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Abstract

Context. Service-oriented is becoming a popular software
development approach. The quality of service (QoS) is es-
sential to determine usability and efficiency of such system.
QoS of service-oriented system generally depends on QoS
of its service compositions. However, the QoS is naturally
unstable due to many uncertainties in the system environ-
ment and implementation flows.
Objectives. This thesis investigates the use of probability
distribution to represent the unsteadiness of QoS. More-
over, the method of analyzing and predicting the QoS of a
system by applying probabilistic analysis is introduced.
Method. The calculation method of probability distri-
bution aggregation is taken into account and applied with
most fo the common possible control flows in software im-
plementation.
Result. The analyzer is implemented based on the in-
vented calculations method. It is used in the experiment
and produces a very satisfactory and precise QoS predic-
tion of a fully-deployed service-oriented system.
Conclusion. We conclude that using probability distribu-
tion can describe the QoS of service-oriented system more
precisely than using classic constant QoS. Furthermore, the
probabilistic analysis method is very accurate and useful.

Keywords: QoS Analysis, Probabilistic Analysis, Code
Analyzer
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Abstract—Current complex service systems are usually com-
prised of many other components which are often external
services performing particular tasks. The quality of service (QoS)
attributes such as availability, cost, response time are essential
to determine usability and efficiency of such system. Obviously,
the QoS of such compound system is dependent on the QoS
of its components. However, the QoS of each component is
naturally unstable and different each time it is called due to many
factors like network bandwidth, workload, hardware resource,
etc. This will consequently make the QoS of the whole system
be unstable. This uncertainty can be described and represented
with probability distributions.

This thesis presents an approach to calculate the QoS of
the system when the probability distributions of QoS of each
component are provided by service provider or derived from
historical data, along with the structure of their compositions.
In addition, an analyzer tool is implemented in order to predict
the QoS of the given compositions and probability distributions
following the proposed approach.

The output of the analyzer can be used to predict the behavior
of the system to be implemented and to make decisions based on
the expected performance. The experimental evaluation shows
that the estimation is reliable with a minimal and acceptable
error measurement.

I. INTRODUCTION

Service-oriented software development [1]–[3] has become
widely used software development approaches. The ability
to reuse existing services provides more reusability, main-
tainability, and cost efficiency. It also allows developers to
design and implement complex services by combining and
extending existing services. Current trends indicate that there
are increasingly third-party services available on the Internet.

The reliability of a service-based system can be partly
determined by its quality of service (QoS). In order to
build a system with an acceptable QoS, QoS analysis can
be performed to explore all alternatives and find the best
combination of services to be used and system flow, espe-
cially when many services and design structures are available.
Performing QoS analysis early in the development, i.e. before
the implementation, can greatly reduce the development time,
help the adaptation of software architecture, and increase the
quality. Hence, QoS analysis is one of the most important and
challenging task in software development [4]–[6].

For such compound system, the QoS of the system depends
on the QoS of its compositions. Usually, the QoS of each indi-
vidual composition is changed dynamically due to many fac-
tors such as network environment, hardware resource, etc. This
divergence can be represented with probability distributions.

QoS analysis based on probability distribution consequently
becomes a useful tool.

This paper present a method to perform the statistical
calculation of the QoS of the complex system when the QoS
of its components and internal structure are provided. Previous
research [7] presented a similar goal but it computes the QoS
of each path from the given service graph. In our case, the
structure of the components is based on combinations of a
series of basic patterns. In addition, the approach also takes
into account the environment of the system, for example, the
probability distribution of the value of variables (integer) used
in given structures.

This paper presents also the implementation of the analyzer
tool implemented by using logic programming, i.e. Prolog,
based on the presented calculation method. Using the abstract
syntax of the program, QoS of the components, and the
environment variables data, the tool will compute and return
the prediction of the QoS of the program in the form of
probability distribution. With this prediction, users will be able
to obtain the probability that the program will have the QoS
at the interested point (t).

Based on this approach, this work aims to address the
following research questions:

RQ1: How can a probability distribution of QoS of a given
composition be obtained?
RQ2: What is the probability that the QoS of a given
composition will be less than t?
RQ3: What is the probability that the QoS of a given
composition will be greater than t?
RQ4: What is the probability that the QoS of a given
composition will be between t1 and t2?

This paper is structured as follows. Section II explains the
motivation of the paper. Section III provides the background
and related works. Section IV describes the method of the
prediction. Section V presents the implementation of the
prototype tool. Section VI explains experiments and result
analysis. Section VII discusses opinions and issues related to
the research. Finally, section VIII briefly concludes the work
of the research.

II. MOTIVATION

Implementing service-oriented systems which respect a
given Service Level Agreement (SLA) [8] is difficult. As the



popularity of service-oriented system increases, there could
be many services which provide the same functionality but
different QoS available for choosing. Moreover, the same sys-
tem can be implemented with different algorithms. Generally,
choosing different compositions of services and algorithms
yields different QoS characteristic. Ideally, we would like
to find the composition which produces the system with the
best QoS. Figure 1 illustrates a service-oriented system which
invokes Service A, Service B, and Service C while there are 2
alternatives of Service A and Service B to choose.

Fig. 1. Service-Oriented System

The services involved in the system could be other ap-
plication modules, programming language API, third party
components, or any service servers located somewhere else.
Components and external services are usually a blackbox, i.e.
the developers know nothing about them except the service
they are providing or their functionalities. The implementation,
deployment, environment, location, and etc. are all managed
by the service providers and inaccessible to the service con-
sumers. With these unavailable information, it is difficult to
analyze the performance of the system to be implemented.

Performance testing can be run to obtain the performance
of the system. This kind of testing is usually conducted after
the implementation and functional testing. It could be costly
and need expensive fixes if the result is not satisfying, as the
whole system could be affected by the fix.

Analyzing the system performance before implementing
it can solve this problem. Provided that the QoS of each
involved service is available, the QoS of the system can be
predicted before the implementation. Moreover, all possible
combinations of services and algorithms can be tested and
their overall performance can be compared without actually
implementing and executing them all. With these predictions,
the system can be built with the a solution which gives the
best performance or minimum cost. This approach greatly
helps in reducing development time. Additionally, systems
with optimal QoS can reduce the cost and improve the system
quality attributes [9], [10],

In many approaches, QoS of components are modeled
as constants defining an expected average value [11], [12].
However, due to the uncertainty and the dependency of the

environment such as network, hardware resource, current
workload, accessibility, etc., the QoS of any service is not
stable and can change from time to time. Using a constant to
describe it means these uncertainties are ignored. Probability
distributions, on the other hand, can describe unsteadiness
more accurately [7].

This papers addresses all of these problems by a new
method of the QoS prediction using a calculation of prob-
abilities. The prediction aims at producing the probability
distribution which can describe the QoS of the given system.
The analysis of the prediction can be further used to prevent
SLA violation and support decision makings.

III. BACKGROUND AND RELATED WORK

A. Quality of Service

Services in service-oriented systems can be used in a wide
variety of contexts, by users and organizations with differing
goals and operational constraints. Therefore, it is not only
the functionality of a service that governs its usability in a
particular context, but also its non-functional properties, such
as the execution time, the required network bandwidth, cost,
availability, and others, which are commonly known as the
Quality of Service (QoS) attributes [13]. In distributed and
service-oriented environments, QoS attributes are increasingly
important factor in service modeling and selection, and several
QoS taxonomies have been proposed [4]–[6]. Also, several
standards have been proposed for describing service QoS
attributes and reasoning about them [14], [15]. QoS is usually
specified in a Service Level Agreement (SLA) [8] between the
service provider and consumer. Thus, the analysis of QoS is
very important to both service consumers and providers, who
have to ensure that QoS of the service does not violate the
value given specified in SLA.

B. Classical QoS Analysis

A relatively recent summary of analytical quality assurance
(of which QoS analysis is a subset) for Service-Based Systems
can be found in [16].

The principles of the classic approaches to analyze QoS for
compositions, which is a system composed of many services,
have been studied by Cardoso, in a general case [11], and
particularly in the context of BPEL processes [12]. That ap-
proach is usually known as QoS aggregation, i.e., the compu-
tation of the aggregate QoS values for the whole composition
from the QoS of the individual component services, and was
extended by several authors [17]. Most of the QoS aggrega-
tion approaches concentrate on the control structure without
considering data operations. Some more recent approaches try
to attain a higher level of precision by employing complexity
analysis to infer the upper and lower bounds of QoS based on
input data and the environmental factors (e.g., the processing
and network speeds) [18]. However, they do not explicitly
treat the statistical distributions of these environmental factors
with the level of precision we are proposing in this paper.
On the other hand, a recent proposal by Zheng et al. [7] that
works directly with the QoS statistical distributions uses a very



abstract composition model that does not take into account
data content and operations.

It is also worth mentioning that there are several more
recent approaches that are concerned more with predicting
SLA violations, rather than with computing the composition
level QoS (or their distributions). These approaches are based
on data mining [9], online testing [19], model checking [10],
and constraint solving [18].

IV. METHOD

A. Representing Execution States with Probability Distribu-
tions

This paper uses discrete probability distributions to describe
the uncertainty of QoS and any random variables related to the
system. A probability distribution (ρ) is a set of the pairs of
value (v) and its probability (p), that is

ρ = {〈vi, pi〉 |vi ∈ Z ∧ pi ∈ (0,1]}
such that

∀i∀ j, i 6= j→ vi 6= v j

(i.e., no two values are repeated, so that ρ actually represents
a function) and

n

∑
i=0

pi = 1 (1)

where n is a number of pairs in the set (n = |ρ|). Formula 1
captures that the total probability of a probability distribution
is 1 [20]. A probability distribution in this paper is thus
represented as

ρ = {〈v0, p0〉, ...,〈vn, pn〉}
The probability distribution of QoS of service s (ρs) indi-

cates the values of QoS that the service could have (vi) with
its corresponding probability (pi). It is used to calculate the
prediction of the whole system.

This papers also uses the probability distribution to denote
the feasible values of a variable v and the probability of each
value. The probability distribution of variable v (ρv) indicates
the values that the variable could have (vi) and its correspond-
ing probability (pi). It is used to evaluate assignments and
conditions in the program.

As a system could consist of many services and variables,
the data containing all probability distributions of QoS of
services (ρS) is represented with a set, that is

ρS = {ρs0 , ...,ρsn}
Similarly, the data containing all probability distributions of

values of variables (ρV ) is represented with

ρV = {ρv0 , ...,ρvm}
where n is a number of services and m is a number of variables
relevant to the system.

At the beginning of the execution, the pending QoS [21] of
the composition is 01 and therefore the distribution of QoS for
a composition (ρQ) is initialized to zero,

ρQ = {〈0,1〉}
which states that we are certain that we have all the QoS
available at the beginning of the execution. This probability
distribution will be adjusted throughout the analysis of the pro-
gram when a statement which affects the QoS of the program
is called. The value of ρQ at the end of the execution indicates
the probability distribution of QoS of overall program.

The environment of the system (Env) includes the current
QoS of the system (ρQ), the set of all probability distribu-
tions of QoS of services (ρS) and the set of all probability
distribution of values of variables (ρV ), that is

Env = 〈ρQ,ρS,ρV 〉
When a statement C is called during the execution of the

program, it could affect some values v of ρQ and ρV in Env.
ρQ and ρV are maybe adjusted accordingly while ρS always
remains the same since the service data is not changed during
the analysis (it is information externally provided). Derived
from Hoare Triple [22], this paper represents this adjustment
by

〈ρQ,ρS,ρV 〉 {C} 〈ρ ′Q,ρS,ρ ′V 〉
where ρ ′Q is a set of probability distributions of QoS of the
program and ρ ′V is a set of probability distribution of values
of variables after executing the statement C respectively.

The probability distributions of QoS of compositions or its
variables are usually derived from the historical data of the past
usage or by executing the program many times and recording
its behavior. These data will be used as input of the method to
predict the QoS of the service-oriented system. The output of
the prediction is also represented in probability distributions.

B. Derivation of Constructs

The followings are basic control flows of programming lan-
guages: mathematical operation, condition evaluation, external
call, assignment, sequential execution, conditional statement,
and iteration. The operations on probabilities depend on these
control flows.

1) Mathematical Operations: Mathematical operations are
used to update the value of variables in the program. They can
be used in a combination with an assignment or comparison.

Unlike the normal mathematical operation in usual program-
ming languages, this paper also considers the probability of
each value of the variables since they are described as prob-
ability distributions. The mathematical operation can operate
between two constants, a variable and a constant, or any two
variables.

When a probability distribution of values of variable x
(ρx) is operated with a constant (k), only its values (vi) are

1In general, it should be the value which represents that no “QoS resources”
have been spent. This depends on the metric used for the corresponding quality
under measurement (e.g., it should be 1 for availability).



changed according to the operator and the constant while their
probabilities pi remain the same. For example, ρx + k yields

ρx+k = {〈vi + k, pi〉 | 〈vi, pi〉 ∈ ρx }
When the probability distributions of two variables (ρx and

ρy) are operated together, all values vi of ρx and v j of ρy
are operated by the specified operator. The probability of
the result of each combination is derived by the Probability
Multiplication Rule [20]. The rule states that the probability
that two or more independent events occurred in sequence is

P(A,B) = P(A)×P(B)

Hence, ρx + ρy yields

ρx+y = {〈vi + v j, pi × p j〉 | 〈vi, pi〉 ∈ ρx ∧ 〈v j, p j〉 ∈ ρy }
that is, all combinations of v in ρx and ρy are summed and their
corresponding p are multiplied. The result of each combination
becomes a member of the result set ρx+y. Other operations are
handled similarly.

After the operation is done, if two or more pairs 〈v, p〉 have
the same value of v in the probability distribution of the result,
they can be combined into a single pair by adding up all p of
the pairs having the same v. For instance,

ρ = {〈k, p0〉,〈k, p1〉}
is to be rewritten into

ρ = {〈k, p0 + p1〉}
The mathematical operation does not affect any probability

distribution in the environment (unless it is used in a com-
bination with an assignment described in the next section).
Hence,

〈ρQ,ρS,ρV 〉 {E op E} 〈ρQ,ρS,ρV 〉
where E is an expression and op is a mathematical operator.

2) Assignment: Assignments give values to program vari-
ables. Figure 2 demonstrates the pseudo-code of the assign-
ment, where x is the variable to be assigned new values to
and E is either a variable, a constant (integer, decimal number,
etc.), or an expression.

begin
var x = E;

end

Fig. 2. Assignment

The assignment statement recalculates the distribution ρx
of the variable on the left-hand-side by evaluating the expres-
sion on the right-hand-side using the mathematical operation
explained in the previous section. If the variable x on the
left-hand-side already exists in the system environment (ρV ),
ρx is replaced by the result of the expression evaluation. On
the other hand, if it is firstly introduced or initialized by the

assignment, ρx is added to ρV . The distribution ρ of all other
variables remain the same.

The assignment does not affect the probability distribution
of the QoS of the program and service data. It only affects the
probability distribution of values of variables relevant to the
assignment, that is

〈ρQ,ρS,ρV 〉 {x = E} 〈ρQ,ρS,ρ ′V 〉
3) Service Calling: Service calling is a call to an external

service or internal module which is blackbox to the system.
Figure 3 shows the pseudo-code of the program consisting a
call to Service A.

begin
call Service A;

end

Fig. 3. Service Calling

As the service is a blackbox and could not be analyzed,
the probability distribution of QoS of Service A (ρA) must
be provided in ρS. If ρA does not exist in ρS, its input is
considered invalid and the calculation cannot be done.

A call to a service affects the QoS of the system because
it usually requires some execution, cost, or other QoS mea-
surement. It adds the QoS of the service being called to the
current QoS of the system. As ρQ implicitly holds the variable
of the probability distribution of current QoS of the system, it
is added to ρA in the same method with variables, that is

ρ ′Q = ρQ +ρA

The addition is done as described in previous section. The
result is then assigned to ρQ.

The service calling does not affect the probability distri-
bution of values of variables. It only affects the probability
distribution of QoS of the system, that is

〈ρQ,ρS,ρV 〉 {call} 〈ρ ′Q,ρS,ρV 〉
4) Sequential Execution: Sequential execution is a series of

statements. The statements in a series could be an assignment,
service calling, or any other basic constructs. The series
could compose of as many statements as desired. Figure 4
demonstrates the pseudo-code of the program consisting of
statement A and statement B which are executed sequentially.

begin
statement A;
statement B;

end

Fig. 4. Sequential Execution

The calculation of the QoS of sequential execution is
straightforward. It executes the statement one by one and ad-
justs Env of the program accordingly to the construct executed.



The calculation of each statement is applied individually, that
is

〈ρQ,ρS,ρV 〉 {A;B} 〈ρ ′Q,ρS,ρ ′V 〉

= 〈ρQ,ρS,ρV 〉 {A} 〈ρ ′′Q,ρS,ρ ′′V 〉 {B} 〈ρ ′Q,ρS,ρ ′V 〉
5) Condition Evaluation: Conditions are the comparison

between expressions in conditional statements and loops. They
are evaluated to either true or false. This paper, in addition
to that, needs to evaluate the probability of the condition
to be true and false for further calculation in a conditional
statement and iteration. In order to do so, the probability
distributions of values of all the relevant variables must be
provided. Otherwise, the input is considered invalid.

The comparison can be done between a variable and a
constants, two variables, or any expressions:
• When a variable is compared with a constant, its vi is used

to evaluate the condition one by one. The probability of
the result of each comparison is pi corresponding to each
vi.

• When two or more variables are involved in a condition,
all combinations of vi of all ρ are evaluated. By applying
the Probability Multiplication Rule, the probability of the
result of each combination is the multiplication of all pi
of each vi considered at the moment.

The probability distribution of the values of variable x which
makes the condition x comp y becomes true (ρx(t)) can be
written as

ρx(t) = {〈vi, p′i〉 | 〈vi, pi〉 ∈ ρx }
such that

p′i = pi×
n

∑
i=0

qi | 〈wi,qi〉 ∈ ρy ∧ vi comp wi = true

where p′i is the probability that vi will make the condition
x comp y becomes true, comp is the comparator used in the
condition, and n is the number of pairs of ρy.

Similarly, The probability distribution of the values of
variable x which makes the condition x comp y become false
(ρx( f )) can be written as

ρx( f ) = {〈vi, p′′i 〉 | 〈vi, pi〉 ∈ ρx }
such that

p′′i = pi×
m

∑
i=0

qi | 〈wi,qi〉 ∈ ρy ∧ vi comp wi = f alse

where p′′i is the probability that vi will make the condition
x comp y becomes false, comp is the comparator used in the
condition, and m is the number of pairs of ρy.

The probability that the condition c will be evaluated to true
(Pc(t)) is derived by summing up all p′i in ρx(t) that is

Pc(t) =
n′

∑
i=0

p′i (2)

Likewise, the probability that the condition c will be evalu-
ated to false (Pc( f )) is derived by summing up all p′′i in ρx(f),
that is

Pc( f ) =
n′′

∑
i=0

p′′i (3)

where n′ and n′′ are the number of pairs in ρx(t) and ρx(f)
respectively.

As the probability of the result of the condition must be
equal to 1, Formula 2 and 3 can be related as

Pc(t) = 1−Pc( f )

The method is used for all Boolean operators like =, 6=, >,
≥, <, and ≤. This paper discusses only the numerical compar-
ison conditions. Other conditions such as string comparison,
object comparison, etc. are out of the scope of this paper.

The condition evaluation does not affect any probability
distribution in the environment. Hence,

〈ρQ,ρS,ρV 〉 {E comp E} 〈ρQ,ρS,ρV 〉

where E is an expression and comp is a mathematical
comparator.

6) Conditional Statement: The conditional statement ex-
ecutes the then part if its condition is satisfied. Otherwise,
the else part will be executed, if provided. Figure 5 shows
the pseudo-code of conditional statement which will execute
statement A if the condition c is true. statement B will be
executed instead if the condition c is false.

begin
if c then

statement A;
else

statement B;
end

Fig. 5. Conditional Statement

Before executing statement A and statement B, the prob-
ability distribution of values of variable x (ρx), which is
involved in condition c, must be split into two probability
distributions ρx(t) and ρx( f ) as described in previous section.
When executing then clause (statement A), only ρx(t) will be
used. On the other hand, only ρx( f ) is used when executing
else clause (statement B). The objective of the split is to
prevent an unsound execution. If ρx is used in both clauses
without splitting, its vi which do not satisfy the condition c
may affect the execution of statement A and lead to a wrong
result of the execution.

After the split, the total probability of ρx(t) and ρx( f ) are
not equal to 1 which violates the invariant of the probability
distribution. They must be normalized by dividing all pi with
the total probability of its probability distribution (Pc(t) and



Pc( f ) from Formula 2 and 3) in order to make the total
probability becomes 1.

ρx(t) after the normalization (ρ ′x(t)) can be written as

ρ ′x(t) = {〈vi,np′i〉 | 〈vi, p′i〉 ∈ ρx(t)}
such that

np′i =
p′i

Pc(t)

which implies

n

∑
i=0

np′i = 1

where np′i is the normalized probability.
Similarly, ρx( f ) after the normalization (ρ ′x( f )) can be

written as

ρ ′x( f ) = {〈vi,np′′i 〉 | 〈vi, p′′i 〉 ∈ ρx( f )}
such that

np′′i =
p′′i

Pc( f )

which implies

m

∑
i=0

np′′i = 1

where np′′i is the normalized probability.
After the execution, ρ ′x(t) and ρ ′x( f ) are merged to be the

output of the execution (ρ ′x). As current total probability of
ρ ′x(t) and ρ ′x( f ) are both 1, merging them directly will yield
the probability distribution with a total probability 2. Hence,
ρ ′x(t) and ρ ′x( f ) must be weighted or denormalized first. The
denormalization is done by multiplying each npi with its total
probability before the normalization (Pc(t) and Pc( f )).

ρ ′x(t) after the denormalization (ρ ′′x (t)) can be written as

ρ ′′x (t) = {〈vi,d p′i〉 | 〈vi,np′i〉 ∈ ρ ′x(t)}
such that

d p′i = np′i×Pc(t)

where d p′i is the denormalized probability.
Similarly, ρ ′x( f ) after the denormalization (ρ ′′x ( f )) can be

written as

ρ ′′x ( f ) = {〈vi,d p′′i 〉 | 〈vi,np′′i 〉 ∈ ρ ′x( f )}
such that

d p′′i = np′′i ×Pc( f )

where d p′′i is the denormalized probability.
One might say that ρ ′′x (t) and ρ ′′x ( f ) are the same probability

distributions as ρx(t) and ρx( f ). ρx(t) and ρx( f ) could be used
to merge without the denormalizations of ρ ′x(t) and ρ ′x( f ).
That is not always true since the statement A and statement B
could be composed of assignments which alter vi of ρ ′x(t) and

ρ ′x( f ). Therefore, the denormalizations of ρ ′x(t) and ρ ′x( f ) are
necessary to keep the variable data correct.

ρ ′′x (t) and ρ ′′x ( f ) are then merged to be ρ ′x, that is

ρ ′x = {〈vi, pi〉 | 〈vi, p′i〉 ∈ ρ ′′x (t)∨〈vi, p′′i 〉 ∈ ρ ′′x ( f )}
where

pi =





p′i if 〈vi, p′i〉 ∈ ρ ′′x (t)∧〈vi, p′′i 〉 /∈ ρ ′′x ( f )
p′i + p′′i if 〈vi, p′i〉 ∈ ρ ′′x (t)∧〈vi, p′′i 〉 ∈ ρ ′′x ( f )
p′′i if 〈vi, p′i〉 /∈ ρ ′′x (t)∧〈vi, p′′i 〉 ∈ ρ ′′x ( f )

The probability distribution of QoS of the execution of
statement A (ρ ′Q(t)) and statement B (ρ ′Q( f )) are also merged
in the same way. They are also weighted by Pc(t) and Pc( f )
respectively before merging. Finally, the weighted probability
distributions are merged produce the output probability distri-
bution of QoS (ρ ′Q).

The conditional statement can affect both probability dis-
tribution of QoS of the system and probability distribution
of values of variables dependent on the statement in each
clause. To summarize, the conditional statements are executed
as follows:

〈ρQ,ρS,ρV 〉 {i f c then A else B} 〈ρ ′Q,ρS,ρ ′V 〉
where

ρ ′Q = merge(ρ ′Q(t),ρ
′
Q( f ))

ρ ′V = merge(ρ ′V (t),ρ
′
V ( f ))

and

〈ρQ,ρS,split(Pc(t),ρV )〉 {A} 〈ρ ′Q(t),ρS,ρ ′V (t)〉

and

〈ρQ,ρS,split(Pc( f ),ρV )〉 {B} 〈ρ ′Q( f ),ρS,ρ ′V ( f )〉

7) Iteration: Iterations repeatedly execute a sequence of
commands until a given exit condition evaluates to true.
Figure 6 shows the pseudo-code of the iteration which will
continuously calling statement A until the condition c is not
satisfied.

begin
while c do

statement A
end

Fig. 6. Iteration

An execution of iteration can be treated as a combination
between sequential execution and conditional statement. If the
loop in the Figure 6 is executed for n times, statement A
will be executed for n times as well.2 This is equivalent to
a sequential execution which contains statement A n times

2We are making the implicit assumption that loops always terminate. Note
that although in general non-terminating loops are possible, in practice most
service compositions (if not all) have either loop bounds defined when the
loop starts, or they perform traversals of (finite) collections with are ensured
to terminate.



in a row. However, the probability distribution of QoS after
the loop is executed by x times must be weighted by the
probability that the loop will be executed by x times.

The process of analyzing the loop can be described as
follows:

〈ρQ,ρS,ρV 〉 {while c do A} 〈ρ ′Q,ρS,ρ ′V 〉=
〈ρQ,ρS,ρV 〉
{i f c then [A while c do A] else null}

〈ρ ′Q,ρS,ρ ′V 〉

8) Combination Pattern: Most applications are built by
composing basic patterns. Each basic pattern described in
previous sections can consist of other patterns. For instance,
there is a conditional statement inside an iteration. Figure
7 shows the pseudo-code of the program composed of a
combination pattern.

begin
if x > 5 then

if x / 2 = 1 then
statement A;

else
while x > 0 do

statement B;
else

statement C;
end

Fig. 7. Combination Pattern

The calculation of basic patterns are all applicable to the
combination pattern. The analysis of each basic construct
in a combination pattern is done based on the current Env
of the system which could be currently adjusted by other
construct. The analysis processes each construct consecutively
and applies the calculation based on the construct being
encountered.

C. Analysis of Probability Distribution of QoS

Once the probability distribution of QoS is obtained from
the calculation, it can be used to answer the Research Ques-
tions 2-4.

The probability distribution of QoS (ρQ) indicates that the
probability that the program will have the exact QoS of vi
is pi. Usually, this is not the information which one needs to
know. In order to ensure that the program complies with SLA,
the probability that the program will have the QoS less than,
greater than, or between two values are more meaningful. For
example, the program must have the execution time less than
or equal to 10 seconds, the system must have the availability
more than 20 hours a day, etc.

To answer these questions, the cumulative graph of the
probability distribution must be generated. The cumulative
probability of vk is the sum of pi of all other vi which are less
than or equal to vk. The cumulative probability distribution of
QoS (ρcQ) is written as

ρcQ = {〈vk,cpk〉 | 〈vk, pk〉 ∈ ρQ}
such that

cpk =
k

∑
i=0

pi | 〈vi, pi〉 ∈ ρQ,vi ≤ vk

where cpk is the cumulative probability of vk.
The cumulative probability, cpk indicates the probability

that the program will have the QoS less than or equal to vk.
On the other hand, the complement of cpk, which is

1− cpk

indicates the probability the program will have the QoS greater
than vk.

Applying these formulas, the probabilities that the program
will have QoS related to v (P) are summarized in Table I

Relation Formula

P < v ∑k−1
i=0 pi

P ≤ v ∑k
i=0 pi

P > v 1 - ∑k
i=0 pi

P ≥ v 1 - ∑k−1
i=0 pi

v1 < P < v2 ∑
k2−1
i=0 pi - ∑

k1
i=0 pi

v1 < P ≤ v2 ∑
k2
i=0 pi - ∑

k1
i=0 pi

v1 ≤ P < v2 ∑
k2−1
i=0 pi - ∑

k1−1
i=0 pi

v1 ≤ P ≤ v2 ∑
k2
i=0 pi - ∑

k1−1
i=0 pi

TABLE I
CUMULATIVE PROBABILITY OF QOS

V. IMPLEMENTATION

The implementation can be done in many ways based on
the described calculation method. This paper briefly presents
a tool implemented in Prolog [23] which will be used in
the experiment to test the accuracy of the approach. A more
detailed description is given in the accompanying appendix.

The main reason to use Prolog as a programming language
is that Prolog is a free-syntax programming. It is easy to
represent the abstract syntax of compositions using directly
Prolog data structures. The automatic memory management of
Prolog (as in other declarative languages) also helps in quickly
making working prototypes. This works around the burden that
other programming languages impose on the programmer by
making it necessary to explicitly define types / classes and by
imposing a large conceptual gap between the data structures
available in the language and the representation of the program
as understood by the programmer.

The abstract syntax of each basic construct is designed for
the ease of use. The users can transform any programming



languages to this syntax withing the scope of this paper. All
syntax can be combined into a program with a combination
pattern. Table II shows the abstract syntax of each basic
construct.

Basic Construct Abstract (Prolog) Syntax

Assignment var = Expr

Calling Service call( Service A )

Sequential Execution block[ S1, ..., Sn ]

Conditional Statement if( Condition, Then, Else )

Iteration while( Condition, Do )

TABLE II
ABSTRACT SYNTAX OF THE ANALYZER

The tool by receiving the input, which is the abstract syntax
of the program, the QoS data of services, and the environment
variables and processing it to analyze the input and give the
probability distribution of QoS of the program. Additionally,
the predicted QoS of the program is written into a text file for
further analysis. If the input is invalid, e.g. the program is in
the wrong format, some service data or environment variable
are not provided, the tool will display an error message. Figure
8 shows the example of an execution of the tool while Figure
9 shows its output.

analyze( if( x>3, call(a), call(b) ),
[x=[0−0.2,2−0.4,5−0.4]],
[a=[2−0.3,4−0.5,10−0.2],
b=[1−0.3,3−0.4,9−0.3]]

).

Fig. 8. Tool Execution

[1−0.18, 2−0.12, 3−0.24, 4−0.2, 9−0.18, 10−0.08]

Fig. 9. Tool Output (contents of the written data file)

From Figure 8, analyze is the main predicate of the tool. It
receives 3 arguments: if( x¿3, call(a), call(b) ) is a program
to analye, [x=[0-0.2,2-0.4,5-0.4]] is a data of variables x,
and [a=[2-0.3,4-0.5,10-0.2],b=[1-0.3,3-0.4,9-0.3]] is a data of
services to be called.

VI. RESULT AND ANALYSIS

In order to evaluate the presented calculation method, a
series of experiments to measure the accuracy of the analyzer
tool were performed. This section describes the design, exe-
cution, and results of the experiments.

A. Experiment Design

The experiment is conducted in a fully-deployed service-
oriented system. The experiment uses the execution time of
the system as a QoS to be evaluated. The execution time is

obtained by executing the system and is to compared with the
predicted execution time from the tool to evaluate the accuracy
of the method.

To set up the service-oriented system, Java servlets are
implemented and deployed as services in Google App En-
gine [24]. A Java application is then developed as a client
connecting to those services. The client is designed to establish
the connection, send the request to the servlets, receive the
response, and record the elapsed time.

As the analyzer tool needs the probability distribution of
QoS of services as input, these data must be firstly gathered.
A client was written to collect the data by calling those servlets
several times. The execution time of these calls are recorded
and used to generate the probability distribution of QoS of
service (ρs) which is in turn used by the analyzer. Providing
the historical execution time, ρs can be generated by

ρs = {〈vi, pi〉 |vi ∈ Z ∧ pi ∈ (0,1]}
such that

pi =
ni

n
where vi is the execution time with its respective probability
pi, ni is a number of times that vi appears in the data, and n
is the total number of data.

The algorithms to be tested use all the control flows
presented in the previous section in order to test all of
the calculation methods. The client is written to repeat the
algorithm several times as to get the probability distribution
of QoS of the program (ρe).

The algorithm run by the client is transformed into the
abstract syntax as designed for the analyzer. The probability
distributions of QoS of services obtained before are used as
the input, as well as the initial probability distribution of the
values of variables. The analyzer is then run to obtain the
predicted probability distribution of QoS of the system (ρp).

The cumulative probability distributions ρce and ρcp are
generated from ρe and ρp respectively. In order to assess the
adequacy of our prediction, ρce and ρcp are plotted together
to see how well they fit with each other (Figures 12 to 17).
Additionally, the Mean Square Error (MSE) is calculated in
order to evaluate the error of the prediction (Tables III and IV).
It is calculated by using the following formula:

MSE =
∑n

i=1(xi− x′i)
2

n
where

〈vi,xi〉 ∈ ρce,〈wi,x′i〉 ∈ ρcp,vi = wi

The smaller the MSE, the more accurate the prediction is.
Since the experiment is done in a client-server architecture,

a stable network is required. Running the client to obtain
the probability distribution of QoS of services and the whole
algorithm, for instance 1000 times each, could take more than
2 hours. Changes in the network bandwidth or other network
issues during the execution can cause inaccuracy in the result.
Therefore, the experiment is in principle sensitive to network
conditions; on the other hand, this is a realistic situation and



one in which we can test how accurate our approach can be,
and therefore we on purpose chose not to run against a set of
services installed in a local network.

In order to find out how much network variability affects
our results, we also measured the network transmission time
(by having our service record separately how long the service
invocation alone takes), so that we performed three measure-
ments:

1) Execution Time + Network Transmission Time (ta): The
times are recorded at the client side before establishing
the connection (t1) and after receiving the response (t2)
in nanoseconds format. Subtracting t2 by t1, the execu-
tion time of the service is obtained. This measurement is
the most realistic but is not meaningful to the experiment
if the network is not reliable enough.

2) Execution Time Only (te): As the execution of the
service is done in the server side, the server is written to
also return the execution time to client. The server will
determine the execution time by subtracting the time
after executing the request (before sending the response
to the client) by the time upon receiving the request
from client. The client will then use this information to
record the time and generate the probability distribution
of QoS. Comparing only the execution by excluding the
network transmission time implies that the network is
stable and eliminates the inaccuracy of the prediction
due to the unexpected and uncontrollable network issue.

3) Network Transmission Time Only (tn): Network trans-
mission time is obtained by subtracting ρta by ρte . This
measurement is used to determine the error in prediction
caused by the networking issue.

B. Experiment Execution

The experiment are conducted in two different service-
oriented systems. Both of them are deployed and setup as
described in previous section.

1) Experiment 1 - Matrix Multiplication: This experiment
aims at testing the accuracy of the prediction of a simple code
pattern, i.e. a loop.

The servlet deployed as a service makes matrix multiplica-
tion. The client is required to send to the servlet two matrices
to multiply. The service will then return the result matrices to
the client.

The Java client application creates two square matrices. In
order to have a significant execution time for the observation,
the initial matrix must be large, i.e. 100×100 or more. The
elements in the matrices are generated randomly from 0 to 9.
It then establishes the connection to the service and sends the
two generated matrices to the service.

Upon receiving the request, the service will validate the
input. It will then multiply the received matrices sequential
algorithm and return the resulting matrix to the client.

The service is firstly called 500 times repeatedly. All three
measurement times are recorded (ta, te, and tn) after each exe-

cution. The recorded data are used to generate the probability
distributions of QoS of the service (ρa(ta), ρa(te), and ρa(tn)).

To test the prediction of the loop pattern, the client requests
the multiplication to the service five times by using the loop.
The loop is called 500 times to determine the probability
distribution of QoS of the algorithm (ρe(ta), ρe(te), and ρe(tn)).
Figure 10 shows the pseudo-code of the algorithm.

begin
x = 0;
while x < 5 do

call Matrix Multiplication Service;
x = x + 1;

end

Fig. 10. Experiment 1: Matrix Multiplication

Using ρa(ta), ρa(te) and ρa(tn) data and the abstract syntax
of Figure 10 as the input to the analyzer, the predicted
probability distribution of QoS of the program (ρp(ta), ρp(te),
and ρp(tn)) are obtained.

2) Experiment 2 - Sorting: This experiment aims at testing
the accuracy of the prediction of a more complex composition
which uses all the patterns mentioned in the previous section.

Two Java servlets are implemented to provide sorting ser-
vices, one for Bubble Sort and another one for Quick Sort.
Both services receive an array of integers as input and return
a sorted array to the client by using its respective sorting
algorithm.

A Java application is written to create 10 arrays of integers.
The numbers in the array are random from 0 to 99. The size
of the array must be big enough to yield a significant sorting
time for the observation, i.e. 1000 elements. The client then
connects to the servlet as same as in the first experiment to
record the execution time.

Each service is firstly called 500 times to gather ta, te, and
tn. Similar to the first experiment, ρb(ta), ρb(te), and ρb(tn)
are generated for Bubble Sort service and ρq(ta), ρq(te), and
ρb(tq) are generated for Quick Sort service.

Figure 11 shows the pseudo-code of the algorithm to be
tested. The client generates random number for the variable n
to determine the sorting mode. The sorting mode m depends
on the random number n and has as probability distribution

ρm = {〈1,0.2〉,〈2,0.3〉,〈3,0.5〉}
The client then sends the generated arrays of integer to the

sorting service dependent on m. The execution time is recorded
after the result is received. The process is repeated for 500
times to determine the probability distribution of QoS (ρe(ta),
ρe(te), and ρe(tn)).

ρb(ta), ρb(te), ρb(tn), ρq(ta), ρq(te), and ρq(tn) are used in
the analyzer to get the predicted probability distribution of
QoS (ρp(ta), ρp(te), and ρp(tn)).

C. Experiment Result

Providing the predicted probability distribution of QoS
ρp(ta), ρp(te), and ρp(tn) to the analyzer their cumulative



begin
Random n from 0 to 9

// to random the sorting mode
if n < 2 then

m = 1;
else if n >= 2 and n < 5 then

m = 2;
else if n >= 5 and n < 10 then

m = 3;

x = 0;

// sort depending on the mode
if m == 1 // bubble sort

while x < 10
call Bubble Sort Service;
x = x + 1;

else if m == 2 // quick sort
while x < 10

call Quick Sort Service;
x = x + 1;

else if m == 3 // mix sort
while x < 5

call Bubble Sort Service;
x = x + 1;

while x < 10
call Quick Sort Service;

end

Fig. 11. Experiment 2: Sorting

probability distributions (ρcp(ta), ρcp(te), and ρcp(tn)) are
generated for both experiments. Similarly, and also for both
experiments, the cumulative probability distributions of the
real executions (ρce(ta), ρce(te), and ρce(tn)) are generated by
using ρe(ta), ρe(te), and ρe(tn).

Figures 12, 13, and 14 show the comparison between the
cumulative probability ρcp(ta) and ρce(ta), ρcp(te) and ρce(te),
and ρcp(tn) and ρce(tn) of the first experiment, respectively.
Likewise, Figures 15, 16, and 17 show the the cumulative
probability ρcp(ta) and ρce(ta), ρcp(te) and ρce(te), and ρcp(tn)
and ρce(tn) of the second experiment.

The visualization of both experiments suggest the same
conclusion. The prediction fits almost perfectly with the actual
execution. Figure 12 and Figure 15 illustrates that the overall
predicted execution time is not perfect. However, Figure 14
and Figure 17 shows that most of the errors come from
the network transmission time. Additionally, Figure 13 and
Figure 16 shows that the execution time prediction (which
excludes the network transmission time) has a very small
error. According to these figures, it can be concluded that the
prediction is very precise.

The MSE is calculated by comparing between ρcp(ta) and
ρce(ta), ρcp(te) and ρce(te), and ρcp(tn) and ρce(tn). As the
MSE gives just a number which is a raw approximation
of fitting, it would be desirable to make this comparison
against other prediction technique. This is difficult on one

Fig. 12. Experiment 1: Comparison Between ρcp(ta) and ρce(ta)

Fig. 13. Experiment 1: Comparison Between ρcp(te) and ρce(te)

hand because it is very time-consuming, and on the other
hand because as most papers / studies do not make the source
code and all of the details of their benchmarks accessible.
Therefore it was decided to take a different path in order to
test the accuracy of the approach in this paper against other
approaches.

One of the defining characteristics of the approach in
this paper is the use of full-fledged probability distributions,
while in most other cases predictions are made using just
average QoS (i.e., taking a single point as representative of
the behavior of some external service) or, at most, upper and
lower bounds of QoS (i.e., a uniform distribution between the
upper and lower bounds).

Therefore the experiments were repeated by using as input
data for the probability distributions either a singleton distri-
bution where a single point (the average) characterizes the be-
havior of external services (Constant Probability) or a uniform
distribution ranging from the observed lower to the observed
upper bound (Uniform Probability Distribution). These were
generated taking as starting point the observed probability
distribution of the services. Since the uniform probability
distribution and the constant probability distribution contain
less information than the observed probability distribution,
we expect the predictions performed using them to be less



Fig. 14. Experiment 1: Comparison Between ρcp(tn) and ρce(tn)

Fig. 15. Experiment 2: Comparison Between ρcp(ta) and ρce(ta)

accurate than those performed with the observed probability
distribution. The results are shown in Table III and Table IV
for the first and the second experiment respectively.

Table III and Table IV show a comparable landscape:
it is clear that using the observed probability distribution
produces predictions which are much more accurate (the MSE
is smaller) than those generated using either the uniform
probability distribution or the constant probability distribution.
It can also be seen that most of the prediction errors come from
ρcp(tn), which is difficult to control. If the network issues is
excluded (ρcp(te)), the predictions show very promising results
with very small MSE.

Measurement Observed
Probability

Uniform
Probability

Constant
Probability

ρcp(ta) 0.070 0.383 0.577
ρcp(tn) 0.012 0.310 0.434
ρcp(te) 0.0003 0.138 0.537

TABLE III
EXPERIMENT 1: MEAN SQUARE ERROR

VII. DISCUSSION

Probability distributions can be used to describe and predict
QoS with much more accuracy than using either an average

Fig. 16. Experiment 2: Comparison Between ρcp(te) and ρce(te)

Fig. 17. Experiment 2: Comparison Between ρcp(tn) and ρce(tn)

value or a lower / upper bound combination. Saying that, for
example, the program will finish the execution in k seconds is
actually misleading, since this prediction will almost always
fail (it is highly unlikely that the program will finish in exactly
k seconds, as shown in the experiment that the program is
repeated 500 times and the execution time is not the constant).
Instead, saying that, for example, the probability that the
program will finish in k or less seconds is 50% (0.5) is much
more meaningful, and conveys more information. After the
accumulative probability curve is constructed, the probability
of all desired values or range of QoS can be identified. With
this information, clients and providers can consider whether
this probability is good enough before making any decision
no a business agreement.

The calculation method presented in this paper covers basic
control flows which are commonly used in programming
languages. The method also provides the flexibility of giving
the input environment variables the make the program more
practical. Consequently, we think that this approach can be
used to predict the QoS of a large number of the service-
oriented systems.

Another advantage is that the prediction can be done
quickly. Using Prolog to implement the tool was efficient
and easy to use. The tool read, interpret the input, and give



Measurement Observed
Probability

Uniform
Probability

Constant
Probability

ρcp(ta) 0.006 0.388 0.494
ρcp(tn) 0.010 0.306 0.383
ρcp(te) 0.0001 0.126 0.488

TABLE IV
EXPERIMENT 2: MEAN SQUARE ERROR

the output in a few minutes or less, depending on the size
of the input data (as the input data is a list and probability
distribution of QoS could be a long list and could take more
time to prcess). Using the tool to analyze the system definitely
reduce the system development time.

Nevertheless, there are some disadvantages in the proposed
method. The accuracy of the predictions naturally depends
on how up-to-date is the data of the QoS of the external
services. As services evolve, their environment can change
and impact their QoS. For example, the service provider could
update its hardware resources, the location of the server may
be moved, the Internet speed and bandwidth can be adjusted,
etc. These changes are in general unknown to the final clients,
and the data regarding the QoS of the services can be easily
get outdated anytime due to these factors. Hence, ideally, the
QoS data of the services should be updated periodically, which
could be time-consuming. Additionally, this requires a strategy
to decide when this data needs to be refreshed.

Both gathering the service data and executing the compo-
sition (in order to obtain the actual execution time) needs to
invoke external services a large number of times. As a result,
running the experiments is highly time-consuming (from 30
to 60 minutes). If the network is not stable enough during
this time, the experimental results may not be reliable (or, in
the worst case, the experiments cannot be conducted if the
remote server becomes unreachable). Changes in the load of
the host where the client is being executed can also make
outliers appear; detecting if this is the case puts additional
difficulties in performing the experiments adequately.

VIII. CONCLUSION AND FUTURE WORK

This paper discusses the prediction of the QoS of service-
oriented systems by using probability distributions. The pre-
diction is useful for the point of view of service providers
and service consumers when making decisions related to the
quality of service agreement in an SLA. Moreover, as the
method covers all the basic coding patterns of all programming
languages, it facilitates the developers in building the complex
service-oriented system by diagnosing the algorithm which
gives the best result.

This paper also presents a prototype tool which is imple-
mented by using the proposed calculation method. The tool
uses as input the abstract source code of the composition, the
QoS data of each service, and the environment describing the
input variables. The second and third pieces of information
are given as probability distributions. The tool will then
analyze the input code and produce the predicted probability
distribution of QoS of the program.

The experiments show that the approach presented in this
paper produces accurate predictions. It is also shown that using
probability distribution to represent data about the expected
QoS of the invoked services is considerably more accurate
than using either an average (constant) QoS or using lower
and upper bounds.

The prototype presented here can of course be subject to
many improvements. First, integrating it in the workflow of a
production environment (GUI / editor, compiler, deployment
system, etc.) would be a enormous step towards its usability.
This would need additional features like a graphical interface
able to show the predictions in a user-friendly way, the ability
to query and record data from the services used in a given
project, and the ability to record and reuse QoS data from
these services. The capability to show more data regarding the
predictions, like additional statistical indicators, can be also a
big step towards its usability.

Other lines of improvement lie are at the core of the
internal algorithms. When a given value k is not present in
the prediction given by the tool, it is in principle impossible
to answer some questions which directly involve this k (such
as “what is the probability that the execution time is less than
k?”). One solution to this problem is to interpolate in the
provided solution. The simplest possible interpolation comes
from averaging the points closest to k. However, this is a rough
estimation and may not be precise enough. Other interpolation
methods may give better results, and should be explored to
extend the calculation method so as to make the prediction
more accurate. Having an accurate interpolation method will,
in addition, make gathering data for the prediction faster, as
less data points will be necessary.
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[17] M. Dumas, L. Garcı́a-Bañuelos, A. Polyvyanyy, Y. Yang, and L. Zhang,
“Aggregate Quality of Service Computation for Composite Services,” in
ICSOC, 2010, pp. 213–227.
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Appendix A

Probability Distribution

Appendix A explains a background and basic knowledge of the probability distri-
bution. It includes information needed to apply with the theory of QoS calculation
and further analysis.

Generally, decisions, actions, or other situations in real life have many out-
comes. All possible outcomes have different probabilities to occur dependent on
many factors. In programming and mathematical aspects, variables which have
many possible values and those values are determined by chances are called Ran-
dom Variable. The outcomes and their probabilities of observed events or the
random variables can be described by using Probability Distribution [1]. The
Probability Distribution consists of values of random variables and their corre-
sponding probabilities. The probabilities are usually determined by theories of
the observed object or by observations.

Naturally, the total probability of outcomes when an event occurred is 100%.
When presented with the probability distribution, the constant decimal number is
used instead of the percentage. Number 1 is used to represent 100% probability.
The fractional decimal numbers of 1 designates the lower probability. This means
that the sum of probability of all values in any probability distribution must be 1
and the probability of each individual value must be less than or equal to 1 and
greater than 0.

A specific kind of the probability distribution is called Uniform Distribution
[2]. This kind of distribution has equal spaces of values and their probabilities
are all equal, that is, if there are n values in the distribution, each value has 1/n
probability. Another kind of commonly used probability distribution is Normal
Distribution [3] which has a symmetric shape. Mean, Mode, and Median of the
normal distribution are the same value since the data is distributed symmetrically.
Figure A.1 and Figure A.2 show graphs of uniform distribution and normal dis-
tribution respectively. Table A.1 and Table A.2 show the data of their respective
probability distribution.

When used to described QoS of a composition or values of variables, uniform
distribution is meaningless and not effective since it is unlikely that the composi-
tion will have the same probability of all possible QoS or each value of variables.

16
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QoS Probability
1 0.20
2 0.20
3 0.20
4 0.20
5 0.20

Table A.1: Probability Distribution Table of Uniform Distribution

Figure A.1: Uniform Distribution

Similarly, using the normal distribution is not realistic because a symmetric QoS
or variable rarely exist.

In order to describe QoS of a composition precisely, a real observed probability
distribution is used. The observed probability distribution has a random curve
dependent on real data. The approach presented in this paper is applied based
on the actual observed probability distribution which does not have any specific
curve or trend. This conforms with the nature of QoS of a composition which is
unpredictable and always changes due to many uncertainties.

Probability distribution can be presented by using a table or a graph. Ex-
ample A.1 demonstrates a presentation of a probability distribution of a random
variable.

A.1. Example. Service A has the probability distribution of QoS as shown in
Table A.3.

The probability of the QoS of Service A can also be described as a graph as
shown in Figure A.3. The graph illustrates that the QoS of Service A has the
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QoS Probability
1 0.10
2 0.25
3 0.30
4 0.25
5 0.10

Table A.2: Probability Distribution Table of Normal Distribution

Figure A.2: Normal Distribution

mixed distribution where the curve is not symmetric.
As mentioned in the paper, this paper uses ρ to present probability distribu-

tions. The probability distribution of Service A can be written as

ρA = {〈1, 0.10〉, 〈4, 0.35〉, 〈6, 0.20〉, 〈10, 0.25〉, 〈15, 0.10〉}.
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QoS Probability
1 0.10
4 0.35
6 0.20
10 0.25
15 0.10

Table A.3: Probability Distribution Table of Service A

Figure A.3: Probability Distribution Graph of Service A



Appendix B

Calculation Example

Appendix B gives more details of the calculation of QoS of each construct by
showing examples. These examples aims at explaining precisely how the calcula-
tions are done.

B.1 Mathematical Operation

The following examples explain the mathematical operations of probability dis-
tributions using the method described in the paper.

B.1. Example. Given the initial environment

ρx = {〈0, 0.2〉, 〈2, 0.4〉, 〈5, 0.4〉}

the operation

x + 1

will increment all vi of ρx by 1 while their probabilities remain unchanged, that is

ρx+1 = { 〈vi + 1, pi〉 | 〈vi, pi〉 ∈ ρx }

The operation will finally yield

ρx = {〈1, 0.2〉, 〈3, 0.4〉, 〈6, 0.4〉}

B.2. Example. Given the initial environment

ρx = {〈4, 0.6〉, 〈8, 0.3〉, 〈12, 0.1〉}
ρy = {〈3, 0.5〉, 〈7, 0.2〉, 〈9, 0.3〉}

20



Appendix B. Calculation Example 21

the operation

x + y

will add each vi of ρx to each vj of ρy. All possible combinations of 〈vi, pi〉 +
〈vj, pj〉 are explored. The probability of each combination is derived from the Prob-
ability Multiplication Rule [1]. For instance, the first combination, x = 〈4, 0.6〉
and y = 〈3, 0.5〉, will give a value 7 (4 + 3) and probability 0.30 (0.6 × 0.5),
that is, the values are summed up (vi + vj) and the probabilities are multiplied
(pi × pj), or

ρx+y = { 〈vi + vj, pi × pj〉 | 〈vi, pi〉 ∈ ρx ∧ 〈vj, pj〉 ∈ ρy }

If more than one combinations yield the same values, their probabilities are
added up together. For example, the combination of ρx = 〈4, 0.6〉, ρy = 〈7, 0.2〉 and
ρx = 〈8, 0.3〉, ρy = 〈3, 0.5〉 give the same values of vi + vj, 11. Their probabilities
0.12 (0.6 × 0.2) and 0.15 (0.3 × 0.5) are added to get the total probability 0.27
and consequently produce 〈11, 0.27〉.

Finally, the operation yields

ρ = {〈7, 0.3〉, 〈11, 0.27〉, 〈13, 0.18〉, 〈15, 0.11〉, 〈17, 0.09〉, 〈19, 0.02〉, 〈21, 0.03〉}

Table B.1 shows the complete calculation of this example.

〈vi, pi〉 〈vj, pj〉 vi + vj pi × pj
〈4, 0.6〉 〈3, 0.5〉 7 0.30
〈4, 0.6〉 〈7, 0.2〉 11 0.12
〈4, 0.6〉 〈9, 0.3〉 13 0.18
〈8, 0.3〉 〈3, 0.5〉 11 0.15
〈8, 0.3〉 〈7, 0.2〉 15 0.06
〈8, 0.3〉 〈9, 0.3〉 17 0.09
〈12, 0.1〉 〈3, 0.5〉 15 0.05
〈12, 0.1〉 〈7, 0.2〉 19 0.02
〈12, 0.1〉 〈9, 0.3〉 21 0.03

Table B.1: Adding two probability distributions of variable

B.3. Example. Given the initial environment

ρx = {〈4, 0.6〉, 〈8, 0.3〉, 〈12, 0.1〉}
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the operation

x + y

is considered invalid since ρy is not provided in the environment. The operation
cannot be done.

The same methods are used for other operators like -, ×, ÷, and %.

B.2 Assignment

The following examples explain how the assignment affects the probability distri-
bution of the relevant environment variables.

B.4. Example. Given the initial environment

ρx = {〈0, 0.2〉, 〈2, 0.4〉, 〈5, 0.4〉}

the assignment

x = 1;

will adjust the all vi of ρx to 1. Finally, the assignment yields

ρx = {〈1, 1.0〉}.

B.5. Example. Given the initial environment

ρx = {〈0, 0.2〉, 〈2, 0.4〉, 〈5, 0.4〉}

the assignment

x = x + 1;

will execute x+1 as described in Example B.1 and assign the result to ρx. Finally,
the assignment yields

ρx = {〈1, 0.2〉, 〈3, 0.4〉, 〈6, 0.4〉}.
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B.6. Example. Given the initial environment

ρx = {〈0, 0.2〉, 〈2, 0.4〉, 〈5, 0.4〉}
ρy = {〈4, 0.6〉, 〈8, 0.3〉, 〈12, 0.1〉}

the assignment

x = y - 1;

will execute y-1 as described in Example B.1 and assign the result to ρx. Finally,
the assignment yields

ρx = {〈3, 0.6〉, 〈7, 0.3〉, 〈11, 0.1〉}

while ρy remains the same as it is.

B.7. Example. Given the initial environment

ρx = {〈0, 0.2〉, 〈2, 0.4〉, 〈5, 0.4〉}
ρy = {〈4, 0.6〉, 〈8, 0.3〉, 〈12, 0.1〉}
ρz = {〈3, 0.5〉, 〈7, 0.2〉, 〈9, 0.3〉}

the assignment

x = y + z;

will execute y+z as described in Example B.2 and assign the result to ρx. Finally,
the assignment yields

ρx = {〈7, 0.3〉, 〈11, 0.27〉, 〈13, 0.18〉, 〈15, 0.11〉, 〈17, 0.09〉, 〈19, 0.02〉, 〈21, 0.03〉}

while ρy and ρz remain the same as they are.

B.8. Example. Given the initial environment

ρx = {〈0, 0.2〉, 〈2, 0.4〉, 〈5, 0.4〉}
ρy = {〈4, 0.6〉, 〈8, 0.3〉, 〈12, 0.1〉}

the assignment
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begin
call Service A;

end

Figure B.1: Psuedo-code for Example B.9

x = y + z;

is considered invalid since ρz is not provided in the environment. The assignment
cannot be done.

B.3 Service Calling

The following examples explain the calculation of probability distributions of QoS
when the external service is called in compositions.

B.9. Example. The program composes of Service A which is invoked directly.
Service A has probability distribution of QoS as follow

ρA = {〈5, 0.2〉, 〈8, 0.6〉, 〈12, 0.2〉}

As the initial QoS of the program is assumed to be

ρQ = 〈0, 1〉

calling Service A will add ρA to ρQ and yields

ρQ = {〈5, 0.2〉, 〈8, 0.6〉, 〈12, 0.2〉}

B.4 Sequential Execution

The following examples explain the calculation of probability distributions of QoS
in sequential execution pattern using the method described in the paper.

B.10. Example. The program composes of three services which are Service A,
Service B, and Service C. They are called in sequence as shown in Figure B.2.
Each service has probability distribution of QoS as follow
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begin
call Service A;
call Service B;
call Service C;

end

Figure B.2: Psuedo-code for Example B.10

ρA = {〈5, 0.2〉, 〈8, 0.6〉, 〈12, 0.2〉}
ρB = {〈3, 0.3〉, 〈10, 0.2〉, 〈18, 0.5〉}
ρC = {〈0, 0.2〉, 〈5, 0.8〉}

Since all statements in the program are service callings, only QoS of the pro-
gram is affected. As described in the paper that service calling operates like the
add operation which adds QoS of the service to current QoS. Thus, probability
distribution of QoS of this program is calculated by

ρQ = ρA + ρB + ρC

or

ρQ = {〈vi, pi〉 | vi = (vA + vB + vC) ∧ pi = (pA × pB × pC) ∧ 〈vA, pA〉 ∈
ρA ∧ 〈vB, pB〉 ∈ ρB ∧ 〈vC , pC〉 ∈ ρC }

This approach is summarized in Table B.2.
The probabilities pi of the same vi are then all summed up. As a result, the

probability of QoS of the program in FigureB.2 is

ρQ = {〈8, 0.012〉, 〈11, 0.036〉, 〈13, 0.048〉, 〈15, 0.020〉, 〈16, 0.144〉, 〈18, 0.024〉, 〈20, 0.080〉,
〈22, 0.008〉, 〈23, 0.116〉, 〈26, 0.060〉, 〈27, 0.032〉, 〈28, 0.080〉, 〈30, 0.020〉, 〈31, 0.240〉,
〈35, 0.080〉}

B.11. Example. Given the program in Example B.10 and probability distribu-
tions of each service as follow

ρA = {〈5, 0.2〉, 〈8, 0.6〉, 〈12, 0.2〉}
ρB = {〈3, 0.3〉, 〈10, 0.2〉, 〈18, 0.5〉}

The probability dsitribution of QoS of the program cannot be calculated as the
probability distribution of QoS of Service C is missing. This is considered as an
invalid input.
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〈vA, pA〉 〈vB, pB〉 〈vC , pC〉 vi pi
〈5, 0.2〉 〈3, 0.3〉 〈0, 0.2〉 8 0.012
〈5, 0.2〉 〈3, 0.3〉 〈5, 0.8〉 13 0.048
〈5, 0.2〉 〈10, 0.2〉 〈0, 0.2〉 15 0.008
〈5, 0.2〉 〈10, 0.2〉 〈5, 0.8〉 20 0.032
〈5, 0.2〉 〈18, 0.5〉 〈0, 0.2〉 23 0.020
〈5, 0.2〉 〈18, 0.5〉 〈5, 0.8〉 28 0.080
〈8, 0.6〉 〈3, 0.3〉 〈0, 0.2〉 11 0.036
〈8, 0.6〉 〈3, 0.3〉 〈5, 0.8〉 16 0.144
〈8, 0.6〉 〈10, 0.2〉 〈0, 0.2〉 18 0.024
〈8, 0.6〉 〈10, 0.2〉 〈5, 0.8〉 23 0.096
〈8, 0.6〉 〈18, 0.5〉 〈0, 0.2〉 26 0.060
〈8, 0.6〉 〈18, 0.5〉 〈5, 0.8〉 31 0.240
〈12, 0.2〉 〈3, 0.3〉 〈0, 0.2〉 15 0.012
〈12, 0.2〉 〈3, 0.3〉 〈5, 0.8〉 20 0.048
〈12, 0.2〉 〈10, 0.2〉 〈0, 0.2〉 22 0.008
〈12, 0.2〉 〈10, 0.2〉 〈5, 0.8〉 27 0.032
〈12, 0.2〉 〈18, 0.5〉 〈0, 0.2〉 30 0.020
〈12, 0.2〉 〈18, 0.5〉 〈5, 0.8〉 35 0.080

Table B.2: QoS Calculation of Sequential Execution

B.5 Condition Evaluation

The following examples explain the condition evaluation of probability distribu-
tions using the method described in the paper.

B.12. Example. Given the initial environment

ρx = {〈0, 0.2〉, 〈2, 0.4〉, 〈5, 0.4〉}

the condition

x > 3

will compare each vi of ρx to 3. ρx is then splitted into ρx(t) for true case and
ρx(f) for false case, that is

ρx(t) = { 〈vi, pi〉 | 〈vi, pi〉 ∈ ρx ∧ vi > 3 }

and
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ρx(f) = { 〈vi, pi〉 | 〈vi, pi〉 ∈ ρx ∧ vi ≤ 3 }

The probabilities pi of ρx(t) are summed up to get the probability that the
condition is true (Pc(t)). Similarly, the probabilities pi of ρx(f) are summed up
to get the probability that the condition is false (Pc(f)). The comparison yields
the following result.

ρx(t) = {〈5, 0.4〉} → Pc(t) = 0.4

ρx(f) = {〈0, 0.2〉, 〈2, 0.4〉} → Pc(f) = 0.2 + 0.4 = 0.6

Table B.3 shows the procedure of this example.

〈vi, pi〉 vi > 3 pi
〈0, 0.2〉 false 0.2
〈2, 0.4〉 false 0.4
〈5, 0.4〉 true 0.4

Table B.3: Comparison of Probability Distribution and Numeral

B.13. Example. Given the initial environment

ρx = {〈0, 0.2〉, 〈2, 0.4〉, 〈5, 0.4〉}
ρy = {〈1, 0.3〉, 〈3, 0.5〉, 〈8, 0.2〉}

the condition

x > y + 1

will firstly operate y+1 expression which yields

ρy+1 = {〈2, 0.3〉, 〈4, 0.5〉, 〈9, 0.2〉}.

Then each vi of ρy+1 and ρx are compared. ρx and ρy are then splitted into
ρx(t) and ρy(t) for true case and ρx(f) and ρy(f) for false case, that is

ρx(t) = { 〈vi, p′i〉 | 〈vi, pi〉 ∈ ρx }

ρy(t) = { 〈wi, q
′
i〉 | 〈wi, qi〉 ∈ ρy }

such that
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p′i = pi ×
∑m

i=0 qi | vi > wi + 1

q′i = qi ×
∑n

i=0 pi | vi > wi + 1

and

ρx(f) = { 〈vi, p′′i 〉 | 〈vi, pi〉 ∈ ρx}

ρy(f) = { 〈wi, q
′′
i 〉 | 〈wi, qi〉 ∈ ρy}

such that

p′′i = pi ×
∑m

i=0 qi | vi ≤ wi + 1

q′′i = qi ×
∑n

i=0 pi | vi ≤ wi + 1

The probabilities p′i of ρx(t) and q′i of ρy(t) are summed up to get the probabil-
ity that the condition is true (Pc(t)) (both should yield the same value). Similarly,
the probabilities p′′i of ρx(f) and q′′i of ρy(f) are summed up to get the proba-
bility that the condition is false (Pc(f)) (both should yield the same value). The
comparison yields the following result.

ρx(t) = {〈5, 0.32〉} → Pc(t) = 0.32

ρy(t) = {〈2, 0.12〉, 〈4, 0.20〉} → Pc(t) = 0.12 + 0.21 = 0.32

ρx(f) = {〈0, 0.20〉, 〈2, 0.40〉, 〈5, 0.08〉} → Pc(f) = 0.20 + 0.40 + 0.08 = 0.68

ρy(f) = {〈2, 0.18〉, 〈4, 0.30〉, 〈9, 0.20〉} → Pc(f) = 0.18 + 0.30 + 0.20 = 0.68

Table B.4 shows the procedure of this example.

B.14. Example. Given the initial environment

ρx = {〈4, 0.6〉, 〈8, 0.3〉, 〈12, 0.1〉}

the condition

x < y

is considered invalid since ρy is not provided in the environment. The comparison
cannot be proceeded.
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〈vi, pi〉 〈wi, qi〉 vi > wi + 1 pi × qi
〈0, 0.2〉 〈1, 0.3〉 false 0.06
〈0, 0.2〉 〈3, 0.5〉 false 0.10
〈0, 0.2〉 〈8, 0.2〉 false 0.04
〈2, 0.4〉 〈1, 0.3〉 false 0.12
〈2, 0.4〉 〈3, 0.5〉 false 0.20
〈2, 0.4〉 〈8, 0.2〉 false 0.08
〈5, 0.4〉 〈1, 0.3〉 true 0.12
〈5, 0.4〉 〈3, 0.5〉 true 0.20
〈5, 0.4〉 〈8, 0.2〉 false 0.08

Table B.4: Comparison of Probability Distributions

begin
if x > y then
call Service A;
x = x + 1;

else
call Service B;

end

Figure B.3: Psuedo-code for Example B.15

B.6 Conditional Statement

The following example explains the calculation of probability distributions of QoS
in conditional statement pattern using the method described in the paper.

B.15. Example. The program composes of 2 services which are Service A and
Service B. Service A is called if the condition x > y is true followed by the
assignment x = x + 1. Otherwise, Service B is called. Figure B.3 shows the
pseudo-code of the program.

Service A and Service B have probability distributions of QoS as follow

ρA = {〈5, 0.2〉, 〈8, 0.6〉, 〈12, 0.2〉}
ρB = {〈3, 0.3〉, 〈10, 0.2〉, 〈12, 0.5〉}

The values of environment variables x and y have probability distributions as
follow

ρx = {〈0, 0.4〉, 〈4, 0.5〉, 〈9, 0.1〉}
ρy = {〈3, 0.3〉, 〈5, 0.3〉, 〈10, 0.4〉}
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To compute the QoS of the program, firstly, the x > y is evaluated to find
probability that it is true (Pc(t)) and false (Pc(f)). Applying the method de-
scribed in Example B.13, the following result is obtained.

ρx(t) = {〈4, 0.15〉, 〈9, 0.06〉} → Pc(t) = 0.15 + 0.06 = 0.21

ρy(t) = {〈3, 0.18〉, 〈5, 0.03〉} → Pc(t) = 0.18 + 0.03 = 0.21

ρx(f) = {〈0, 0.40〉, 〈4, 0.35〉, 〈9, 0.04〉} → Pc(f) = 0.40 + 0.35 + 0.04 = 0.79

ρy(f) = {〈3, 0.12〉, 〈5, 0.27〉, 〈10, 0.40〉} → Pc(f) = 0.12 + 0.27 + 0.40 = 0.79

Table B.5 shows the procedure to obtain Pc(t) and Pc(f).

〈vi, pi〉 ∈ ρx 〈wi, qi〉 ∈ ρy vi > wi pi × qi
〈0, 0.4〉 〈3, 0.3〉 false 0.12
〈0, 0.4〉 〈5, 0.3〉 false 0.12
〈0, 0.4〉 〈10, 0.4〉 false 0.16
〈4, 0.5〉 〈3, 0.3〉 true 0.15
〈4, 0.5〉 〈5, 0.3〉 false 0.15
〈4, 0.5〉 〈10, 0.4〉 false 0.20
〈9, 0.1〉 〈3, 0.3〉 true 0.03
〈9, 0.1〉 〈5, 0.3〉 true 0.03
〈9, 0.1〉 〈10, 0.4〉 false 0.04

Table B.5: QoS Calculation of Conditional Statement, Condition Evaluation

ρx(t) and ρy(t) are normalized by Pc(t) ( 0.21) and become

ρ′x(t) = {〈4, 0.71〉, 〈9, 0.29〉}

ρ′y(t) = {〈3, 0.86〉, 〈5, 0.14〉}

ρx(f) and ρy(f) are normalized by Pc(f) ( 0.79) and become

ρ′x(f) = {〈0, 0.50〉, 〈4, 0.45〉, 〈9, 0.05〉}

ρ′y(f) = {〈3, 0.15〉, 〈5, 0.35〉, 〈10, 0.50〉}

For then case, Service A is called and the assignment x = x + 1 is executed,
which yields
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ρ′Q(t) = {〈5, 0.2〉, 〈8, 0.6〉, 〈12, 0.2〉}

ρ′x(t) = {〈5, 0.71〉, 〈10, 0.29〉}

ρ′y(t) = {〈3, 0.86〉, 〈5, 0.14〉}

For else case, Service B is called, which yields

ρ′Q(f) = {〈3, 0.3〉, 〈10, 0.2〉, 〈12, 0.5〉}

ρ′x(f) = {〈0, 0.40〉, 〈4, 0.45〉, 〈9, 0.05〉}

ρ′y(f) = {〈3, 0.15〉, 〈5, 0.35〉, 〈10, 0.50〉}

Before merging, the output of then case are weighted or denormalized by Pc(t)
( 0.21) and become

ρ′′Q(t) = {〈5, 0.042〉, 〈8, 0.126〉, 〈12, 0.042〉}

ρ′′x(t) = {〈5, 0.15〉, 〈10, 0.06〉}

ρ′′y(t) = {〈3, 0.18〉, 〈5, 0.03〉}

Similarly, the output of else case are weighted or denormalized by Pc(f) ( 0.79)
and become

ρ′′Q(f) = {〈3, 0.237〉, 〈10, 0.158〉, 〈12, 0.395〉}

ρ′′x(f) = {〈0, 0.40〉, 〈4, 0.35〉, 〈9, 0.04〉}

ρ′′y(f) = {〈3, 0.12〉, 〈5, 0.27〉, 〈10, 0.40〉}

Finally, the denormalized environment are merged to be

ρQ = {〈3, 0.237〉, 〈5, 0.042〉, 〈8, 0.126〉, 〈10, 0.158〉, 〈12, 0.437〉}

ρx = {〈0, 0.40〉, 〈4, 0.35〉, 〈5, 0.15〉, 〈9, 0.04〉, 〈10, 0.06〉}

ρy = {〈3, 0.30〉, 〈5, 0.30〉, 〈10, 0.40〉}

Table B.6 and Table B.7 show the examples of denormalization of ρQ(t) and
ρQ(f) respectively.
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〈vi, pi〉 ∈ ρA Pc(t) vi pi × Pc(t)
〈5, 0.2〉 0.21 5 0.042
〈8, 0.6〉 0.21 8 0.126
〈12, 0.2〉 0.21 12 0.042

Table B.6: QoS Calculation of Conditional Statement, Denormalization of Then Case

〈vi, pi〉 ∈ ρB Pc(f) vi pi × Pc(f)
〈3, 0.3〉 0.79 3 0.237
〈10, 0.2〉 0.79 10 0.158
〈12, 0.5〉 0.79 12 0.395

Table B.7: QoS Calculation of Conditional Statement, Denormalization Else Case

B.7 Iteration

The following example explains the calculation of probability distributions of QoS
in iteration pattern using the method described in the paper.

B.16. Example. The program composes of a service which is Service A. It is
called in an iteration until the condition x ¿ 0 is false. Figure B.4 shows the
pseudo-code of the program.

Service A has probability distribution of QoS as follow

ρA = {〈5, 0.2〉, 〈8, 0.4〉, 〈12, 0.4〉}

The values of environment variable x have the probability distributions as fol-
low

ρx = {〈0, 0.2〉, 〈2, 0.3〉, 〈3, 0.5〉}

Consider the situation when x = 〈0, 0.2〉, the program will terminate without
executing anything. Hence, its yields

begin
while x > 0 do
call Service A;
x = x − 1;

end

Figure B.4: Psuedo-code for Example B.16
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ρQ(L0) = {〈0, 1〉}

ρx(L0) = {〈0, 1〉}

When x = 〈2, 0.3〉, the loop is repeated two times. Service A is called two
times sequentially, which yields

ρQ(L2) = {〈10, 0.04〉, 〈13, 0.16〉, 〈16, 0.16〉, 〈17, 0.16〉, 〈20, 0.32〉, 〈24, 0.16〉}

ρx(L2) = {〈0, 1〉}

When x = 〈3, 0.5〉, the loop is repeated three times. Service A is called three
times sequentially, which yields

ρQ(L3) = {〈15, 0.040〉, 〈18, 0.048〉, 〈21, 0.096〉, 〈22, 0.048〉, 〈24, 0.064〉,

〈25, 0.160〉, 〈28, 0.192〉, 〈29, 0.096〉, 〈32, 0.192〉, 〈36, 0.064〉}

ρx(L3) = {〈0, 1〉}

Before merging the results, ρQ(L0) and ρx(L0) are weighted by its probability
0.2 and become

ρ′Q(L0) = {〈0, 0.20〉}

ρ′x(L0) = {〈0, 0.20〉}

Similarly, ρQ(L2) and ρx(L2) are weighted by its probability 0.3 and become

ρ′Q(L2) = {〈10, 0.012〉, 〈13, 0.048〉, 〈16, 0.048〉, 〈17, 0.048〉, 〈20, 0.096〉, 〈24, 0.048〉}

ρ′x(L2) = {〈0, 0.30〉}

ρQ(L3) and ρx(L3) are weighted by its probability 0.5 and become

ρ′Q(L3) = {〈15, 0.020〉, 〈18, 0.024〉, 〈21, 0.048〉, 〈22, 0.024〉, 〈24, 0.032〉,

〈25, 0.080〉, 〈28, 0.096〉, 〈29, 0.048〉, 〈32, 0.096〉, 〈36, 0.032〉}

ρ′x(L3) = {〈0, 0.50〉}

Finally, the denormalized environment are merged to be
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ρQ = {〈0, 0.2〉, 〈10, 0.012〉, 〈13, 0.048〉, 〈15, 0.020〉, 〈16, 0.048〉, 〈17, 0.048〉,

〈18, 0.024〉, 〈20, 0.096〉, 〈21, 0.048〉, 〈22, 0.024〉, 〈24, 0.080〉, 〈25, 0.080〉,

〈28, 0.096〉, 〈29, 0.048〉, 〈32, 0.096〉, 〈36, 0.032〉}

ρx = {〈0, 1〉}

Table B.8 and B.9 show the calculation after two and three iterations respec-
tively.

〈vi, pi〉inρA 〈vi, pi〉 ∈ ρA vi + vi pi × pi PL2 p′i
〈5, 0.2〉 〈5, 0.2〉 10 0.04 0.3 0.012
〈5, 0.2〉 〈8, 0.4〉 13 0.08 0.3 0.024
〈5, 0.2〉 〈12, 0.4〉 17 0.08 0.3 0.024
〈8, 0.4〉 〈5, 0.2〉 13 0.08 0.3 0.024
〈8, 0.4〉 〈8, 0.4〉 16 0.16 0.3 0.048
〈8, 0.4〉 〈12, 0.4〉 20 0.16 0.3 0.048
〈12, 0.4〉 〈5, 0.2〉 17 0.08 0.3 0.024
〈12, 0.4〉 〈8, 0.4〉 20 0.16 0.3 0.048
〈12, 0.4〉 〈12, 0.4〉 24 0.16 0.3 0.048

Table B.8: QoS Calculation of Iteration, After two Iterations
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〈vi, pi〉 ∈ ρA 〈vi, pi〉 ∈ ρA 〈vi, pi〉 ∈ ρA vi + vi + vi pi × pi × pi PL2 p′i
〈5, 0.2〉 〈5, 0.2〉 〈5, 0.2〉 15 0.008 0.5 0.004
〈5, 0.2〉 〈5, 0.2〉 〈8, 0.4〉 18 0.016 0.5 0.008
〈5, 0.2〉 〈5, 0.2〉 〈12, 0.4〉 22 0.016 0.5 0.008
〈5, 0.2〉 〈8, 0.4〉 〈5, 0.2〉 18 0.016 0.5 0.008
〈5, 0.2〉 〈8, 0.4〉 〈8, 0.4〉 21 0.032 0.5 0.016
〈5, 0.2〉 〈8, 0.4〉 〈12, 0.4〉 15 0.032 0.5 0.016
〈5, 0.2〉 〈12, 0.4〉 〈5, 0.2〉 22 0.016 0.5 0.008
〈5, 0.2〉 〈12, 0.4〉 〈8, 0.4〉 25 0.032 0.5 0.016
〈5, 0.2〉 〈12, 0.4〉 〈12, 0.4〉 29 0.032 0.5 0.016
〈8, 0.4〉 〈5, 0.2〉 〈5, 0.2〉 18 0.016 0.5 0.008
〈8, 0.4〉 〈5, 0.2〉 〈8, 0.4〉 21 0.032 0.5 0.016
〈8, 0.4〉 〈5, 0.2〉 〈12, 0.4〉 25 0.032 0.5 0.016
〈8, 0.4〉 〈8, 0.4〉 〈5, 0.2〉 21 0.032 0.5 0.016
〈8, 0.4〉 〈8, 0.4〉 〈8, 0.4〉 24 0.064 0.5 0.032
〈8, 0.4〉 〈8, 0.4〉 〈12, 0.4〉 28 0.064 0.5 0.032
〈8, 0.4〉 〈12, 0.4〉 〈5, 0.2〉 25 0.032 0.5 0.016
〈8, 0.4〉 〈12, 0.4〉 〈8, 0.4〉 28 0.064 0.5 0.032
〈8, 0.4〉 〈12, 0.4〉 〈12, 0.4〉 32 0.064 0.5 0.032
〈12, 0.4〉 〈5, 0.2〉 〈5, 0.2〉 22 0.016 0.5 0.008
〈12, 0.4〉 〈5, 0.2〉 〈8, 0.4〉 25 0.032 0.5 0.016
〈12, 0.4〉 〈5, 0.2〉 〈12, 0.4〉 29 0.032 0.5 0.016
〈12, 0.4〉 〈8, 0.4〉 〈5, 0.2〉 25 0.032 0.5 0.016
〈12, 0.4〉 〈8, 0.4〉 〈8, 0.4〉 28 0.064 0.5 0.032
〈12, 0.4〉 〈8, 0.4〉 〈12, 0.4〉 32 0.064 0.5 0.032
〈12, 0.4〉 〈12, 0.4〉 〈5, 0.2〉 29 0.032 0.5 0.016
〈12, 0.4〉 〈12, 0.4〉 〈8, 0.4〉 32 0.064 0.5 0.032
〈12, 0.4〉 〈12, 0.4〉 〈12, 0.4〉 36 0.064 0.5 0.032

Table B.9: QoS Calculation of Iteration, After three Iterations

B.8 Combination Pattern

The following example explains the calculation of probability distributions of QoS
in a combination pattern using the method described in the paper.

B.17. Example. The program comsists of three services which are Service A,
Service B, and Service C. They are called in the combination pattern as shown
in Figure B.5. Each service has the probability distribution of QoS as follow
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begin
if x > 5 then
if x % 2 = 1 then
call Service A;

else
call Service B;

else
while x > 0 do
call Service C;
x = x −1;

end

Figure B.5: Psuedo-code for Example C.1

ρA = {〈5, 0.2〉, 〈8, 0.6〉, 〈12, 0.2〉}
ρB = {〈3, 0.3〉, 〈10, 0.2〉, 〈18, 0.5〉}
ρC = {〈0, 0.2〉, 〈5, 0.8〉}

The values of environment variable x has probability distribution as follow

ρx = {〈2, 0.5〉, 〈6, 0.3〉, 〈7, 0.2〉}

The x > 5 is firstly evaluated and yields

ρx(t) = {〈6, 0.3〉, 〈7, 0.2〉} → Pc(t) = 0.5

ρx(f) = {〈2, 0.5〉} → Pc(t) = 0.5

They are then both normalized by 0.5 and become

ρ′x(t) = {〈6, 0.6〉, 〈7, 0.4〉}

ρ′x(f) = {〈2, 1.0〉}

For then clause, the condition x%2 = 1 is evaluated by using ρ′x(t) and yields

ρ′′′x (t) = {〈6, 0.6〉} → Pc(t) = 0.6

ρ′′′x (f) = {〈7, 0.4〉} → Pc(f) = 0.4

Applying the calculation method of conditional statement, the output of the
condition x%2 = 1 is
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ρ′Q(t) = {〈3, 0.12〉, 〈5, 0.12〉, 〈8, 0.36〉, 〈10, 0.08〉, 〈12, 0.12〉, 〈18, 0.20〉}

ρ′x(t) = {〈6, 0.6〉, 〈7, 0.4〉}.

The calculations are shown in Table B.10 and Table B.11.

For else clause, the loop is executed by using ρ′x(f) and yields

ρ′Q(f) = {〈0, 0.04〉, 〈5, 0.32〉, 〈10, 0.64〉}

ρ′x(f) = {〈0, 1.0〉}.

The calculation is shown in Table B.12.

The output of both cases of condition x > 5 are weighted by 0.5 and merged.
Finally, the output of the composition is

ρQ = {〈0, 0.02〉, 〈3, 0.06〉, 〈5, 0.22〉, 〈8, 0.18〉, 〈10, 0.36〉, 〈12, 0.06〉, 〈18, 0.10〉}

ρx = {〈0, 0.5〉, 〈6, 0.3〉, 〈7, 0.2〉}

〈vi, pi〉 ∈ ρA Pc(t) vi vi × Pc(t)
〈5, 0.2〉 0.6 5 0.12
〈8, 0.6〉 0.6 8 0.36
〈12, 0.2〉 0.6 12 0.12

Table B.10: QoS Calculation of Combination Pattern, Then Clause of Condition
x%2 = 1

〈vi, pi〉 ∈ ρB Pc(f) vi vi × Pc(f)
〈3, 0.3〉 0.4 3 0.12
〈10, 0.2〉 0.4 10 0.08
〈18, 0.5〉 0.4 18 0.20

Table B.11: QoS Calculation of Combination Pattern, Else Clause of Condition
x%2 = 1
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〈vi, pi〉 ∈ ρC 〈vi, pi〉 ∈ ρC vi + vi pi × pi P (L2) p′i
〈0, 0.2〉 〈0, 0.2〉 0 0.04 1.0 0.04
〈0, 0.2〉 〈5, 0.8〉 5 0.16 1.0 0.16
〈5, 0.8〉 〈0, 0.2〉 5 0.16 1.0 0.16
〈5, 0.8〉 〈5, 0.8〉 10 0.64 1.0 0.64

Table B.12: QoS Calculation of Combination Pattern, Else Clause of Condition x > 5
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Analysis of Probability Distribution of
QoS

Appendix C provides more details of the analysis of the probability distribution of
QoS. It includes the method which is used to analyze the outcome of the predic-
tion. The analysis turns the prediction result into the descriptive and significant
information which can explain the behavior of the system.

The probability distribution of QoS of compositions derived from the calcu-
lation method only describes the overall behavior of the system. It depicts how
likely the system will give the QoS in the overall range and at the specific points.
In order to look into more detail of the prediction, the Cumulative Probability
graph must be constructed. The slope of the cumulative probability graph can
tell the trend of the probability over the QoS range. Moreover, the cumulative
probability data can be used to answer the question regarding desired QoS. Table
C.1 shows the cumulative probability derived from Table A.3. Figure C.1 shows
the graphs of probability distribution along with its corresponding cumulative
probability.

As shown in Table I, the cumulative probability can tell the probability that
the system will have the QoS of the specific values and range. The following
example explains the calculation used to obtain the this information from the
cumulative probability using the data from Table C.1.

39
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k vk pk cpk
1 1 0.10 0.10
2 4 0.35 0.45
3 6 0.20 0.65
4 10 0.25 0.90
5 15 0.10 1.00

Table C.1: Probability Distribution Table of Service A With Cumulative Distribution

Figure C.1: Probability Distribution with The Cumulative Graph
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C.1. Example. The probability that the program will have the QoS less than 6
(P < v3) can be found by

k−1∑

i=0

pi

Substituting k with 3 (v3 = 6), the probability P is calculated by

P = v1 + v2

= 0.10 + 0.35

= 0.45

(C.1)

Figure C.2 shows the area under the cumulative curve representing this prob-
ability.

Figure C.2: Probability of P < v3
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C.2. Example. The probability that the program will have the QoS less than or
equal to 6 (P ≤ v3) can be found by

k∑

i=0

pi

Substituting k with 3 (v3 = 6), the probability P is calculated by

P = v1 + v2 + v3

= 0.10 + 0.35 + 0.20

= 0.65

(C.2)

Figure C.3 shows the area under the cumulative curve representing this prob-
ability.

Figure C.3: Probability of P ≤ v3
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C.3. Example. The probability that the program will have the QoS greater than
6 (P > v3) can be found by

1−
k∑

i=0

pi

Substituting k with 3 (v3 = 6), the probability P is calculated by

P = 1− (v1 + v2 + v3)

= 1− (0.10 + 0.35 + 0.20)

= 0.35

(C.3)

Figure C.4 shows the area under the cumulative curve representing this prob-
ability.

Figure C.4: Probability of P > v3
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C.4. Example. The probability that the program will have the QoS greater than
or equal to 6 (P ≥ v3) can be found by

1−
k−1∑

i=0

pi

Substituting k with 3 (v3 = 6), the probability P is calculated by

P = 1− (v1 + v2)

= 1− (0.10 + 0.35)

= 0.55

(C.4)

Figure C.5 shows the area under the cumulative curve representing this prob-
ability.

Figure C.5: Probability of P ≥ v3
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C.5. Example. The probability that the program will have the QoS greater than
4 and less than 10 (v2 < P < v4) can be found by

k2−1∑

i=0

pi −
k1∑

i=0

pi

Substituting k1 with 2 (v2 = 4) and k2 with 4 (v4 = 10), the probability P is
calculated by

P = (v1 + v2 + v3)− (v1 + v2)

= (0.10 + 0.35 + 0.20)− (0.10 + 0.35)

= 0.20

(C.5)

Figure C.6 shows the area under the cumulative curve representing this prob-
ability.

Figure C.6: Probability of v2 < P < v4
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C.6. Example. The probability that the program will have the QoS greater than
4 and less than or equal to 10 (v1 < P ≤ v4) can be found by

k2∑

i=0

pi −
k1∑

i=0

pi

Substituting k1 with 2 (v2 = 4) and k2 with 4 (v4 = 10), the probability P is
calculated by

P = (v1 + v2 + v3 + v4)− (v1 + v2)

= (0.10 + 0.35 + 0.20 + 0.25)− (0.10 + 0.35)

= 0.45

(C.6)

Figure C.7 shows the area under the cumulative curve representing this prob-
ability.

Figure C.7: Probability of v2 < P ≤ v4
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C.7. Example. The probability that the program will have the QoS greater than
or equal to 4 and less than 10 (v1 ≤ P < v4) can be found by

k2−1∑

i=0

pi −
k1−1∑

i=0

pi

Substituting k1 with 2 (v2 = 4) and k2 with 4 (v4 = 10), the probability P is
calculated by

P = (v1 + v2 + v3)− (v1)

= (0.10 + 0.35 + 0.20)− (0.10)

= 0.55

(C.7)

Figure C.8 shows the area under the cumulative curve representing this prob-
ability.

Figure C.8: Probability of v2 ≤ P < v4
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C.8. Example. The probability that the program will have the QoS greater than
or equal to 4 and less than or equal to 10 (v1 ≤ P ≤ v4) can be found by

k2∑

i=0

pi −
k1−1∑

i=0

pi

Substituting k1 with 2 (v2 = 4) and k2 with 4 (v4 = 10), the probability P is
calculated by

P = (v1 + v2 + v3 + v4)− (v1)

= (0.10 + 0.35 + 0.20 + 0.25)− (0.10)

= 0.80

(C.8)

Figure C.9 shows the area under the cumulative curve representing this prob-
ability.

Figure C.9: Probability of v2 ≤ P ≤ v4
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Analyzer Implementation

Appendix D looks inside the detail of the implementation of the analyzer tool.
This section explains the composition of the program, the algorithm used, the
data structure, and all techniques used for the implementation.

The analyzer is implemented by using Prolog [4]. Prolog is a very powerful
logic programming. Logic Programming is the programming language derived
from an abstract model rather than objects, abstractions, organizations, and
hierarchy as used in Object-Oriented Programming [5] languages. Abstract Model
is a set of facts and rules defined in the program in order to make the program
solves the problem by going through all the facts and searching for the possible
answers of the given query. The goal of the development of the logic program is
to construct the concise and elegant program which have the sensible meaning to
solve the specific problem.

Fact is the statement which is always true. Fact in Prolog is defined by

fact(argm1, argm2, ..., argmn).

which means that fact is always true when the correct arguments are provided.
For example, defining the facts

qos(exec time).
qos(cost).

can be read declaratively that ”execution time is a QoS” and ”cost is a QoS”.
The query ?− qos(exec time). and ?− qos(cost). will yield the result yes while the
query with other arguments will yield the result no.

Rule is a conjunctive statement which the goal or head of the rule will be true
only if its body is true. Rules in Prolog is defined by

goal :− body1, body2, ..., bodyn.

The tool processes the data by using List as a main data structure. in Prolog,
List is a basic construct containment of the elements. The first element in the
list is called head and the rest of the elements of the list is called tail. If the list
does not contain any element, it is called an empty list. List can be defined by

[element1, element2, ..., elementn]

49
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or

[Head|Tail]

where Head refers to the first element in the list while Tail refers to the rest of the
list. The empty list is denoted by [].

Lists are powerful data structures when working with recursion. However, the
drawback is that, in Prolog, list is sequentially accessed, which mean it could take
a long time to finish the query if the list is huge. The developers must also be
aware of the memory issue when using the list with a large number of elements.

The analyzer uses list to store the probability distribution of QoS and en-
vironment variable data. The list of the probability distribution is in the form
of

ρx → x = [v0 − po, v1 − p1, ..., vn − pn]

When many services are involved in the analysis, the QoS data of all services
are kept in the same list. In other words, the input and output data of the
analyzer is a list of lists of all QoS of all services or variables relevant to the
program. For example, when the QoS of Service A and Service B are required,
the input data must be

Data→ [A = [v0 − po, v1 − p1, ..., vn − pn], B = [v0 − po, v1 − p1, ..., vn − pn] ]

or
Data→ [ ρA, ρB ]

The tool is composed of the following modules: Input Unit, Language Inter-
preter, Algorithm Evaluator, and Output Unit.

D.1 Input Unit

The Input Unit consists of the predicates which receives the input from the users.
It acts like the interface of the program. The main predicate requires the users to
input all essential information to be analyzed, which are the abstract syntax of the
program, the QoS data of the relevant service, and the probability distribution
of environment variable. The main predicate

analyze(Program, EnvIn, Data):−
Env1 = [’T’=[0−1.0] | EnvIn],
execute(Program, Env1, Env2, Data),
select(’T’ = QoS, Env2, EnvOut),
write data(QoS).

is the predicate to be called to start the analyzer. The first three arguments must
be provided as the input as mentioned. The last argument is the output of the
environment variable after the execution.
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begin
if x > 5 then
call Service A;
call Service B;

else
while x > 0 do
call Service C;
y = y −1;

end

Figure D.1: Combination Pattern

Before the execution, the predicate will add another extra variable ’T’ to the
environment variable list. This variable holds the QoS of the program during the
execution. The variable ’T’ is initialized with [0-1.0] since at the beginning of
the analysis, the QoS starts from 0 with 100% probability and will be adjusted
its values and probability as the analyzing goes on. This means that ’T’ is a
reserve word of this tool - that is the users cannot use ’T’ as an input in the
environment variable list.

The execute statement will call to the further analysis part. The result QoS
will be unified into the variable ’T’ in the list named Env2. It is then selected
as the variable name Time which will be then used to write into the text file for
the further analysis. Finally, the last statement write data is called to write the
prediction result to the specified path.

According to the design of the abstract syntax shown in Table 2, the following
example shows the valid input of the program to be analyzed.

D.1. Example. Given the pseudocode of the program to be analyzed in Figure
D.1 and the following QoS data and environment

ρx = {〈0, 0.3〉, 〈6, 0.4〉, 〈8, 0.4〉}
ρy = {〈1, 0.3〉, 〈2, 0.7〉}
ρA = {〈4, 0.2〉, 〈5, 0.6〉, 〈7, 0.2〉}
ρB = {〈10, 0.4〉, 〈12, 0.6〉}
ρC = {〈3, 0.4〉, 〈6, 0.3〉, 〈15, 0.3〉}

The program and the data can be transformed into the input of the program
as shown in Figure D.2.

D.2 Language Interpreter

The language Interpreter receives the input from the Input Unit. It then inter-
prets to abstract syntax from the input and parses them into statements to be
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analyze(
if(

x > 5,
block([call ’A’, call ’B’]),
while(y > 0,

block([ call ’C’, y = y − 1]))
),
[x = [0−0.3, 6−0.4, 8−0.4], y = [1−0.3, 2−0.7]],
[’A’ = [4−0.2, 5−0.6, 7−0.2], ’B’ = [10−0.4, 12−0.6], ’C’ = [3−0.4, 6−0.3, 15−0.3]]).

Figure D.2: Query to the Analyzer

evaluated. Moreover, the interpreter needs to interpret all the mathematical sign
for the operation and comparison. In order to correctly evaluate the condition
and execute the statement, the interpreter also needs to distinguish between the
integer and variable.

In Prolog, any term which is not a number is called atom. Prolog has the
built-in library the check whether the term is an atom, which is atom(X) where
X is a variable to be checked. Similarly, Prolog can also check whether a term is
an number by calling number(X).

Using these predicates, the interpreter can identify the variables called in the
statement and can assign the values to them correctly by writing the clauses

eval exp(Variable, EnvIn, Value) :−
atom(Variable), !,
member(Variable = Value, EnvIn).

eval exp(Value, , Value) :−
number(Value).

When the expression evaluation is needed, either of these two clauses will be
selected and the variables and values will be properly instantiated.

For the mathematical operation the implementation uses the advantage of
the free syntax. The predicates are written by receiving the variables and the
operator as an argument. Only the clause which has the matched operator will
become true and executed. For example, the clause used to handle the + operator
is

eval exp(X+Y, Env, Val) :− !,
eval exp(X, Env, ValX),
eval exp(Y, Env, ValY),
Val is ValX + ValY.

The result of the operation is unified into the variable Val. The same method
is used for all of the operators like +, -, ×, ÷, %. Table D.1 summarizes the
predicates used to execute the mathematical operators.
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Operator Predicate

+ eval exp(X+Y, Env, Val)

- eval exp(X-Y, Env, Val)

× eval exp(X*Y, Env, Val)

÷ eval exp(X/Y, Env, Val)

% eval exp(X mod Y, Env, Val)

Table D.1: Predicate for Mathematical Operators

Comparator Predicate

= eval exp(X=Y, Env, Val)

6= eval exp(X\=Y, Env, Val)

> eval exp(X>Y, Env, Val)

≥ eval exp(X>=Y, Env, Val)

< eval exp(X<Y, Env, Val)

≤ eval exp(X<=Y, Env, Val)

Table D.2: Predicate for Mathematical Comparators

The mathematical comparison uses the same approach. However, the result
of the comparison is represented with number 1 for true and number 0 for false.
For example, the predicate used to handle = comparison is

eval exp(X = Y, Env, Val) :− !,
eval exp(X, Env, ValX),
eval exp(Y, Env, ValY),
(ValX = ValY −>

Val = 1
;

Val = 0).

The result of the comparison is unified into the variable Val. The same method
is used for all of the comparators like =, 6=, >, ≥, <, and≤. Table D.2 summarizes
the predicates used to execute the mathematical comparators.

To interpret the abstract syntax, the predicates with the free syntax are de-
fined in accordance with the abstract syntax in Table II. Table D.3 summarizes
the predicates used to execute each basic construct. They receive the program in
the first argument, which is then recursively decomposed in its basic constructs.
For each of these constructs, the predicate uses the initial probability distribution
environment EnvIn and the information regarding the expected QoS of the ser-
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Basic Construct Clause Head

Assignment prob(Var = Exp, EnvIn, EnvOut, QoSData, 1.0):- ...

Calling Service prob(call(X), EnvIn, EnvOut, QoSData, 1.0):- ...

Sequential Execution prob(block([Program|Next]), EnvIn, EnvOut, QoSData, Pr):- ...

Conditional Statement prob(if(Condition, Then, Else), EnvIn, EnvOut, QoSData, Pr):- ...

Iteration prob(while(Condition, Do), EnvIn, EnvOut, QoSData, Pr):- ...

Table D.3: Predicate for Abstract Syntax

vice (in the parameter QoSData) to calculate the output distribution environment
(EnvOut) and the probability that that particular (sequence of) statement(s) is
executed. Note that for the assignment and service invocation this probability is
always 1.0. However, branches of conditional statements can have a probability
different from 1.0, and this is propagated to the sequence and loop statements.
The clauses dealing with these constructs return in Pr the probabilities corre-
sponding to these constructions.

After the program is interpret properly, the tool pass the input into the Al-
gorithm Evaluator module.

D.3 Algorithm Evaluator

Algorithm Evaluator obtains the statements to be evaluated from Language In-
terpreter. It applies the calculation method presented in this paper to analyze
and predict the QoS of the given statements.

The body of the predicates defined in Table D.3 is implemented with calcu-
lation method presented in previous section. The evaluator will calculate the
QoS of each incoming statement and adjust the variable ’T’ in the environment
variable list. The variable ’T’ is altered accordingly throughout the evaluation
until the program is ended. The final probability distribution of the variable ’T’
is the predicted QoS of the program.

Additionally, more predicates are defined to handle the normalization and
harmonization for the combination pattern. The evaluator also calculate the
output environment variable after the execution of the program.

D.4 Output Unit

After the prediction is obtained, the output unit will provide the result to the
users. The predicted QoS of the program (’T’ ) is in the form of the list of Prolog
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program. It is then written to the text file in that format. Furthermore, the
predicate

write accumulate data(Path, Dis)

is added to calculate the cumulative probability of ’T’. The cumulative probability
is also written into a text file.

Finally, as this paper tends to use the gnuplot tool [6, 7] to plot the graph for
the analysis, the output is also written to text file in the format which is readable
to be used by gnuplot.
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Experiment

Appendix E explains the experiment in more details. It gives more information
about the implementation of the application implemented to conduct the exper-
iment.

The main objective of the experiment is to test the accuracy of the predic-
tion method. The experiment used to developed tool to run the prediction and
compare the prediction with the result of the execution from the real environ-
ment. Hence, the experiment is divided into two parts, which are the prediction
execution and the real environment execution.

In order to setup the service-oriented system for the real execution, the ser-
vice needs to be implemented and deploy on a service server. A client is then
implemented to connect to the server and calls for its service. This paper chooses
to use Google App Engine [8] as a service provider. Google App Engine is a
service provided by Google which allows users to implement the web applications
and upload them to Google infrastructure. Currently, it supports three runtime
environment which are Java, Python, and Go. Once the application is uploaded,
Google App Engine will give the URL of the application to the uploader. The
URL can be used as a service to the application and can be shared. Moreover,
Google App Engine provides the application owner with the console to monitor
the usage, the performance, and the data storage of the application.

The experiment developed Java servlets [9] and deploy them to Google App
Engine environment. The Java Application is then implemented to call to those
services. It simulates the complex system by calling to those services in different
code structure to test all the basic constructs. The application treats those ser-
vices as servlets and connect to them commonly. In this way, the Java Application
acts like the service-oriented application which calls to the services which it knows
nothing about except the functionality they provide. The QoS of the system is
measured by using the execution time. The client will record the execution time
after receiving the response from the service.

The Java Google App Engine implementation and deployment are described
at

https : //developers.google.com/appengine/docs/java/overview

56
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The results of the experiment are visualized by using gnuplot. Gnuplot is
a free-to-use interactive graphic utility tool. It can be used to plot the graph
and make the visualization of any kind of graph or mathematical function and
model. To support the use of gnuplot, the Java client and Prolog analyzer tool
will produce the prediction and the real execution result into text files which are
readable to gnuplot. The associated graph are plot on the same plane so as to
visualize the accuracy and the error of the prediction.

The following sections described more detail of the implementation and the
result of the experiments conducted in this paper.

E.1 Experiment 1: Matrix Multiplication

This experiment is to test the accuracy of the QoS predict of iteration pattern.
It is based on the matrix multiplication application.

The Java servlet is implemented to provide the service of matrix multipli-
cation. It receives two matrices from the client and multiply them using simple
sequential multiplication algorithm. Even though there are many matrix multipli-
cation algorithms which are proved to be much more efficient than the sequential
algorithm [10], this experiment needs the algorithm which takes the significant
time of the execution for the clear comparison. Therefore, the fast matrix mul-
tiplication algorithm is not the ideal. In addition, this papers suggests to use
the large square matrices for the multiplication like 100 or 200 square matrices
for the same reason. Figure E.1 shows the Java source code implemented in the
servlet providing the matrix multiplication service.

Once the servlet is deployed at Google App Engine, it gives the URL of the
service as follow.

http : //ematrixservice1.appspot.com/matrixservice1

The client application can simply connect to servlet and send two random
generated two 100 square matrices to the servlet and wait for the result. Figure
E.2 shows the Java code which establishes the connection to the service, sends
the input matrices, and wait for the result.

To test the prediction of the iteration pattern, method sendToServlet is called
within a loop for five times. The execution time after the loop finished is recorded.
This loop is repeated for 500 times to get the probability distribution of the real
execution of this iteration. This process is implemented as shown in Figure E.3.

To obtain the probability distribution of QoS of the service (ρS) for the predic-
tion, method sendToServlet is called repeatedly 500 times to record the execution
time. Figure E.4 shows the source code implemented in the client to get the QoS
of the service.

After running the Java source code shown in Figure E.4, the probability dis-
tributions of QoS of the matrix multiplication service are obtained and written
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into text file. Using these text files to plot the data with gnuplot, ρS(ta), ρS(te),
and ρS(tn) are visualized as in Figure E.5, E.6 and E.7 respectively.

Apparently, Figure E.5 and E.7 indicates that the overall execution time of the
service is influenced by the network transmission time as these two distribution
are in the same shape. Moreover, comparing the execution of E.6 and E.7, it
is clear that the network transmission time dominates the performance. This
confirms that, in order to get the accurate result of the prediction, the highly
stable network is crucial.

The program in Figure E.1 is transformed into the abstract syntax to input
to the analyzer tool. The second argument is the probability distribution of QoS
of the service in the list format. The third argument is the environment variable
x which is initialized to 0 to execute the loop. The last argument is the output
environment variable. Figure E.8 shows the command to execute the prediction
of the experiment.

After the execution of the predicate in Figure E.8, the text file containing
the prediction is produced. This is then used to evaluated the efficiency of the
method.

public void multiply(Matrix a, Matrix b)
{
int newrow = a.getRow();
int newcol = b.getCol();

for(int i=0; i<newrow; i++)
{
for(int j=0; j<newcol; j++)
{
int element = 0;

for(int k=0; k<a.getCol(); k++)
{

element += m matrix1[i][k] * m matrix2[k][j];
}

result[i][j] = element;
}
}
}

Figure E.1: Sequential Matrix Multiplication
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E.2 Experiment 2: Sorting

This experiment’s objective is to test the accuracy of the prediction in more
complex source code than the experiment 1. The experiment is conducted based
on sorting algorithm.

This experiment uses the same approach as the experiment 1. The servlets
for Bubble Sort [11] and Quick Sort [11] are developed as services and deployed
in Google App Engine at

http : //ebubblesortservice.appspot.com/bubblesortservice

and

http : //equicksortservice.appspot.com/quicksortservice

respectively.
The client connects to the servlets by the same method used in Figure E.2,

except that the URL must be the URL of the corresponding service.
The pseudo-code in Figure 11 in the paper is implemented in the client as

shown in Figure E.9. It is called 500 times to get the probability distribution of
QoS of the real execution.

The approach shown in Figure E.4 is used to obtain the probability distribu-
tion of QoS of both services. The probability distributions of Qos of the bubble
sort service (ρb(ta), ρb(te), and ρb(tn)) and the quick sort service (ρq(ta), ρq(te),
and ρq(tn)) are plotted on gnuplot as shown in Figure E.10 to Figure E.15 re-
spectively.

Figure E.10 to Figure E.15 gives the same conclusion as in the experiment 1
about the network issue.

The pseudo-code in Figure 11 is transformed into the abstract syntax of the
analyzer tool. Figure E.16 shows the predicate executed by the tool to start the
prediction of this experiment.
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private static ArrayList sendToServlet(Matrix matrix1, Matrix matrix2)
{

m list.clear();
m list.add(matrix1);
m list.add(matrix2);

try
{

URL url = new URL(”http://ematrixservice1.appspot.com/matrixservice1”);
URLConnection conn = url.openConnection();

ObjectOutputStream out = new ObjectOutputStream(conn.getOutputStream());
out.writeObject(m list);
out.flush();
out.close();

ObjectInputStream in = new ObjectInputStream(conn.getInputStream());
ArrayList result = (ArrayList) in.readObject();
in.close();

}
catch(IOException e)
{

e.printStackTrace();
return null;
}
catch(ClassNotFoundException e)
{

e.printStackTrace();
return null;
}
}

Figure E.2: Sending Matrices to the Service
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public static void testMultiply()
{
for(int i=0; i<500; i++)
{
for(int t=0; t<5; t++)
{

ArrayList result = sendToServlet(col);
Matrix m = (Matrix) result.get(0);
}
}
}

Figure E.3: Getting Probability Distribution of the Real Execution

public static void testMultiply()
{
for(int i=0; i<500; i++)
{

ArrayList result = sendToServlet(col);
Matrix m = (Matrix) result.get(0);
}
}
}

Figure E.4: Getting Probability Distribution of QoS of the Service

Figure E.5: ρS(ta) of Matrix Multiplication Service
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Figure E.6: ρS(te) of Matrix Multiplication Service

Figure E.7: ρS(tn) of Matrix Multiplication Service

analyze(while(x<5, block([call(a), x = x+1])), ρS Data, [x = [0−1.0]]).

Figure E.8: Analyzer Tool Execution
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private static void testSort()
{
for(int i=0; i<500; i++)
{

ArrayList<int[]> alllist = new ArrayList<int[]>();

for(int l=0; l<10; l++)
{
int[] list = buildList();
alllist.add(list);
}

Random r = new Random();
int num = r.nextInt(10);
int mode = 0;

// probability of mode [1−0.2,2−0.3,3−0.5]
if(num < 2)
{

mode = 1; //bubblesort
}
else if(num >= 2 && num < 5)
{

mode = 2; //mix sort
}
else if(num >= 5 && num < 10)
{

mode = 3; // quick sort
}

long start = System.currentTimeMillis();
BigDecimal totalex = new BigDecimal(”0”);
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if(mode == 1) // mode 1, bubblesort
{
for(int s=0; s<10; s++)
{

ArrayList result = sendToServlet(alllist.get(s), URL BUBBLESORT);
BigDecimal time = (BigDecimal) result.get(1);
totalex = totalex.add(time);
}
}
else
{
if(mode == 2) // mode 2, mix sort
{
for(int s=0; s<5; s++)
{

ArrayList result = sendToServlet(alllist.get(s), URL BUBBLESORT);
BigDecimal time = (BigDecimal) result.get(1);
totalex = totalex.add(time);
}

for(int s=5; s<10; s++)
{

ArrayList result = sendToServlet(alllist.get(s), URL QUICKSORT);
BigDecimal time = (BigDecimal) result.get(1);
totalex = totalex.add(time);
}
}
else // mode 3, quicksort
{
for(int s=0; s<10; s++)
{

ArrayList result = sendToServlet(alllist.get(s), URL QUICKSORT);
BigDecimal time = (BigDecimal) result.get(1);
totalex = totalex.add(time);
}
}
}
}
}

Figure E.9: Getting Probability Distribution of the Real Execution
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Figure E.10: ρb(ta) of Bubble Sort Service

Figure E.11: ρb(te) of Bubble Sort Service
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Figure E.12: ρb(tn) of Bubble Sort Service

Figure E.13: ρq(ta) of Quick Sort Service
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Figure E.14: ρq(te) of Quick Sort Service

Figure E.15: ρq(tn) of Quick Sort Service
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analyze(
if(x = 1,

while(s1 < 10, block([call(a), s1 = s1 + 1])),
if(x=2,

block([while(s2 < 5, block([call(a), s2 = s2 + 1])),
while(s3 < 5, block([call(b), s3 = s3 + 1]))]),

while(s4 < 10, block([call(b), s4 = s4 + 1]))
)

),
ρb and ρq Data,
[[x = [1−0.2,2−0.3,3−0.5], s1 = [0−1.0], s2 = [0−1.0], s3 = [0−1.0], s4=[0−1.0]]]).

Figure E.16: Analyzer Tool Execution
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Discussion

Appendix F discusses validities and suggests some future work.

Though the approach presented in this thesis is proved to have very high accu-
racy in predictions of probability distribution of QoS, there are some limitations
that can cause a declination of the accuracy in the prediction.

The Probability Multiplication Rule discussed in Section IV is based on an
assumption that two events occured in a sequence do not depend or affect each
other. The method presented here is similarly based on this assumption. However,
as an implementation of each service to be used is mostly invisible and inaccessible
to service consumers, service consumers cannot conclude that they are always
independent. If any two or more services are dependent, using this rule is not
a valid approach and consequently decrease the accuracy of the prediction. In
order to encounter this problem, Probability Multiplication Rule when two events
are dependent should be used instead, which is

P (A,B) = P (A)× P (B|A)

where P (B|A) is a probability that event B occurs given that event A is already
occured [1]. The future could consider the dependency between services and re-
place the method with this rule to improve the accuracy.

Another problem that can cause an invalidity to the prediction is associations
between program variables. Consider source code in Figure F.1 with the following
probability distributions of variables

ρx = {〈0, 0.2〉, 〈6, 0.4〉, 〈9, 0.4〉}
ρy = {〈1, 0.2〉, 〈7, 0.4〉, 〈8, 0.4〉}

After evaluating the condition x > y, the following environment is obtained.

ρx(t) = {〈6, 0.08〉, 〈9, 0.40〉}
ρy(t) = {〈1, 0.16〉, 〈7, 0.16〉, 〈8, 0.16〉}

69
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if( x > y )
{
if( x + y = 13 )
{

call( a );
}
else
{

call( b );
}
}
else
{

call( c );
}

Figure F.1: Code With Variables Association

ρx(f) = {〈1, 0.20〉, 〈6, 0.32〉}
ρy(f) = {〈1, 0.04〉, 〈7, 0.20〉, 〈8, 0.24〉}

To evaluate the condition x + y = 13, ρx(t) and ρy(t) are used. Given ρx(t)
and ρy(t) as shown above, this condition is true only when x = 6 and y = 7 and
call (a) will be executed. Unfortunately, x = 6 and y = 7 does not satisfy the
first condition (x > y). This means that in the real execution of this program, the
condition x+ y = 13 will never been true and call( a ) will never been executed.
This also leads to the inaccuracy of the prediction. The problem can be solved
by introducing a data structure which keep the association between variables and
evaluate conditions based on the conditions appeared before.

As for the experiment, the experiments conducted in this paper use the ser-
vices created by author in order to cater the convenience of time recording .
Hence, the implementation is accessible even though it is deployed as Google App
Engine and treated as inaccessible external services. To make things more in-
teresting and realistic, the future work or experiment could consider using real
existing external services available on the internet which are completely blackbox.
The prediction will be more reliable when services are unknown except for their
functionalities.
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