In figure 2, all of numbers at the main diagonatref matrix will be set at concrete
genome.

3.2 Fitness Function

In [20], objective function is defined in (1) and it is naim®@bjectiveFunction 1(OF1
is its abbreviation):

f(g) =<

Y@ xw)) (1)
Zk:(Q

K X W)

Where w,w € [0,1], and ww, are real positive weight factors, represent the
weight of criterion j and k. By providing ;W respectively, end users show their
favoritism concerning QoS. The sum of all of thesrili Qand Q denote values of
the jth andkth QoS properties of the individual respectivelyl &f negative QoS
properties (for example, price, time etc.) will dgected for the denominator (k). All
of positive QoS properties (for example, reputatiawvailability etc.) will be selected
for the numerator (j).

The formula (1) is not fit for the great quantitfference that QoS properties have.
For example, response time and availability havegelaquantity difference.
Furthermore, may be the same QoS properties hage huantity difference in
different web services. So, different QoS propsrtive not same influence on
fitness function. It is not equitable for these Qu8perties with low quantity level.

A method should be taken to transform values ofQal6 properties into the range
of [0,1]. In this way, all of QoS properties willale same influence on fitness
function. A proportional fithess function is defthén formula (2) and it is named
ObjectiveFunction 2(OF2 is its abbreviation):

m
f= X (wixQi) @
i=

In formula (2), wis the same as formula (]Q); denote the value of thth QoS

property of the individual. For negative QoS prdies; values are scaled according to
(3). For positive QoS properties, values are scatedrding to (4).

m ax .
} { Qj -Qj IfQimaX*Q|min=0 (3)
Q; = leax_leln
11 lfQ|max’Q|min=0
Qi-om '™ it Qmax_gmin,g (4)
i i

Q. = QMax._qgmin
1 it QMmax._q min-g
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In formula (3) and (4)QM®* and lei” are the maximum and minimum of thke

QoS property of all individuals respectivelg; is the same as formula (1).

In order to express the difference of negative @o&perties and positive QoS
properties further, the formula synthesizing therfola (1) and (2) is provided in
formula (5) and it is named ObjectiveFunction 3(0$-Bs abbreviation):

Q-Q" (5)
z( mlax_ J mianJ) min
=T e oo nen &L < 1
z( Q ~ % ] ><Wk) Q™ -Q
k Q?ax_kam

In formula (5), positive QoS properties are in giace of numerator and negative
QoS properties are in denominator. The fitness tfoncwith penalty character is
defined in formula (6):

UP;
-R

) (6)

jMin

Fit=f-> (4 x
j=1 iMax

In formula (6), P represents the calculation value of ao® some & and these
values are limited by a quality constraintyf Rwmin are the maximum value and
minimal value of calculation formula of the No.j ality constraint in all of web
services composite plans.is the number of quality constrainis.is the calculation
value of a Qor some @ and these values are limited by a quality coimitrt is a
parameter used to adjust the scale of penalty vdloe reason why; is used: the
higher users show their favoritism is, the bigder penalty value is. Formula (7) is
the definition ofAP;:

P, - min{RJMaxy PJMEX} if P| > min{ RJMaX’ PJMaX} (7)
AP ={ 0 if max{R;yin Piuin} <P, <Min{Rjya0 Piuad
max{Ryin: Puin}  — P if P, < max{Rjyin: Pjuin}

In formula (7), Riax, Bwin @re the maximum value and minimal value of the No.j
quality constraint respectively.
In section 4, some simulations about these fithasstions will be provided.

3.3 Mutation Policy

Here, some mutation policies are proposed and shkgclion the basis of the relation
matrix coding scheme.

The first one is named MutationPolicy 1(MP1 isadtsbreviation.): The probability
of mutation is for the locus. Every locus in evehromosome will be asked whether
mutating or not according to mutation probabilithe child chromosome must be the
same path as the mother chromosome during mutatieration. After the mutation
operation, only the chromosome with the biggestets values will survive among
the mother and child chromosomes. In fact, the timtaoperation enhances the
ability to search composition plans of every path.

The second one is named MP2: In the standard gealgrithm, the probability
of mutation is for the locus of chromosome. Henegiider to promote the probability
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to create different paths from the mutated path,fobability of mutation is for the
chromosome instead of the locus. The concrete ypdias follows: before mutation
operation of every chromosome, the probability afitation is used to confirm
whether the chromosome mutates or not. If mutatibe, object path will be
confirmed firstly whether it is the same as therent path expressed by the current
chromosome. If difference, the object path will dected from all available paths
except the current one. If the object is itselg tiew chromosome will be checked
whether the new chromosome is the same as thehodbthosome. Same chromosome
will result in the mutation operation again. If tbbjects are different paths from the
current path, a new chromosome will be created henltasis of the object path.
Obviously, it is not necessary to check whether aad old chromosomes are same.

The third one is named MP3: It is similar to MP2eTdifferent point is that the
object path of the current path will be selecteceatly from all of available paths
including the current path. This means that theaisjare permitted to have the same
paths as the current path

The fourth one is named MP4: The probability of atigin is for the locus. During
the mutation of one task, the selection probabdityevery concrete service and the
one of the "0" value are equal.

In section 4, some simulations about these mutgidicies will be provided.

4 Experiments

To verify the excellence of GA we have proposednerous simulation comparisons
had been performed on QoS-aware web services isgle@ll experiments were
taken on same software and hardware, which werdiupenl.6GHz processor,
512MB of RAM, Windows XP Pro, development langudd@e/A, IDE Eclipse 3.1.
Same data were adopted for two compared GAs, imgudorkflows of different
sizes, 15-50 concrete web services for each tadlb @poS data for each web service.
A simplified representation of web service was yseduding an ID number, some
QoS data that were retrieved randomly in the rarigkefined values.

The following is about how these simulation date produced. Firstly, there are
three simulated compositions in all: the numbecahponent functions is 10, 25 and
30 respectively. Composition state charts are usedepresent the dependencies
among component functions. Secondly, candidatécser¥or each task are randomly
created with one ID and values of five QoS propsrtiFinally, some global
constraints of some QoS properties are providece¥ery composition. Then, these
three composition situations are saved for thelatee. Comparisons will be made in
the same composition situation. In the three coitipossituations, the composite
size is all very large. For example, there are &thpin the case of tasks 30, average
19 tasks in every path and average 15 candidatexe® for every task. Thus, the
composite size is very enormous:>645".

The compared GAs were set up with same populati&, srossover operation and
probability, mutation probability. QoS model in [@fs used for them. The penalty
technique is used for constrained optimization fmois in algorithms. These
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algorithms have same selection mechanism of indalg] that is the "roulette wheel
selection”.

The fitness function and the mutation policy are thfferent points among the
compared GAs.

4.1 Experimentson Fitness Function

There are three kinds of fithess function comparibetween GA with the relation
matrix coding scheme (the capital letter "A" repreged it) and GA with the one
dimension coding scheme (the capital letter "B"respnted it). The three kinds of
fitness function comparison are based on OF1, @E2GE3 respectively.

The following is the experiments of the three kidditness function comparison.
Some same parameters are population size 400,0gsrsprobability 0.7, mutation
probability 0.1, iterations 500, running times 3be unit of time igns. As shown in
table 1, the statistic data of the average fitnés® and generation of the maximal
fitness value were collected.

Table 1. Fitness, time and generation

Tasks Comparison Ave_rage Average Average
Maximum - .
Num Name - Time Generation
Fitness
A with OF1 : B . . .
10 e 0.197 : 0.197 216 : 1582 5:518
A with OF2 : B . . . =
10 o 0.672 :0.631 1208 : 4543 33:102
A with OF3: B . . .
10 e o 2.446 1 1.998 332 : 4769 71077
Awith OFL: B _ . - ane-
25 e e 0.217 : 0.066 3046 : 8891 42 : 8453
25 | AWthOF2:B | 535 0538 | 15330:16369 188 : 8058
with OF2
o5 | AWIthOFS:B | 4 650601 | 12202:16677] 146 : 8149
with OF3
30 | AWIthOFL:B | 1910053 6551 :11361| 78 : 16608
with OF1
30 | AWIhNOF2:B | (6o8.0520 | 20006:22746 219 :16223
with OF2
30 | AWthOFS:B | 4515 0541 | 18981:2310d  199:16414
with OF3

The above simulations show that GA with the refatiatrix coding scheme and
Objective Function OF3 is excellent than other G&Ashe average fitness, time and
generation. In table 1, "A" GA with OF3 can gairmgher fithess value than other
GAs. "A" GA with OF3 can have faster convergenceespthan "A" GA with OF2.
The reason is that OF3 express exacter compariandasd than OF1 and OF2.
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4.2 Experimentson Mutation Policy

The mutation policy is the only different pointstlween the compared GAs. Clearly,
the compared GAs should adopt the relation matading scheme. Some same
parameters are population size 400, crossover pildiped.7, mutation probability
0.1, iterations 500, running times 50. The unitimie isms.

The table 2 is the results of experiments among ,N¥H#2, MP3 and MP4.

Table 2. Fitness (MP1:MP2:MP3:MP4)

Tasks Num | Average Maximum Fitness

10 0.196:0.191:0.191:0.196
25 0.193:0.165:0.141:0.089
30 0.152:0.132:0.108:0.069

In table 2, the largest fithess value is from MPhese mean that the MP1 is the
most effective mutation policy among MP1, MP2, M&&d MP4. MP2 and MP3
increase the probability to create the differerthpdrom the mutated path. This is the
reason that MP2 and MP3 are better than MP4. Iatiaxt, the probability to hold the
mutated path in MP2 is 0.5, but the probabilithtdd the mutated path in MP3 is the
value of 1 divided by the number of all paths. B&3 has higher probability to lose
the good genetic information from the predecesspufations than MP2. This is why
MP2 has better fithess than MP3. The MP1 increttseprobability to search more
composition paths and only the chromosome with lilggest fitness values will
survive among mother and child chromosomes. Thios, evolution direction is
enhanced. These are why MP1 is best one amongrthgsdion policies.

5 Conclusions

The web services selection with global QoS re#bnst is an active research area. In
this paper, we discuss fitness function and mutgbiolicy of GA on the basis of the
relation matrix coding scheme of genome. After aésion, the improved fitness
function and mutation policy are proposed. Thewdirthe evolution of GA. They
also improve the convergence speed of GA. While i@udes the relation matrix
coding scheme and Objective Function OF3, it can 88 times fithess value than
the GA with one dimension coding scheme and ObjectFunction OF1.
The results of experiments show that genetic algoriwith improved fitness function
and mutation policy can get more excellent compasgtrvice plan.

To provide adaptive capability of genetic algorithim an active research area [14].
Therefore, how to design a self-adaptive genegordthm for QoS-aware selection is
one of our future works.
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