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Abstract—User satisfaction as a significant antecedent to user loyalty has been highlighted by many researchers in market based

literatures. SLA violation as an important factor can decrease users’ satisfaction level. The amount of this decrease depends on user’s

characteristics. Some of these characteristics are related to QoS requirements and announced to service provider through SLAs. But

some of them are unknown for service provider and selfish users are not interested to reveal them truly. Most the works in literature

ignore considering such characteristics and treat users just based on SLA parameters. So, two users with different characteristics but

similar SLAs have equal importance for the service provider. In this paper, we use two user’s hidden characteristics, named willingness

to pay for service and willingness to pay for certainty, to present a new proactive resource allocation approach with aim of decreasing

impact of SLA violations. New methods based on learning automaton for estimation of these characteristics are provided as well. To

validate our approach we conducted some numerical simulations in critical situations. The results confirm that our approach has ability

to improve users’ satisfaction level that cause to gain in profitability.

Index Terms—Users satisfaction level, cloud service, resource allocation, willingness to pay, learning automaton
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1 INTRODUCTION

USER satisfaction as a significant antecedent to user loy-
alty in market based environments has been

highlighted by many researchers [9]. Since in commercial
environments such as cloud [8], users pay for service usages
so their loyalty has direct effect on profitability. Gaining sat-
isfaction from users depends on different parameters. Some
parameters are server side, e.g., QoS parameters, but some
other depends on user’s characteristics and differs from one
user to another, e.g., risk aversion. SLA violation as an
important factor can make users malcontent and decrease
their satisfaction level. Amount of the decrease depends on
the mentioned characteristics. Some of these characteristics
are unknown for service providers and selfish users are not
interested to reveal them truly. Most the works in literature
[9], [22], [32] ignore considering such characteristics and
treat users just based on their SLA parameters. So, two users
with different characteristics but similar SLAs have equal
importance for a service provider.

In this paper, we present a new approach to reduce
impact of SLA violations on users’ satisfaction level, but not
by decreasing number of SLA violations as must the works
in literature do. Instead we try to use characteristics of users

to decrease impact of SLA violation on users’ satisfaction
level (USL) (Throughout this paper SLA violationmeans dis-
carding user’s request or not serving it before its deadline).
We investigate the mentioned approach in a resource alloca-
tion scenario. We use two characteristics, called willingness
to pay for service (WTP) andwillingness to pay for certainty,
to present a newproactive resource allocation approach. Val-
ues of these characteristics are unknown for service provider.

To illustrate applicability of our approach, we provided
some numerical simulations in critical situations. Critical
situation means a condition in which a service provider has
faced with unforeseen lack of resources and SLA-violation
for some users is inevitable. For example, step 5 in Fig. 1 has
failed and there are no adequate resources to serve all the
accepted queued requests. Service provider has two
options: discarding the queued requests or forcing some
existing VMs to release their resources. In latter case, service
provider can allocate the released resources to the signifi-
cant queued requests. Both cases would cause SLA viola-
tions, but the users who suffer from violations are different.
Since users have different characteristics so users’ satisfac-
tion level under the two mentioned options will be differ-
ent. Our approach presents a method to decide which VMs
should be enforced to release their resources.

The remaining of this paper is organized as follows:
some related work is reviewed in Section 2. Section 3 intro-
duces some preliminary concepts. In Section 4, user discrim-
ination measures are introduced. Section 5 contains system
description and representation of resource allocation prob-
lem in form of pairing process. In the following, mapping of
pairing process to pairing game is provided and outcome of
pairing process is analyzed using game theoretic concepts.
Numerical results are provided in Section 6 and we con-
clude paper in Section 7.

� H. Morshedlou is with the Department of Computer Engineering and
Information Science, AmirKabir University of Technology, Tehran, Iran.
E-mail: morshedlou@ aut.ac.ir.

� M.R. Meybodi is with the Department of Computer Engineering and
Information Technology, AmirKabir University of Technology, Tehran,
Iran. E-mail: mmeybodi@aut.ac.ir.

Manuscript received 14 Sept. 2013; revised 11 Jan. 2014; accepted 21 Jan.
2014. Date of publication 6 Feb. 2014; date of current version 30 July 2014.
Recommended for acceptance by I. Bojanova, R.C.H. Hua, O. Rana, and
M. Parashar.
For information on obtaining reprints of this article, please send e-mail to:
reprints@ieee.org, and reference the Digital Object Identifier below.
Digital Object Identifier no. 10.1109/TCC.2014.2305151

156 IEEE TRANSACTIONS ON CLOUD COMPUTING, VOL. 2, NO. 2, APRIL-JUNE 2014

2168-7161� 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



2 RELATED WORK

Many attempts [8], [10], [11], [16], [22], [29], [31], [32] have
been done in looking for approaches and policies for
resource allocations on dynamic resources such as clouds.
Most the works in literature employ SLA and QoS con-
straints for resource allocation and ignore considering
user’s characteristics. Profitability as objective function
plays an important role in decision making while user satis-
faction as a measure, with indirect effect on profitability,
has not received enough attention. In following we provide
a fast review on some related works in SLA-based resource
provisioning and allocation and user satisfaction subjects.

Villegas et al. [31] focus on a system model where all
resources are provided from IaaS clouds previously.
Although our approach has ability to be employed by sys-
tems with dynamic resource provisioning, but its efficiency
will be more evident when facing with lack of resource in
previously provided resources. Mao et al. [23] present an
approach for autonomic provisioning to users with dead-
lines. With having selfish agents in autonomic approaches,
we expect these agents try to improve satisfaction level of
their associated users. However this approach doesn’t
include user’s hidden characteristics in decision making of
autonomous agents. Song et al. [30] and [33] presents multi-
level scheduling methods to handle resources based on
SLAs. Both these works act just based on SLA parameters.
Wu et al. [32] suggests resource allocation algorithms for
cloud providers who want to reduce cost and SLA viola-
tions. Design of the proposed algorithms in [32] makes
cloud providers capable to handle the dynamic change of
users, mapping requests to resource level parameters and
managing diversity of VMs. It also considers the users’ QoS
parameters and resource level parameters such as service
start time. In service oriented environments there are sev-
eral works for addressing the dynamic and negotiable SLAs
[12]. Offering negotiable SLA during offering a service can
be useful especially when provider faces with critical situa-
tion. Through negotiation for lower QoS, provider can

decrease effect of resource leakage. However, due to com-
plexity of negotiable SLAs, none of the commercial IaaS pro-
viders in real world is offering this type of SLAs. What real
world providers usually offer is an SLA contract that speci-
fies simple parameters like as network availability or dead-
lines. So handling critical situations through negotiation is
somewhat complicated. Our proposed approach tries to
decrease impact of SLA violation through a user discrimina-
tion approach and avoid entering to complex procedure of
negotiation.

From marketing viewpoint in service industries, there
are some works [7], [19], [20], [24] in literatures that consider
relation among service quality, customer satisfaction, cus-
tomer loyalty and repurchasing intentions. For example,
[24] present a conceptual model for relating customer satis-
faction and repurchase behavior. The model is based on the
premise that satisfaction ratings observed in a typical sur-
vey are error-prone measures of the customer’s true satis-
faction and they may vary on the basis of customer
characteristics. Bolton [7] develops a dynamic model of the
duration of provider-customer relation that focuses on the
role of customer satisfaction. This model helps provider to
identify specific actions that can increase retention and prof-
itability in the long run. Keaveney [19] conducted an experi-
mental study on customer switching behavior in service
industries. It shows that customer switching behavior dam-
ages market share and profitability of service firms. Lam
et al. [20] discusses about relationships among customer sat-
isfaction, loyalty and customer switching. Reported results
in marketing literatures state that customer satisfaction
directly influence on profitability of a firm in long term.

3 PRELIMINARY CONCEPTS

In this section we offer a brief introduction for users’ satis-
faction level and willingness to pay for service. For concepts
of risk aversion and willingness to pay for certainity we
refer reader to [36].

3.1 Learning Automaton

A learning automaton is an adaptive decision-making unit
[25], [26] located in a stochastic environment that learns the
optimal action through repeated interactions with environ-
ment. The action selection is based on a specific probability
distribution which is updated according to environment
response the automaton receives by employing a particular
action. Learning automata and its extensions [4], [5], [6]
have wide range of applications in various domains such as
particle swarm optimization (PSO) [18], [34], wireless sensor
networks [13], [14], cellular mobile networks [3], stochastic
graphs [1] and, etc.

3.1.1 Finite Action-Set Learning Automaton (FALA)

FALA is type of variable LA that its action-set is always con-
sidered to be finite. This type of LA has been studied exten-
sively in many applications. Let aiðkÞ 2 aðkÞ denotes the
selected action by learning automaton based on the proba-
bility distribution pðkÞ defined over the action set at instant
k. Let a and b be learning rates which are associated with
reward and penalty parameters. r denotes the number of
actions that can be taken. If the selected action aiðkÞ receive

Fig. 1. Cloud service provider procedure.
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reward then the probability vector pðkÞ is updated using (1).
In case of receiving penalty, (2) is used instead of (1):

piðnþ 1Þ ¼ piðnÞ þ a½1� piðnÞ� i ¼ j
ð1� aÞpiðnÞ 8i; i 6¼ j

�
(1)

piðnþ 1Þ ¼ ð1� bÞpiðnÞ i ¼ j
b

r�1

� �þ ð1� bÞpiðnÞ 8i; i 6¼ j:

�
(2)

The learning algorithm will be called linear reward-
penalty or LR�P if ða ¼ bÞ. In case of a � b, we call it the
learning reward-" penalty or LR�"P and finally if ðb ¼ 0Þ
they are called linear reward-Inaction algorithms ðLR�IÞ.

3.2 Users’ Satisfaction Level

We define users’ satisfaction level based on expected value
of user’s utility as in (3):

USLðtÞ ¼
P

i2Users uiðwiðtÞÞ
number of users

: (3)

A utility function, u(w), measures the value or utility that
an user attaches to the monetary amount w. note that the
service provider is not aware of user’s utility function.
Throughout this paper we assume that all users have almost
same preliminary amount of wealth w but different utility
functions. wiðtÞ in (3) shows the user i’s profit by using the
service at iteration t. wiðtÞ depends on different parameters
such as price of service, whether the user has faced SLA vio-
lation or not and etc. Equation (4) shows a possible way for
computation of wiðtÞ. request 2 f0; 1g presents the existence
of request from user i in iteration t. violation 2 f0; 1g shows
that user i has faced with SLA violation (violation ¼ 1) in
iteration t or not (violation ¼ 0):

wiðtÞ ¼ request� ðWTPi � ð1� violationÞ
�priceðtÞ þ Penalty� violationÞ þ w0:

(4)

We also assume that each utility functions satisfy the
conditions u0ðwÞ > 0 and u00ðwÞ < 0. The former condition
states that a user prefers more money or wealth to less. This
assumption seems perfectly rational. The latter states that as
the user’s wealth increases, he/she places less value on a
fixed increase in wealth.

3.3 Willingness to Pay for Service

Willingness to pay for service illustrate the value of service
for a user. In other words, WTP is maximum monetary
amount that user is actuallywilling to pay for service. Higher
WTP means higher importance of service and it can be used
as a decision measure among users. Since a user with higher
WTP has potential to pay more for services, so his/her satis-
faction would cause higher profitability for service provider.
For two users A, B with WTPA > WTPB, a changes in price
at a particular level has less influence on A’s request rate
than B’s. Assigning higher priority to the users with higher
WTPwill improve service provider’s income.

4 USER DISCRIMINATION MEASURES

The service provider needs two parameters to specify users’
importance, penalty and WTP. Penalty is determined in

SLA and can be used as a representative measure for will-
ingness to pay for certainty. Since an individual’s decision
about amount of penalty is not deterministic process [17]
and for similar requests at different times user may propose
different penalties, so instead of penalty parameter of a
request, we use a long term measure. Section 4.1 describes
how this long term measure can be extracted from penalty
values of user’s requests. The second parameter, WTP [15],
is unknown for service provider. A selfish user doesn’t like
to release it truly. So service provider should estimate it
using user’s reactions to different prices. We present a new
method in Section 4.2 for estimation of this parameter.

4.1 Long Term Measure of Penalty

We use a learning automaton to learn the long term mea-
sure for user. Probability vector of this learning automaton
is kept as part of user profile. We assume that all penalty
values are from a discrete and finite set L whereas each
member of L has an acceptable value for service provider.
Learning automaton has an action associated with each
value in L. When service provider handles user’s request,
loads probability vector of learning automaton from user’s
profile and using it, chooses an action. Service provider pro-
poses associated value of the selected action as penalty to
user. If user accept this value then learning automaton
rewards the selected action else punishes it. If user rejects
the service provider’s proposal then he/she can propose
another value from L as penalty. Learning automaton
rewards the associated action of the user’s proposed value.
When a user accepts a penalty proposal or proposes a pen-
alty value, he/she should pay a ¼ IðPenaltyÞ as well as ser-
vice price to service provider. Function I is a strictly
increasing function and can be defined based on premium
calculation concepts in insurance field [36]. We define the
long term measure ðMLT Þ using probability vector of learn-
ing automaton as (5):

MLT ¼
Xnum of actions

i¼1

pi � associated valueðactionðiÞÞ: (5)

Service provider uses value of MLT to establish impor-
tance of a user, but when fails to meet SLA, Penalty value of
request must be paid to compensate user’s loss.

4.1.1 Penalty Value: A Useful Measure

MLT is approximately the expected value of penalties which
user has proposed or accepted. Higher MLT means user has
requested higher penalties in long term so he/she has paid
more for certainty (recall user pays a ¼ IðPenaltyÞ in addi-
tion to service price). We know from insurance concepts
[19] that more payments for certainty means more risk aver-
sion. So MLT can be used for ranking users based on their
risk aversion and this ranking is similar to ranking based on
user’s willingness to pay for certainty. Since we aim to
improve USL so according to Proposition 1, MLT is a useful
measure to lead us to achieve our aim.

Proposition 1. consider n similar users but with different level of
risk aversion. When a service provider can serve just m users
ðm<nÞ using its available resources, choosing m users who
are more risk averse results in maximum possible USL.
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In following we present a verification for the above prop-
osition for n ¼ 2 and m ¼ 1. This verification can be
extended for any values of n;m.

Consider two users (user1 and user2) who benefit from a
cloud service. Service utility for user i ði ¼ 1; 2Þ is shown by
uiðw0Þ. Consider a situation where service provider faces
resource leakage and available resources are enough just to
serve one of the users. The user whose request is ignored by
service provider, loses X and his utility decreases to
uiðw0 �XÞ. Assume that user1 is more risk averse than
user2. If serving both users has equal profit, ignoring which
user is a better choice?

We know a risk averse individual is indifferent between
certain condition ðw0 � EX � riÞ and risky condition
ðw0 �XÞ [36]. This means (6):

uiðw0 � EX � riÞ ¼ Eðuiðw0 �XÞÞi ¼ 1; 2: (6)

For a risk neutral individual ri is equal to zero, but for a
risk averse one ri is greater than zero. ðEX þ riÞ is willing-
ness to pay for certainty. From (6) we have (7):

w0 � EX ¼ u�1
i ðEðuiðw0 �XÞÞÞ þ rii ¼ 1; 2: (7)

Equation (8) and (9) can be concluded using (7):

u�1
1 ðEðu1ðw0 �XÞÞÞ þ r1 ¼ u�1

2 ðEðu2ðw0 �XÞÞÞ þ r2; (8)

r1 � r2 ¼ u�1
2 ðEðu2ðw0 �XÞÞÞ � u�1

1 ðEðu1ðw0 �XÞÞÞ: (9)

Risk aversion of user i ðRAiÞ can be estimated using its
utility function [36]. Since user1 is more risk averse than
user2 we have (10):

u001ðwÞ
u0
1ðwÞ

� u00
2ðwÞ

u02ðwÞ
¼ u00

1ðwÞu02ðwÞ � u00
2ðwÞu0

1ðwÞ
u0
1ðwÞu0

2ðwÞ
< 0: (10)

Equation (11) is a straight forward statement:

Z
u001ðwÞu0

2ðwÞ � u00
2ðwÞu0

1ðwÞ
u0
1ðwÞu02ðwÞ

dw ¼ log
u0
1ðwÞ

u0
2ðwÞ

þ c: (11)

According to (10), RHS of (11) is decreasing. This means
that u0

1ðwÞ=u02ðwÞ is decreasing as well. So (12) can be con-
cluded:

d

dw

u0
1ðwÞ

u0
2ðwÞ

< 0: (12)

Moreover because u0iðwÞ > 0 (for i ¼ 1; 2) we have (13):

u0
1ðwÞ

u0
2ðwÞ

> 0: (13)

Let z ¼ u2ðwÞ. Using this notation u0
1ðwÞ=u02ðwÞ can be

rewritten as u0
1ðu�1

2 ðzÞÞ=u02ðu�1
2 ðzÞÞ. We have also (14):

Z
u01

�
u�1
2 ðzÞ�

u02
�
u�1
2 ðzÞ�dz ¼ u1

�
u�1
2 ðzÞ�þ c: (14)

First derivative of u1ðu�1
2 ðzÞÞ is positive according to (13)

and since dz=dw > 0 then u0
1ðu�1

2 ðzÞÞ=u02ðu�1
2 ðzÞÞ is decreas-

ing according to (12). So u1ðu�1
2 ðzÞÞ is a concave function

and by Jensen’s inequality, we have (15):

E
�
u1ðu�1

2 ðzÞÞ� � u1

�
u�1
2 ðEðzÞÞ�: (15)

Now if we put z0 ¼ u2ðw0 �XÞ or w0 �X ¼ u�1
2 ðz0Þ then

substituting this to (8) results in (16):

r1 � r2 ¼ u�1
2 ðEðz0ÞÞ � u�1

1

�
Eðu1

�
u�1
2 ðz0ÞÞ

��
: (16)

Since u0
1 > 0 then by (15) we have (17):

u�1
2 ðEðz0ÞÞ � u�1

1

�
E
�
u1

�
u�1
2 ðz0Þ

��� ) r1 � r2: (17)

Now assume that service provider tries to preserve
USL equal to ðu1ðw0Þ þ u2ðw0ÞÞ=2. If user2 is ignored then
service provider should pay ðEX þ r2Þto compensate
user2’s loss to attain the mentioned USL while by ignor-
ing user1, these increases toðEX þ r1Þ. So a rational ser-
vice provider ignores user2.

4.2 Estimation of WTP and Demand Function

Decision making about purchasing a product is not a deter-
ministic process and probability of purchasing depends on
different parameters like as price, income and, etc. This
probability is close to 1 if price is too much smaller than
WTP of a user. When price approaches to WTP, this proba-
bility decreases and for prices greater than WTP,
approaches to zero. It seems that probability of purchasing
decrease drastically around WTP and price sensitivity of a
user reaches maximal value. For example, Fig. 2 shows a
probability function that is proper for describing user
behavior in different prices.

Fig. 2. Probability/Price decision model: This diagrams shows probability of purchasing a service in a particular price.
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In this section using this fact we present a new method
to estimate WTP of a user. In economic, concept of price-
elasticity of demand ðepÞ is used to represent price sensi-
tivity of a user. Definition of ep is as (18):

ep ¼ dQ=Q

dp=p
¼ p

Q
� dQ

dp
: (18)

Having demand curve ðQ ¼ DðpÞÞ, we can rewrite (18) as
(19):

ep ¼ p

DðpÞ �
dDðpÞ
dp

: (19)

Since ep represent price sensitivity of a user and around
WTP price sensitivity reaches its maximum, so it seems that
maximum absolute value of ep is a good estimation for
WTP. So we use (20) to estimate WTP:

WTP 	 max
p

p

DðpÞ �
dDðpÞ
dp

����
����

� �
: (20)

To estimate demand function, service provider estab-
lishes the request rate of each user at a given price. Having
(price, request_rate) pairs, demand curve can be easily esti-
mated by fitting a curve to the pairs.

5 SYSTEM DESCRIPTION

Cloud system architecture for supporting our resource allo-
cation approach is shown in Fig. 3. There are some users
with different request rates. We assume that maximum
request rate of a user will be one request per iteration. In an
iterative procedure, service provider charges users with a
variable but equal price for all requests. Each user submits
his/her request to a queue. Each request has a deadline time
and we assume that all requests are similar. In our system,
service provider serves the requests in parallel mode

(process n requests per iteration from the queue) and in non-
critical situation, service provider has enough time to serve
all the requests before their deadlines. While this is not the
case for critical situations and service provider has to ignore
some requests. Having removed a request from the queue, it
is assigned to a user broker (UB). Total of n new virtual
machines with different level of reliabilities are instantiated
and each one is assigned to a VM broker (VB). All VMs are
similar in properties except reliability level. When service
provider faces risk of resource leakage or its resource provi-
sioning policy fails, different level of reliability can be used
as a measure to show which VMs are better candidates to
release their resources. Releasing resources of these VMs
makes it possible to use the released resources for handling
significant requests of the queue. This approach doesn’t
decrease number of SLA Violations but leastwise service
provider tries to discard the requests which are less impor-
tant. Each iteration, based on importance of users and reli-
ability level of virtual machines, total of n pair wises (each
composed of a user broker and a VM broker) can be consti-
tuted.More details about the system are as belows:

1. User brokers are informed about different reliability
level of VMs, but users are not. A user broker as an
autonomous entity and agent of user tries to pair
with the associated VM broker of the most reliable
VM available to him.

2. Service provider creates a profile for each user. This
profile contains two parameters named WTP and
MLT . WTP is user’s estimated willingness to pay for
service and MLT reflects the user’s flexibility respect
to SLA violations.

3. VM broker i uses a function duserðWTPj;MLT ðjÞ; RiÞ
to approximate the importance of user j. WTPj and
MLT ðjÞ are user j’s parameters and Ri is VM i’s reli-
ability parameter. VM broker uses importance of
users to rank the user brokers. duser is increasing
with WTP and Penalty. Behavior of duser with respect
to R depends on values of the two former
parameters.

4. User brokers use function dVMðRÞ to rank VMs. Since
dVMðRÞis independent of user broker, so all user
brokers have same ranking of VMs (e.g., reliability
based) while this is not the case for VM brokers.
duserðWTPj;MLT ðjÞ; RiÞ depends to Ri and each VM
broker has a different ranking of users. Since a bro-
ker prefers A to B if A is located before B in its rank-
ing so dVM or duser also is called preference measures.

Definition 1. Preferences are cycle-free if and only if there is no
sequence of brokers b1; b2; . . . ; bk of length k > 2 such that
each broker bi prefers biþ1 to bi�1 (if i ¼ k put iþ 1 ¼ 1).
Notice that in b1; b2; . . . ; bk for each i, bi�1and biþ1 are from
same type (e.g., VM broker) and different with bi.

Lemma 1. If brokers use dVM and duserto determine their prefer-
ences, then the obtained preferences are cycle-free.

Proof. Assume that these preferences are not cycle-free. So
based on definition 1, we must have a sequence of
brokers, b1; b2; . . . ; bk, such that each broker bi prefers biþ1

to bi�1. Let bi to be a user broker. Since all the user
brokers have same ranking of VMs and preferring is

Fig. 3. Architecture of cloud service provider.
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transitive, so each broker bi prefers bi�1 to biþ1. This result
is in contradiction with definition, so existence of such
sequence of brokers is not possible. Then the obtained
preferences are cycle-free. tu

Definition 2. A pairing process is an iterative process that each
iteration, two brokers (one user broker and one VM broker)
who are guaranteed to reach maximum utility by pairing to
each other, are eliminated from the sets. After last iteration
both sets should be empty.

Theorem 1. A pairing problem among user brokers and VM
brokers by the obtained preferences using dVM and duser has a
pairing process.

Proof. Start with an arbitrary broker b1 and constitute a
sequence b1; b2; . . . in which biþ1 is the most preferred
user (VM) broker by VM (user) broker bi out of other
user (VM) brokers. Since number of brokers is finite, so
the sequence must have a cycle. Based on Lemma 1, the
obtained preferences using dVM and duser are cycle-free so
the cycle must be of length 2. This means that we have
found two brokers that prefer each other the most, so
they reach maximum utility by pairing to each other. By
eliminating these two brokers from broker sets, at the
next iteration we have a similar process with fewer
brokers (with n� 1 broker in each set). This process
resumes until last iteration (iteration n). tu
To achieve profitability and proper USL, it seems that

each broker should try to maximize its utility. But does the
mentioned pairing method satisfy aim of the brokers and is
the pairing stable? To answer let to study this problem
using game theory concepts. Mapping of this problem into
games is done at the next section.

5.1 Pairing Games

We define the pairing problem in form of two games: UB
and VB Games. In below definitions riðjÞ denotes user/VM
broker j’s rank in VM/user broker i’s ranking. S is set of all
strategy profiles that players may choose and si denotes
strategy of player i.

5.1.1 UB Game

The user brokers are players of this game and we assume
that VM brokers are part of environment. Since brokers
(both type) are utility maximizer, they choose best strategy.
In UB Game, each player’s strategy space is set of all VM
brokers. For each strategy profile s 2 S, we have utility of
player i; uiðsÞ ¼ n� riðjÞ þ 1 iff si ¼ j and there is not a
player kðk 6¼ iÞ such that sk ¼ j and rjðkÞ < rjðiÞ, otherwise
uiðsÞ ¼ 0.

5.1.2 VB Game

Definition of this game is similar to UB game, but here VM
brokers are players.

5.1.3 Game Theoretic Analysis

Theorem 2. The outcome of pairing process for pairing of user
brokers and VM brokers is a pure Nash Equilibrium (PNE)
point of UB and VB games.

Proof. All the user brokers have same ranking of VM
brokers. Let VMi denotes to VM broker which is in ith
place of this ranking and UBi is a user broker which has
paired to VMi in pairing process. Assume VMi deviates
unilaterally and chooses UBk ðk 6¼ iÞ. Then for the case
rVMi

ðUBkÞ > rVMi
ðUBiÞ clearly this deviation is not prof-

itable, but if rVMi
ðUBkÞ < rVMi

ðUBiÞ then UBk has paired
with a VMk such that VMk has higher rank than VMi and
every user broker prefers VMk to VMi. So UBk rejects VMi

and based on definition of VB game UVMi
ðsVMi

¼
UBkÞ ¼ 0. This shows that the latter case is not profitable
as well. So the outcome of pairing process is a pure Nash
Equilibrium of VB game. For UB Game, All the players
of UB game prefer VMi to VMiþ1. So deviation of UB1is
not profitable. Deviation of UB2 will be profitable, if VM1

prefers UB2 to UB1. But this is not the case for UB2, since
VM1 prefers UB1 to all other user brokers. This means
that deviation of UB2 is not profitable as well. Similarly
for the rest of user brokers deviation is not profitable and
outcome of pairing process is a pure Nash Equilibrium
of UB game, too. tu

Theorem 3. Both UB and VB games have unique pure Nash
Equilibrium point.

Proof. For VB Game, let NE denote the outcome of pairing
process. Assume that there exists another Nash Equilib-
rium NE ðNE 6¼ NEÞ. Definitions of VMi and UBi are
similar to Theorem 2 and sBðNÞ denotes to the selected
strategy of user/VM broker in associated strategy profile
to point N of the game. If sVM1

ðNEÞ 6¼ UB1 then devia-
tion of VM1to UB1 is profitable and NE is not a Nash. In
case of sVM1

ðNEÞ ¼ UB1 we have sVM1
ðNEÞ ¼ sVM1

ðNEÞ.
In a similar way it can be shown that for each i, the con-
ditionsVMi

ðNEÞ ¼ sVMi
ðNEÞ is needed for NE to be a

Nash. So NE is unique. Proof for UB game is similar to
VB game. tu
As a result of Theorems 2 and 3, the outcome of pairing

process is unique pure Nash Equilibrium point of UB and
VB games. Since playing best response strategy in games
with unique pure Nash equilibrium point converges to that
PNE [28] so the pairing process satisfies the utility maxi-
mizer brokers and it will be stable.

6 NUMERICAL RESULTS

In this section we present some numerical results. But first
we describe user decision model, assumptions and user
types. Defining such user decision or demand models is
usual in economical literatures [2].

6.1 User’s Decision Model

We said before that decision making of a user is not a deter-
ministic process [17]. Moreover it seems that this process is
not even stationary and changes according to different
parameters, but we assume it is stationary for the interval
that service provider offers its service. We use probability
function (21) for modeling the user’s decision making:

pðprÞ ¼ 0:5� arctanðpr�WTP Þ=p: (21)
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Where pðpriceÞ is the probability a user with WTP, as
his/her willingness to pay, requests for a service in price pr.
Penalty is another parameter that should be chosen by user
as described before. Since this option act as a lateral insur-
ing service and is not part of main service, so user should be
charged for it separately. Another parameter is violation
impact b. Each SLA violation provokes a user to change
his/her service provider. More risk averse user is more
excitable and has a higher violation impact. Violation
impact parameter represents user sensitivity to SLA viola-
tions and differs from one user to another. For example,
probability of reusing a service by a particular user, who
has experienced SLA violation for n times, will be
ðpðprÞ � n� bÞ.

6.2 Configuration and Results

In this section, first we present results of the proposed meth-
ods for estimation of MLT and WTP. After that, the results
for the proposed approach will be discussed. Suppose a
user with WTP ¼ 55, who is interested to receive 50 unit as
penalty for each SLA violation. The user may accept other
penalty values as well but prefers the mentioned penalty.
Discussion about decision making of individuals about how
much is enough for protection against damage or loss is out
of scope of this paper and we refer readers to premium cal-
culation literatures [21].

Long-term measure estimation. Because more risk averse
users have higher willingness to pay for certainty, so choos-
ing or accepting the penalty values from Lwhich are appro-
priate to their risk aversion is more probable. To model this
behavior, we use a vector for each user. ith element of this
vector is the probability that user will accept or choose ith
element of L as penalty. We use a learning automaton with
LR�P algorithm to learn this decision making model. Fig. 4a
shows the probability vector of a learning automaton dur-
ing 100 iterations. Number of actions is |L| and according
to changes of probability vector in this figure, user prefers
action 50. Fig. 4b depicts changes of MLT during the men-
tioned iterations in which user requested for service
100 times. The estimated MLT is earned using (5) and as
illustrated in Fig. 4b approaches to 53.

WTP: To estimate a user’s WTP, the proposed method
uses request rate of a user in n different prices to earn its
demand curve DðpÞ. Having this curve, the method finds

the maximum of jepj in (19). Fig. 5 shows the estimated
diagram of jepj for different number of points. As depicted
in Fig. 5, the estimated WTP is either 55 or very close to 55.
This figure also shows that more number of points doesn’t
guarantee more precise estimation.

The proposed approach. For simulations we considered five
different user types and five classes of virtual machines
with different reliability level labels. Reliability level of a
VM from class (i) is higher than a VM from class (iþ 1).
Table 1 contains characteristics of each user type.
duserðWTPj; Penaltyj; RiÞ and dVMðRÞ are as (22) and (23)
and total number of users are 500 (100 users from each
type). Resource releasing policy (VM selection to release its
resources) is either user based (our proposed approach) or
random. For simulations we assume that after a particular
iteration, which is labeled by iteration 0, for 30 percent of
requests there are not required resources and provisioning
of new resources is impossible. This is while the incoming
request rate doesn’t change. All the reported results are
gathered after iteration 0 at price ¼ 50:

duserðWTPj;MLT ðjÞ; RiÞ ¼ WTPj þMLT ðjÞ � ð1�RiÞ; (22)

dVMðRÞ ¼ R: (23)

Simulation 1. Figs. 6a, 6b, 6c, 6d, and 6e show average of
the penalties that belong to the requests which are assigned
to virtual machines from different classes during hundered
iterations by the proposed (user based) approach. Compar-
ing these results, we can see that having same WTP,
requests with higher penalties are assigned to VMs with
higher reliability. While Fig. 6f illustrates that using random
approach for releasing resources, average of penalties for

(a) (b)

Fig. 4. (a) Probability vector of learning automaton during iterations. (b) Estimated value of long term measure.

Fig. 5. Estimated WTP using different number of (price, request_rate)
points.
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each class of virtual machines is approximately equal.
Fig. 8a shows the total penalties paid by service provider to
users for different user types. Clearly user based approach
tried to satisfy more risk averse users and pay lesser amount
of penalty. While this is not the case for random approach
and total of paid penalties in random approach is greater
than user based approach. Fig. 8b demonstrates number of
SLA violations for each user type. If ði > jÞ, user type i has
larger penalty value than user type j and discarding its
request has higher cost for service provider. Performance of
the user based approach according to Figs. 8a and 8b seems
to be appropriate because more risk averse users have faced
less SLA violations.

Simulation 2. This simulation contains user types with dif-
ferent WTP but similar risk aversion. Figs. 7a, 7b, 7c, 7d, and
7e show the average WTP of the users which their requests
are assigned to virtual machines from different classes using
the user based approach. Comparing the results, we can see
the requests from users with higherWTP are assigned to vir-
tual machines with higher reliability. This helps service pro-
vider to satisfy the users with higher WTP and improve its
profitability. Fig. 7f illustrates that using random approach,
average ofWTP for each class of virtual machines is approxi-
mately equal. Fig. 8c depicts the total value of penalties paid
by service provider to different user types. For i > j, user
type i has higher WTP than user type j and discarding

request of user type j is better option. Like as simulation 1,
Fig. 8d demonstrates number of SLA violations for each user
type. If ði > jÞ discarding request of user type i decreases
loyalty of userswith higherWTP and this influence on profit-
ability of service provider in long term.

Increasing averages in Figs. 6a, 6b, 6c, 6d, and 6e, and
Figs. 7a, 7b, 7c, 7d, and 7e is because of violation impact fac-
tor. User based approach focus on users with high WTP and
risk aversion. As a result, users with lower WTP and risk
aversion face more SLA violations and leave this service
provider earlier than what occurs in random approach.
Therefore average of WTP and penalties increases with iter-
ation number.

Simulation 3. To be more natural, simulation 3 contains
users with different WTP and risk aversion. As we said
before, when a user faces SLA violation, this negatively influ-
ences on his decision about reusing the services of a service
provider anymore. Tomodel this influence we uses violation
impact factor. Value of this factor is appropriate to user’s risk
aversion as illustrated by Table 1. Since SLA violations cause
the service provider loses its users in long term, this will
decrease profit of the service provider (income minus paid
penalties). Fig. 9a shows the number of users who are dis-
suaded to reuse a service provider’s services when they have
faced SLA violations for many times. For example, approxi-
mately after 350 iterations, all the users with type 5, have

TABLE 1
Simulation Parameters

(a) (b) (c)

(d) (e) (f)

Fig. 6. Average of the penalties that belong to the requests which are assigned to virtual machines from (a) class 1 (b) class 2 (c) class 3 (d) class 4
(e) class 5 during hundered iterations using user based approach. (f) Same diagram using random approach.
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leaved service provider and migrated to another one. Dia-
grams of Fig. 9a are obtained by applying random approach.
Similar diagrams using user based approach are illustrated
in Fig. 9b. The diagrams of Fig. 9b states that the user based

approach succeeded to achieve higher satisfaction level of
users with higher WTP and risk aversion. Although this
approach fails to improve satisfaction level of users with low
WTP and risk aversion. Figs. 9c, and 9d show the same

(a) (b) (c)

(d) (e) (f)

Fig. 7. Average WTP of the users which their requests are assigned to virtual machines from (a) class 1 (b) class 2 (c) class 3 (d) class 4 (e) class 5
using the user based approach. (f) Same diagram using random approach.

Fig. 8. The paid penalties to each class of user types in (a) Simulation1 (c) Simulation2. Number of SLA violations for each class of user types in
(b) Simulation1 (d) Simulation2.
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diagrams while instead of 30 percent, just 10 percent of
required resources to serve requests are unavailable.

As said before, when a user faces with SLA violation,
probability of reusing that service decreases. Figs. 9e and 9f

show the amount of this decrease during 100 iterations
when for 30 percent of the requests there are not required
resources. Diagrams of Fig. 9e belong to results of user
based approach while those in Fig. 9f belong to random

Fig. 10. Comparing the request rate of different user types in different prices by applying user based and random approaches (a) User Type 1
(b) User Type 2 (c) User Type 3 (d) User Type 4 (e) User Type 5. (f) Comparing profitability difference for various prices between user based
approach and random.

(a) (b) (c)

(d) (e) (f)

Fig. 9. Number of users who are dissuaded to reuse a service when f percent of the required resources are unavailable (a) f ¼ 30, random approach
(b) f ¼ 30, user based approach (c) f ¼ 10, random approach (d) f ¼ 10, user based approach. (e) Amount of decrease of reusing a service during
100 iterations when 30 percent of resources are unavailable by applying user based approach (f) Same diagrams to (e) by applying random
approach.
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approach. Previous results shows that the proposed user
based approach behave users based on their characteristics.
More important users receive more attention from service
provider. In addition to improving user satisfaction level,
this increases profit of service provider. Figs. 10a, 10b, 10c,
10d, and 10e compare the request rate of different user types
in different prices between user based and random
approaches. The depicted demands or request rates are
measured after 1,000 iterations. The figures explicitly state
that in higher prices, the user based approach performs bet-
ter and makes more profits.

Difference between profitability of user based and ran-
dom approaches originates from this fact that user based
approach behave users based on their profitability potential.
Fig. 10f shows profitability difference (income minus the
paid penalties) for various prices and this difference reach
its maximum value, when price is close to expected willing-
ness to pay of the users.

7 CONCLUSION

In this paper, we considered users satisfaction level as an
important factor in profitability for cloud service providers.
We tried to investigate influence of two characteristics in
user satisfaction level. Since these characteristics, called
willingness to pay for service and willingness to pay for cer-
tainty, are unknown for service providers, so new methods
for estimation of them are provided. Also a new approach
presented to reduce impact of SLA violations on users’ satis-
faction level. We investigate the mentioned approach in a
resource allocation scenario. The conducted experiments
demonstrate that in critical situations, the estimated charac-
teristics can help the service provider to decide about which
users should be served and which ones can be discarded.
This can raise user satisfaction level as much as possible
and leads to more loyalty of users and higher profit for ser-
vice provider. According to results the proposed approach
has high applicability in service oriented environments like
as cloud.
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