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Abstract—The main goal of a cloud provider is to make profits by providing services to users. Existing profit optimization strategies
employ homogeneous user models in which user personality is ignored, resulting in fewer profits and particularly notably lower user
satisfaction that in turn, leads to fewer users and reduced profits. In this paper, we propose efficient personality-aware request
scheduling schemes to maximize the profit of the cloud provider under the constraint of user satisfaction. Specifically, we first model
the service requests at the granularity of individual personality and propose a personalized user satisfaction prediction model based
on questionnaires. Subsequently, we design a personality-guided integer linear programming (ILP)-based request scheduling algorithm
to maximize the profit under the constraint of user satisfaction, which is followed by an approximate but lightweight value assessment
and cross entropy (VACE)-based profit improvement scheme. The VACE-based scheme is especially tailored for applications with high
scheduling resolution. Extensive simulation results show that our satisfaction prediction model can achieve the accuracy of up to 83%,
and our profit optimization schemes can improve the profit by at least 3.96% as compared to the benchmarking methods while still

obtaining a speedup of at least 1.68x.

Index Terms—Cloud computing, profit maximization, user request scheduling, user personality, multiserver system, customer

satisfaction, present value, opportunity cost.

1 INTRODUCTION

RIVEN by virtual technology, cloud computing has
become a popular IT business model that delivers
various hardware and software resources to the cloud users
on demand in a pay-as-you-go manner over the Internet
[1]. Cloud computing has facilitated the development of
cloud providers across the globe and has created a variety
of computation models for pervasive and ubiquitous appli-
cations [2]. In the context of cloud computing, the cloud
provider aims at maximizing its profit while users demand
a high quality of cloud services. As more and more cloud
providers are available to cloud users, maximizing profit
while satisfying heterogeneous users in a competitive cloud
market has become a huge challenge for cloud providers.
Profit improvement can be achieved by either increasing
revenue or reducing cost. Effective pricing mechanisms
are used to increase revenue, while diverse cloud resource
management schemes are used to reduce costs. With regard
to pricing, various models [3], [4], [5] have been proposed
to better adapt to changing cloud service demand, which
brings great benefits to the increase in cloud providers’
revenues. However, existing pricing mechanisms are user-
independent, thus fail to incorporate user characteristics
or personality. User personality in psychology is used to
describe the individual differences in the pattern of think-
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ing, emotion, and behavior [6]. In the cloud service market,
different users have different requirements for service price
and quality of service (QoS). Service price and QoS are
two key factors that users are most concerned about. Thus,
existing pricing strategies that ignore user personality may
result in degraded QoS for users and reduced revenue for
cloud providers. With respect to cloud resource manage-
ment, diverse energy-efficient cloud platform configuration
mechanisms and request scheduling schemes [7], [8], [9],
[10] have been designed to avoid energy waste incurred
by over-provisioning of available resources or inefficient
scheduling of requests. However, these works often adopt
uniform service level agreements (SLAs) standard that
assumes a unified personality or QoS for all customers,
leading to increased cloud service platform maintenance
costs. To further the profit maximization, we can model and
exploit the heterogeneity of user personality via modeling
user preference as a function of price and QoS.

In this paper, we investigate a personalized cloud pricing
strategy and two service request scheduling mechanisms.
Essentially, the cloud provider will greatly benefit by pri-
oritizing resources towards critical users with higher QoS
requirements as opposed to the users who could accept
a lower QoS. For example, for users who prefer QoS to
service price, the cloud provider could provide users with
higher QoS and charge a higher service price to increase
revenue. For users who prefer service price to QoS, the
cloud provider could reduce infrastructure operation costs
by using lower configurations of servers and charge users a
lower service price. Thus, for users with different personali-
ties, it is crucial to design personalized pricing strategy and
judiciously schedule the service requests of personalized
users such that the profit of the cloud provider is opti-
mized while personalized user requirements are satisfied.
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The main contributions of this paper are listed as follows.

o We propose a personalized service request model to
capture users’ differences in terms of service execu-
tion requirements, service price, response time, and
so on. We also develop a user satisfaction model to
predict user satisfaction under different service price
and QoS levels.

e We present an integer linear programming (ILP)-
based task scheduling scheme to optimize the cloud
provider’s profit. Since the ILP-based algorithm is
time-consuming, a lightweight value assessment and
cross entropy (VACE)-based scheduling scheme is
further proposed to obtain a near-optimal solution
for profit maximization.

o Extensive simulation experiments have been con-
ducted to validate the effectiveness of the proposed
algorithms. Results show that our proposed schemes
are superior to the benchmarking schemes in terms
of profits by at least 3.96% while achieving at least
1.68 times of speedup.

The remainder of the paper is organized as follows. Sec-
tion 2 reviews the related work on cloud profit optimization.
Section 3 describes the cloud platform and models. Section
4 formulates the profit optimization problem and overviews
the proposed schemes. Section 5 describes the personal-
ized user satisfaction prediction, and Section 6 presents
the personality-guided profit maximization schemes. The
effectiveness of the proposed schemes is validated in Section
7. Section 8 discusses the possible directions of applying our
schemes to real cloud providers, and Section 9 concludes the
work and gives future research directions.

2 RELATED WORK

In this section, we conduct a literature review on cloud profit
optimization from perspectives of cloud pricing strategies,
cloud resource management, and cloud customer satisfac-
tion, respectively.

Most cloud providers adopt static pricing schemes [11].
Under this pricing strategy, service price is fixed, thus op-
portunities for increasing revenue by raising price under
high market demand may be missing. Amazon EC2 [12]
has launched a pricing mechanism called “spot pricing” that
dynamically adjusts spot price for a virtual machine (VM)
to reflect supply and demand in cloud market. However,
Xu et al. [3] observe that the spot pricing may not work
well to match supply and demand. Thus, they propose a
market-driven dynamic pricing scheme to maximize rev-
enue. Similarly, Mac et al. [13] propose a genetic algorithm
for dynamic resource pricing by capturing the changes of
cloud market. However, the complexity of cloud market
greatly increases the computational cost of pricing algo-
rithms and the market details are not readily available.
Resource auction is a pricing method that does not need
market details and allows users to compete and price freely.
Zhang et al. [14] propose an auction mechanism based on
smooth analysis and random reduction for dynamic VM
pricing in a geographically distributed cloud data center.
Also, Jiang et al. [15] design a novel bidding language and
an online cloud auction framework to efficiently price cloud

2

resources. However, users may influence the auction results
and gain unfair advantages by malicious bidding or hid-
ing their preferences for cloud resources. These behaviors
destroy the auction experience of other normal users and
significantly reduce the efficiency of auction.

Energy-efficient cloud resource provisioning schemes
and user request scheduling mechanisms [16], [17], [18],
[19] are important for cloud providers to manage cloud
resources. Cao et al. [7] investigate the problem of opti-
mal multiserver configurations (e.g., server size and server
speed) to avoid over-provisioning of available resources for
profit maximization in cloud computing. However, their
multiserver platform is homogeneous. Liu et al. [8] explore
cost-minimized heterogeneous multiserver configurations
for cloud providers, in which the servers are different in
terms of CPU cores, memory sizes, etc. These works adopt
simple task scheduling discipline, i.e., First Come First Serve
(FCFS), to serve the service requests submitted by users.
Nevertheless, different service request may have different
requirements for execution delay, that is, some may be
delay-sensitive while some may be delay-insensitive. In this
way, FCFS may be an inefficient scheduling scheme to serve
requests with different delay requirements. Sundar et al. [20]
propose a heuristic algorithm to schedule dependent tasks
of an application under the constraints of communication
delay and deadline to minimize the cost for cloud providers.
Different from the above works, Yuan et al. [9] investigate
cost-effective task scheduling problem in the hybrid cloud
environment, and design a temporal task scheduling algo-
rithm to schedule tasks under the constraint of execution
delay to reduce energy consumption of cloud data center.
These works save the cost of cloud providers via reason-
able resource provisioning and efficient task scheduling.
However, they ignore the role of customer satisfaction in
cloud profit optimization. Customer satisfaction influences
customer retention, thus further affects its revenue.

Low customer satisfaction will result in a decreased
number of customers and reduced revenues of providers.
For cloud providers, a naive solution to improving customer
satisfaction is over-provisioning of available resources to
meet the peak demand of users. However, this solution
may result in low resource utilization during periods of
low user demand. Thus, a more effective solution is to
guarantee customer satisfaction of a limited number of
users during peak workloads [21], [22]. For example, in
[23], the spare cloud resources are provided to the second-
class users with discounted prices at the cost of low QoS.
Nonetheless, this method leads to unpredictable request
delays, rejections, terminations, and price fluctuations for
these users. In order to guarantee customer satisfaction of
all users, Mei et al. [24] propose a double resource renting
scheme that combines long-term renting and short-term
renting to serve users. In this way, all service requests could
be completed before their execution deadline. Instead of
adopting double renting scheme, Cong et al. [4] develop
a reward model for users and a penalty model for cloud
providers to guarantee service quality and satisfy users. The
above works do not take user personality into account. In
essence, user personality has a great impact on cloud profit
optimization since users with different personalities usually
have different requirements for service price and QoS with
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respect to cloud services. In this way, these personalized
users would achieve high customer satisfaction at different
service prices and QoS levels. Thus, fully exploring the char-
acteristics of user personality is critical for cloud providers
to improve customer satisfaction.

In this paper, we propose a personality-aware user re-
quest scheduling scheme to maximize the profit of the cloud
provider. In psychology, the personality of a user is de-
scribed by Big Five personality traits [25]. Ten-Item Person-
ality Inventory (TIPI) [26] is a prevalent personality measure
method that includes 10-item to score each personality trait
in Big Five personality traits (see Section 5 for details).
Below, we first study the effect of user personality on its
preference for service price and QoS by investigating user
satisfaction under different service price and QoS levels.
According to the research results, we establish personalized
user model and cloud provider model, based on which a
profit optimization problem is formulated. We then present
a personality-based prediction mechanism to predict user
satisfaction under different service price and QoS levels. Fi-
nally, we design an ILP-based optimal scheduling algorithm
followed by an approximate but lightweight value assess-
ment and cross entropy (VACE)-based profit improvement
scheme to solve the profit optimization problem.

3 CLouD COMPUTING PLATFORM AND MODELS

In this study, we consider a three-tire cloud computing
architecture that contains users, a cloud provider, and a in-
frastructure provider. As shown in Figure 1, heterogeneous
users submit their service requests to the cloud provider,
receive the desired results from the cloud provider, and pay
for the service based on service amount and service quality.
The cloud provider handles users’ service requests by rent-
ing resources (e.g., servers) from the infrastructure provider.
These heterogeneous servers are modeled as a multiserver
system, in which each server is characterized by a given
supply voltage-frequency pair. A service request queue with
infinite capacity is maintained by the multiserver system for
waiting requests when all the servers are busy.

Servers
.1 Service request queue
Incoming

=2 DDD requests | ’ ' ’
B AN —t—
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Figure 1: A cloud service platform containing multiple het-
erogeneous users and a cloud provider.

3.1 Cloud User Model

Users with different personalities have different preferences
for service price and QoS, and the preferences further have
an impact on user satisfaction with regard to services. Thus,
in this section, we model users from perspective of service
request model and user satisfaction model, respectively.

3.1.1

We assume the arrival of service requests at the multiserver
system follows a Poisson process. Once the users submit
requests to the cloud provider, these requests are first placed
in the request queue before they can be processed by any
servers. We use a tuple 7, : {W,,, D4 cd¢s d,. D,.} to
characterize a service request submitted by user m. In the
tuple, W, denotes the number of instructions in 7,,, and
Ddes represents the finish time of 7,, beyond which user
satisfaction declines and charge rate decays. We denote DZ¢*
as the desired finish time of request 7,,. The ci¢* refers to
the service price per instruction when request 7, is finished
before D¢, while d,,, is the charge decay rate when request
T, 1s finished later than fones. D,,, indicates the deadline
of request 7,,. Let ft,, be the finish time of request 7,,,
and R(Ty,, ftm,) be the fee charged by the cloud provider to
request Ty, Then, R(7m,, ftm) is given by

User service request model

Win€e®, 0 < ftm < De?

R(7m, ftm) = {wmcg;s = dm(ftm = D7), Dy < ftm < D (1)
0, ftun > D

The service request model is illustrated in Figure 2. If
the finish time ft,, of request 7,, is earlier than its desired
finish time D2¢*, the cloud provider is deemed to process
Tm successfully with the required QoS and the user will pay
the cloud provider the maximum fee c¢*. If the finish time
fty, of request 7, is later than its desired finish time ngs
but earlier than its deadline D,,,, it is believed that the cloud
provider delivers an acceptable result for request 7, and
the user will pay the cloud provider based on charge decay
rate d,,,. However, if the finish time ft,, of request 7, is
later than its deadline D,,, the cloud provider delivers an
unacceptable result for request 7,,, and the user will not pay

the cloud provider due to low QoS.

: maximum service price
o S: desired finish time

: charge decay rate

Service price

: deadline

Figure 2: An illustration of service request charge model.

Existing pricing schemes only adopt a single function for
different types of service requests, while in our personalized
pricing model, each service request has its own charge
function. That is to say, for request 7,,, it has its own
service execution requirement W,,,, desired finish time Df,lfs,
maximal fee charged by the cloud provider W,,c¢*, charge
decay rate d,,, and request deadline D,,. The model in
Figure 2 can effectively capture the differences of individual

users in terms of service price and QoS.

3.1.2 User satisfaction model

With the explosive growth of cloud providers, providing a
good service experience to users with different personalities
makes the cloud providers more competitive in the cloud
market. For users, service price and QoS are two important
factors that affect their experience. Users naturally hope to
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get the best QoS at a low price. However, from the perspec-
tive of cloud providers, users’ requirements for service price
and QoS are difficult to meet at the same time since lower
service price usually result in worse QoS and improving
QoS will inevitably increase service price. Many studies aim
to achieve a good trade-off between service price and QoS
to improve user satisfaction [9], whereas these works ignore
user personality, which also plays an important role in user
satisfaction. For example, some users may want a low price,
while others may need high QoS. In this section, we model
user satisfaction based on user personality.

We use a latent variable [ to measure a user’s preference
for service price and QoS. The latent variable [ can be
expressed as a weighted sum of service price and QoS, thus
can be expressed as:

l=¢&xprice+ (1 — &) x qos, (2)

where price denotes service price and gos indicates QoS.
In this study, QoS refers to the response time of a service
request. The weight ¢ is used to measure a user’s preference
between service price and QoS, and satisfies 0 < £ < 1. A
higher weight £ indicates more preference to price while a
lower weight £ means more preference to gos.

We assume that user satisfaction score is a quantitative
representation of latent variable [. Thus, user satisfaction
score can be expressed as a linear function of /, i.e.,

s=oa1+ag*l, 3)

where s represents user satisfaction, and «; and ay are two
parameters that will be determined in Section 5.

Based on latent variable [ and user satisfaction s, next,
we calculate the attribute values (i.e., d,,, and D,;,) of user
request T, : {W,,, D45 cdes d,.. D,,} to capture user per-
sonality. Note that the value of W, is set by the user, and the
values of D% and c¢* can be obtained via questionnaires.
In order to obtain the charge decay rate d,, of request
Tm, 1.e., the user satisfaction attenuation rate caused by the
degradation of QoS, we insert the service price ci¢¢ into Eq.

(2), and substitute Eq. (2) into Eq. (3), then we have
s=ay +ag* (Exc% 4 (1 —¢€) % qos), 4)
which can be further re-expressed as:

s:ag*f*qos—i-(al—&—ag*(l—g)*cgfs), (5)

where cd¢ is a known variable, o, az, and ¢ can be

obtained based on user satisfaction model. Eq. (5) is a first
degree polynomial, in which the first part is composed of
slope ay * £ and variable gos, while the second part (ie.,
a1 + ag * (1 — &) * c®) is a constant and referred to as the
intercept. Thus, the charge decay rate d,, of request 7,,,, i.e.,
the user satisfaction attenuation rate, could be set to as * &.
The deadline D,,, of request 7, refers to the response time
(i-e., gos) when the user satisfaction score becomes 0. Thus,
substituting s = 0 into Eq. (5), we have

(a1 4 g x (1 — &) x cfes)
g *§ .

Dy = qos = (6)

3.2 Cloud Provider Model

In this section, we model the cloud provider’s revenue and
cost, in which revenue is the sum of charges of all users’
service requests while the cost is the sum of the rental fee
and the electricity bill.

3.2.1 Revenue

The cloud provider provides services to users and charge
them for the completion of service requests. Since users have
different personalities and the attributes of service requests
are different, it is natural to charge users at the granularity
of service request. We define the cloud provider’s revenue
as the sum of charges of all service requests. Thus, the total
revenue of a cloud provider is expressed as:

M
Revenue = Z R(tm, ftm), (7)

m=1

where M is the number of requests during a time interval.

3.2.2 Cost

The cloud provider’s cost includes two parts, i.e., the rental
cost of resources and the utility cost of energy consumption.

Rental cost: In this paper, the cloud provider main-
tains a multiserver system that consists of N heteroge-
neous servers S. We use ® to denote the server set, i.e.,
® = {51, 54, ..., Sn }. To maintain normal operations of the
multiserver system, the cloud provider needs to rent hard-
ware facilities from the infrastructure provider in advance.
Let §,, be the rental cost of S,, during a time interval, and
Rent.,s denote the total rental expenses of all servers during
a time interval. Then, Rent.,s can be calculated as:

N
Rentcos = Z 6717 (8)
n=1

where N denotes the number of servers.

Energy cost: The power consumption P, of a server
can be modeled as the sum of static power consumption
Psi, and dynamic power consumption Py, that is,

Pio = Pysto + den- (9)

Py, is independent of switching activity and can be re-
garded as a server-dependent constant and Py, is related
to charging and discharging of gates in the circuits. The
dynamic power consumption of server S, when executing
requests at the supply voltage-frequency (v, f,) pair can
be expressed as [27]:

den - Nnnnvq%fna (10)

where i, and 7, are the activity factor and the effective
switching capacitance of server Sy, respectively. Let M,, be
the number of service requests assigned to server S,, and
W, be the number of instructions of request 7,,,. Then, the
total energy consumption of server .S,, during a time interval
can be calculated as:

My, W,
Ep = Z (Hn 0 Wi + Psta(n)Tm)7 (11)
m=1 n
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where Ps;,(n) represents the static power consumption of
server S,. Let Elec.,s be the electricity cost of N servers
during a time interval, then it can be given by

N
Eleccos = ec - Z Enp,

n=1

(12)

where e, refers to the electricity price charged per unit of
consumed energy.

4 PROBLEM DEFINITION AND OVERVIEW OF THE
PROPOSED APPROACH

In this section, we first define the problem of profit max-
imization under the constraint of user satisfaction, then
briefly outline our proposed approach.

4.1 Problem Definition

Based on the revenue model and cost model, we define the
cloud provider’s profit as revenue minus costs, that is,

Profit = Revenue — Elecq,s — Rentes, (13)

where Revenue, Elecq,s, and Rent.,s are given in Egs.
(7), (8), and (12), respectively. Given users with different
personalities, this paper aims to optimize the profit of the
cloud provider under the constraint of user satisfaction. The
optimization problem is thus defined as:

maximize: Profit, (14)

subject to: s > syp, (15)

where s is given in Eq. (3). s¢p, is a constant that represents
the user satisfaction to be guaranteed. Eq. (15) ensures that
user satisfaction cannot be lower than sgp,.

4.2 Overview of the Proposed Approach

Figure 3 presents an overview of our proposed solution
to the profit optimization problem given in Eq. (14). For
cloud users, we first study the personality of a user using
Big Five personality traits, in which each trait corresponds
to a character. The score of each trait could be measured
by TIPI, which is a questionnaire consisting of 10 items
that inquiry questions about user personality. Based on
user personality score, we then explore the effect of user
personality on the preference for service price and QoS by
investigating user satisfaction under different service price
and QoS levels. Finally, we construct a personalized service
request model and propose a user satisfaction model to
predict QoS and service price users are satisfied with. For
the cloud provider, based on personalized service request
model and user satisfaction model, we build revenue model
and cost model, respectively. Afterwards, we formulate the
profit maximization problem for the cloud provider under
the constraint of user satisfaction.

To solve the optimization problem, two efficient request
scheduling schemes are designed, respectively. The first one
is an optimal but time-consuming integer linear program-
ming (ILP)-based algorithm while the second one is an
approximate but lightweight value assessment and cross
entropy (VACE)-based algorithm. In particular, the VACE-
based algorithm adopts the concepts of present value and
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Figure 3: An overview of the proposed approach.

opportunity cost in economics to evaluate the values of ser-
vice requests during the scheduling process, thus speeding
up the optimization process. If an application demands high
scheduling resolution (i.e., small scheduling interval), the
VACE-based algorithm is an appropriate option to obtain a
near-optimal solution with low time complexity. Otherwise,
the ILP-based algorithm could be adopted to obtain an
optimal solution at the cost of high time complexity.

5 USER PERSONALITY-GUIDED SATISFACTION
PREDICTION

In this section, we first explore the impact of a user’s
personality on his/her satisfaction with respect to the ser-
vice. Subsequently, we develop a personality-guided user
satisfaction prediction model to achieve prediction of user
satisfaction under different service price and QoS levels.

5.1 The Impact of Personality on User Satisfaction

We have known that personality refers to individual differ-
ences in the pattern of thinking, emotion, and behavior [6].
These differences make people with different personalities
react differently when faced with the same situation and
have a great influence on people’s choices. User personality
is usually described by Big Five personality traits summa-
rized in Table 1 [28]. Big Five personality traits is one of
the most influential personality models in psychology and
has been used in many research. The five personality traits
included in the Big Five personality traits are generally ap-
plicable to all types of people and races, and will not change
due to differences in geography, culture, and language. The
five factors included in the Big Five personality traits are
extraversion (E), agreeableness (A), conscientiousness (C),
neuroticism (N), and openness (O), respectively.

In order to assess personality, a questionnaire with ten
questions (i.e., TIPI) is commonly used [29], [30]. Using TIPI,
a user’s personality can be described by a personality vector
of five feature scores, each ranging from 1 to 7 [29]. Based
on these personality scores, we can explore the impact of
personality on user satisfaction through a “Price-QoS-User
Satisfaction” questionnaire. As reported in [30], the user
satisfaction score is an integer and is generally set to be
varied in the range from 1 (lowest satisfaction level) to 10
(highest satisfaction level), and according to the principle
proposed in [30], we set the baseline and other levels of
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Table 1: Big Five personality traits and their description [28].

Trait Description
Enthusiasm, talkativeness, decisiveness, activity,
risk and optimism
Trust, altruism, straightforwardness, compliance,
modesty and empathy

Seriousness, justice, organization, due diligence,

diligence, self-discipline, caution and restraint
Balance anxiety, hostility, depression,
self-awareness, impulsively and vulnerability
Imagination, aesthetics, emotional enrichment,
diversity, creation, and curiosity

Extraversion (E)

Agreeableness (A)

Conscientiousness (C)

Neuroticism (N)

Openness (O)

gos and price. In [30], the case with the best or worst
performance is selected as the baseline and other cases can
be represented using a percentage of the baseline. Following
this, we select the shortest (best) response that a server can
support as the baseline of gos, and set the value of baseline
to 100%. We also investigate other gos levels that are 110%,
120%, 130%, 140%, and 150% of the baseline. Similarly, we
choose the cloud provider’s expected sale price (the best
price for the cloud provider) as the baseline of price, set
the value of baseline to 100%, and also consider other sale
prices that are 95%, 90%, 85%, 80%, and 75% of the baseline.
Combining 6 levels of gos with 6 levels of price, a total of 36
price-qos levels are obtained. Under each level of price-qos,
we ask users to give the corresponding satisfaction score.
Based on the analysis of questionnaires, we found that
the satisfaction scores of users with high “C” trait usually
show a regular trend with the changes in service price and
QoS, whereas users with high “A” trait can tolerate longer
service waiting times when service price is low enough. This
shows that user personality has a great influence on user
satisfaction, i.e., users with different personalities usually
achieve maximum satisfaction at different service prices and
QoS levels. Thus, the cloud provider can utilize this charac-
teristic to enable personalized service request scheduling.

5.2 Personality-Oriented User Satisfaction Prediction

In this section, we establish a personality-oriented user
satisfaction prediction model to achieve prediction of user
satisfaction with respect to a service request. As shown in
Figure 4, the user satisfaction prediction model takes service
price price, QoS gos, and a user’s Big Five personality score
PScore as the inputs, and the satisfaction score SScore
for the given service price price and service quality gos as
the output. In order to construct the personality-oriented
user satisfaction prediction model, we first establish the
relationship between the user satisfaction function s and
user preference [, then analyze the relationship between user
preference [ and personality score PScore.

Establish the relationship between satisfaction func-
tion s and preference I: The satisfaction function s has
been defined in Eq. (3). Here, we calculate the values of
a; and ag in Eq. (3). We use N. and N to represent
the number of participants in the questionnaire and the
number of price-qgos levels, respectively. For participant ¢
(i € [1,N]), his/her preference weight with respect to
service price and QoS is denoted as &;. For each price-qos
level j (j € [1, N}]), the service price, QoS, preference, and
satisfaction score of participant ¢ are denoted by price; ;),
q0s(; ;) Li.5) and SScore(; j), respectively. Then, the values

= input

O output
-0 @ &

PScore: persanality score
1: preference
& satisfaction function '
SSrore : satisfaction score for | 495 _.-'
the price and gos =~

{ pri ce|

Figure 4: User satisfaction prediction model.

of o1 and a3 can be obtained by solving the following mean
square error equation

N. N,
min = SScoreq jy — ay — ag * 1 )%
a1,02,81,..,6N, ;;( (4,5) 1 2 ( J))
(16)
where
ligy = & xprice; jy + (1 — &) * qos; ;. 17)

Since Eq. (16) has too many unknown variables, it can-
not be solved directly. Therefore, we develop an iterative
method to solve it. We first initialize preference weight &;
for each participant and calculate preference [(; ;) according
to Eq. (2). Then, we substitute /(; ;) into Eq. (16) and derive
o and ay by solving the following linear regression

N. N,
min = Z Z (SScore(; ;) — a1 — ag * 1, J)) (18)
Qap,0 =1

After obtaining the values of a;; and v, the scenario of only
one participant is considered. Eq. (16) is thus converted to

N
SS iq) — /
min = Z(M —(1-€)x
& = @2 (19)

, 2
qos; jy — & * price(; ;) -

Eq. (19) can be solved by a linear regression solver.
According to Eq. (19), we can obtain the updated preference
weight ¢, of participant 7. In particular, if the updated
preference weight £; and the initial preference weight &; for
all participants i (i € [1, N.]) are close enough, the iteration
process stops and we can obtain the preference weights of
all participants. Note that o; and « are used to establish the
relationship between preference [ and satisfaction function
s, while the weight { is used to establish the relationship
between personality score PScore and user preference .
Next, we establish the relationship between personality
score PScore and preference [.

Establish the relationship between personality score
PScore and preference I: The user preference | has been
defined in Eq. (2). In Eq. (2), given price and gos, the
weight ¢ determines the user preference [. To model the
relationship between PScore and [, we need to asso-
ciate PScore with & For participant ¢ (i € [1,N.]),
we use PScore; = [PScore(; gy, PScore(; ay, PScore; ¢y,
PScore(; gs), PScore; 0y] to indicate his/her personality
score, each of which corresponds to a personality trait (i.e.,
E, A, C, ES, and O). For N, participants, we use matrix
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PS of N, x 5 to denote their personality scores, and vector
PW of N, x 1 to denote their preference weights. Given PS5
and PW, a linear regression model is used to establish the
relationship between PS and PW, i.e.,

min = ||[PW — PS x Y. (20)
The vector Y5 reflects the effects of scores of five personal-
ity traits on user preferences, and can be obtained by solving
Eq. (20) using a linear regression solver. Given PS and Y,
user preference weight PW can be inferred by

PW = PS x Y. 1)

Combining Egs. (21) and (3), we can calculate user satisfac-
tion score S'Score based on user personality score PScore,
service price price and service quality gos.

6 PERSONALITY-GUIDED PROFIT MAXIMIZATION
UNDER USER SATISFACTION CONSTRAINT

In this section, we present an ILP-based optimal request
scheduling solution followed by an value assessment- and
cross entropy (VACE)-based approximate request schedul-
ing scheme to maximize the cloud provider’s profit.

6.1 ILP-based Profit Maximization Algorithm

Before introducing the ILP-based request scheduling algo-
rithm, we first define the scheduling vector T as:

Té [T17T27"'7TK]7 (22)

where K is the scheduling horizon and 7}, is the k' time
slot of the scheduling horizon. T}, can be months, days,
hours, minutes, or even seconds, depending on the avail-
able pricing information and computing capability of the
schedulers. In this study, the scheduling resolution refers to
the scheduling interval, and a high scheduling resolution
refers to a small scheduling interval.

Let An,m denote the assignment of request 7, on server
Sp. If request 7, is assigned to server S,, A, = 1,
otherwise, A, ,, = 0. B;; indicates the execution order of
request 7; and request 7;. If request 7; starts after request
7j, B;; = 1, otherwise B;; = 0. s,, denotes the user
satisfaction with respect to request 7,,. b; and b; represent
the start time of request 7; and request 7;, respectively, and
binax(i,j) denotes the maximum of b; and b;. H is a large
constant. Two auxiliary variables h; ; and g; ; are introduced
as the pseudo-linear constraints to facilitate the formulation.

Our optimization problem is described below: Given
a request set I' of independent requests 7,, defined by
{Win, Ddes cdes d, D,,} for m = 1,2,---,M, and a
server set ® of heterogeneous servers S, with supply
voltage-frequency pair (vy,, f,) forn =1,2,--- | N, the goal
is to find the optimal request-to-server assignment A4, ,, and
the start execution time b,,, of 7,,, for maximizing the profit
of the cloud provider under the user satisfaction constraint.
Note that the cloud provider only adopts the long-term
renting scheme since the rental price of long-term renting
is much cheaper than that of short-term renting [24]. In
such a case, we can safely assume that the number N of
servers is constant in different scheduling time slots of a
given scheduling horizon. This is because that the length

7

of a scheduling horizon is far shorter than the duration of
a renting contract. The request set I' is varied in different
scheduling time slots since there are arrivals of new requests
in each time slot [4], [24]. The ILP formulation of the
optimization problem for a scheduling time slot is given as:

maximize: Profit, (23)
N
subject to: Z Apm =1, (24)
n=1
N
w,
2 Ay
M
E Sm
TR (26)
bma:(:(i)j) = Bjﬂ' X bL + Bi,j X bj, (27)
hi’j =H x (bl - bmax(iﬂj)) + bj, (28)
N
W.
by —hi; > Ani—2, (29)
»J nz::l 5] fn
9i,5 = H x (bj — bmax(,;d)) + bi, (30)
N
W;
bj — gij > Z An,i?y (31)
n=1 n

where Profit is given in Eq. (13). Eq. (24) indicates that
request 7,, can only be assigned to one server. Eq. (25) guar-
antees that all accepted requests will produce profits, i.e., the
provider will reject the requests that can not produce profit.
Eq. (26) ensures that average user satisfaction score is not
less than s¢p,. Eq. (27) ensures that bmaz(; jy = max(b;,b;)
holds. Egs. (28)-(31) indicate that the execution of request 7;
and request 7; has no overlapping on server S,.

Algorithm 1 describes the ILP-based profit maximization
scheme. The inputs to the algorithm include user request set
T, server set ®, and scheduling vector T' = [T}, T, ..., Tk].
The size of the server set ® is constant. The scheduling
vector T is specified by the cloud provider. The output is
the total profit T, f:: generated in all time slots. Tpyq it is
initialized to 0 on line 1. For each time slot in the scheduling
vector, the algorithm first updates the user request set I' in
the service request queue () considering the new arrival of
requests on line 3. Line 4 sets the properties of the service
requests based on user personality model defined in Section
3.1.2. The available time of a server is defined as the earliest
time instance that a server is available for executing user
requests. It is clear that at the beginning of the first time
slot, the available time of each server is same and given.
But in any following time slot, the available time of each
server can be different and depends on the server’s assigned
requests in the previous time slot and the server’s frequency
(i.e., processing speed). The available time of a server is
important to the scheduling of user requests assigned to this
server since the execution of requests follow the first-come-
first-serve rule. Thus, line 5 updates the states of servers
in ® by calculating the servers’ available time. Line 6 then
decides the optimal schedule that maximizes the profit of
the cloud provider by solving the ILP formulated in Egs.
(23)-(31). Line 7 calculates Profit; derived in time slot
T; using Eq. (13). Line 8 updates the total profit Tp,,ft
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Algorithm 1: ILP-based profit maximization algorithm

Input: User request set I', server set ®, and scheduling
vector T = [T1, T, ..., Tk]

Output: Total profit Tp,,r;+ generated in all time slots

1 T'pro fit = 0;

2 fori =1to0 K do

3 Update request set I in service request queue Q);

4 Set request properties based on user personality;

5 Update state of servers in ® by calculating servers’

available time;

6 Generate request allocation I' — S by addressing

the problem defined in Egs. (23)-(31) using ILP

solver;

7 Calculate Profit; using Eq. (13);

8 TProfit = TProfit + P’I"Ofiti,'

9 1=1+1;

10 end

1 return T'p,o14¢;

=

generated in the whole schedule. The process repeats until
all scheduling slots are examined (lines 2-10). Finally, the
algorithm returns the total profit T'p,., ¢+ on line 11.

It is obvious that ILP consumes excessive computing
resources when there are a large number of requests and
servers, which increases the cloud provider’s cost. In ad-
dition, when the time slot is small, the ILP optimization
problem may not be solved before the next time slot, thus is
not suitable for applications with high scheduling resolution
(i.e., small scheduling interval) [31]. To this end, we propose
a value assessment and cross entropy (VACE)-based profit
maximization scheme to reduce the computation complexity
and speed up the scheduling process.

6.2 VACE-based Profit Maximization Scheme

In this section, we first introduce the cross-entropy tech-
nique and describe how it can be applied to solve the
optimization problem. Then, we assess the values of ser-
vice requests based on the concepts of present value and
opportunity cost in economics. Finally, we propose VACE, a
lightweight cross entropy-based profit optimization scheme
that is accelerated by using value assessment of service re-
quests, to reduce the computation complexity and speed up
the scheduling process. In particular, our value assessment-
and cross entropy (VACE)-based profit maximization al-
gorithm can be used to schedule the service requests of
applications with high scheduling resolution.

6.2.1 Cross-entropy

Cross-entropy (CE) is used to transform an original deter-
ministic optimization problem into a stochastic problem. It
uses an adaptive sampling algorithm to solve the stochastic
problem. In each iteration of the sampling algorithm, a
sequence of random solutions are constructed that converge
probabilistically to the optimal or a near-optimal solution.
Consider the following optimization problem: assuming
() is a finite set of states and S(x) is a real-valued function

8

defined on (2, the goal is to find the maximum value * of
S(z) on Q and the corresponding state z*, that is,

S(x*)=~"= max S(x). (32)
In order to solve the deterministic optimization problem
given in Eq. (32), we first formulate a family of probability
density functions (PDFs) (denoted by { f(z,u),u € U}) dis-
tributed in 2. Then, the deterministic optimization problem
is transformed to the estimation problem as:

A(’Y) = PU{S(X) > 7} = EU(I{S(X)Z'y})a

where « is a threshold or a level parameter, and X =
{X1,X5,..., Xz} is a sample vector consisting of Z ran-
dom samples generated by the corresponding PDF f(z,v).
f(z,v) is a parametric class of probabilities { f (z, u),u € U}
with parameter u being set to v. P, denotes the prob-
ability of S(X) > « and E, denotes the expectation
value of I{s(x)>~}- I{s(x)>~} is the indicator function, i.e.,
Its(x)>} = lif and only if S(X) > .

After converting the deterministic optimization problem
into the estimation problem given in Eq. (33), the main idea
of CE is to find the smallest v* such that A(y*) is close to
0, i.e., the probability P,{S(X) > ~*} is close to 0. That
is to say, when S(X) is less than v* with high probability,
~v* is regarded as the optimal or a near-optimal solution of
the original deterministic optimization problem given in Eq.
(32). In order to obtain v*, the CE method iteratively gen-
erates a sequence of tuples {v:, f(x,p¢)}, which converge
to a small neighborhood of the optimal tuple {v*, f(z,p*)}.
¢ is the threshold generated by the PDF f(x,p;) at the tth
iteration. 7* is the optimal solution of Eq. (32) and f(z,p*)
is the corresponding PDF. The CE optimization method can
be summarized as follows:

(33)

1) Initialize pg and set ¢t = 1.
2) Generate Z samples X1, ...Xz based on f(x,pt_1)
and calculate the associated objective function val-
ues S(X1),...,8(Xz).
3) Select Njjte samples with the maximum values, and
denote § as the set of these best samples.
4) Derive threshold 7, by averaging the N best
samples, that is,
L S sx)
n N, elite e

z€0

(34)
5) Update p; of PDF f(x, p;) of the next iteration using

z
1
pr = argm}z}X Z ; Iisx)y>Inf(Xi,p).  (35)

6) If the predefined stop criteria are met, the iteration
exits. Otherwise, set ¢ = ¢ + 1 and return to step 2).

6.2.2 Value assessment

In this section, we evaluate the values of service requests
from aspects of revenue and cost. First, we introduce the
concepts of present value and opportunity cost in eco-
nomics. On this basis, we then describe the method of
assessing the value of service requests.

Present value (PV). PV states that an amount of money
today is worth more than that same amount in the future. In
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this work, we use PV to convert the values of requests with
different completion time to the values of current time. In
this way, we can choose the request with the highest value
for scheduling. In economics, present value is defined as:

PV = FV/(1+7)", (36)

where PV and FV refer to the present value and the
future value, respectively. r denotes the rate of return and
n denotes the number of periods. Here, F'V represents the
revenue of service requests and n refers to the completion
time of service requests. Based on Eq. (36), the PV of request
m can be expressed as:

R(Tomy ftm)

where R(Tp,, ft;) represents the future revenue and ft,,
denotes the completion time of service request 7,,.

Opportunity cost (OC). OC refers to the benefits an indi-
vidual, investor or business misses out when choosing one
alternative over another. The cloud provider can leverage it
to make educated decisions when having multiple options.
For example, when we execute request 7,,,, we will lose the
benefit of executing other requests during the execution of
Tm. Thus, the OC of request 7,,, can be defined as:

PV,, = 37)

M
OCp = > di+max(0, RT,, — D),

i=1;i#m

(38)

where d; is the charge decay rate of request 7;, RT},, denotes
the response time of request 7,,, RT},, — D** represents the
decay time of request 7; due to the execution of request 7,,.
When RT;,, — D¢ is negative, request 7; is completed with
satisfactory QoS and the benefit of request 7; is not lost.
d; * max(0, RT,, — D3°*) denotes the lost benefit of request
7; due to the execution of request 7,,.

Based on Egs. (37) and (38), the value of request 7,,, can
be assessed by

Val,, = PV, — OCy,. 39)

Note that Val,, refers to the profit metric of request 7,
rather than the actual profit.

6.2.3 VACE-based profit maximization algorithm

The value assessment and cross entropy (VACE)-based al-
gorithm uses the cross entropy technique to iteratively gen-
erate the allocations of requests to servers. In each iteration,
the value assessment method is used to determine the order
in which requests are executed at each server. Algorithm 2
shows the VACE-based profit maximization scheme.

Inputs to the algorithm are request set I' and server set
®. Line 1 initializes the PDF to f(z,po) and the iteration
counter ¢ to 1. Lines 2-18 iteratively assign the requests to
servers and schedule the allocated requests on servers for
profit maximization. Line 3 generates Z allocations based on
the PDF f(x,p;—1) using the Latin hypercube importance
sampling technique. For each allocation, the requests are
scheduled on servers by prioritizing them based on the
value assessment method on lines 4-8. Line 9 selects K out
of Z schedules that satisfy the user satisfaction constraint
in Eq. (26) and line 10 calculates the profit of K schedules
using Eq. (13). Among these schedules, N schedules

Algorithm 2: VACE-based profit maximization

Input: User request set I" and server set
Output: Schedule X and resultant profit y
1 Initialize PDF to f(x,po) and iteration count ¢ to 1;
2 while ¢ < t4. do
Generate Z allocations based on PDF f(z, p;—1) using
Latin Hypercube Importance Sampling;
for Z allocations do
Assess values of requests on servers by Eq. (39);
Prioritize requests based on value assessment;
Generate request schedule;
end
Select K schedules satisfying the constraint in Eq. (26);
10 Calculate the profits of K schedules using Eq. (13);
11 Select Nejite schedules with maximum profit;
12 Update the profit threshold ~; using Eq. (34);
13 Update PDF f(x,p:) of the next iteration by Eq. (35);

w

© 0 N N Ul W

14 if vi—k = Yt—k41 = ... = 7+ then
15 | break;

16 end

17 t=t+1;

18 end

=

9 return ; and corresponding schedule;

with higher profit are chosen to update the profit threshold
~¢ and the PDF f(z,p;) of the next iteration on lines 11-13.
The profit threshold +; is deemed to be optimal if the results
of the successive k iterations remain unchanged (lines 14-
16). If ~; is optimal, the iteration terminates, and line 19
returns +y; and the corresponding schedule. Otherwise, the
iteration counter ¢ is updated on line 17, and the iteration
terminates until ¢ is greater than the maximum value ¢4,

7 EVALUATION

Extensive simulation experiments have been conducted to
verify the effectiveness of the personality-guided user sat-
isfaction prediction model and the satisfaction-constrained
profit optimization schemes. Below, we first describe the
experimental settings, then verify the effectiveness of the
proposed user satisfaction prediction model, followed by
the validation of the proposed profit optimization schemes
and a comparison study with benchmarking algorithms in
terms of profit improvement and time complexity.

7.1 Experimental Settings

In order to establish user satisfaction model, we collect 100
participants” personality scores and their satisfaction scores
under 36 price-qos levels using questionnaires. A 5-fold
cross-validation is used to train the user satisfaction model.
To validate the effectiveness of the model, we recruit another
100 participants. The total 200 participants are between 23
to 48 years old with an average of 26.8 years and most
of them are under 34 (the highest percentage of individ-
uals using cloud computing services was recorded among
people under 34 years of age [32]). The occupations of the
total 200 participants include students, teachers, engineers,
researchers, and accountants. These participants come from
different countries and half of them are male. Thus, the 200
participants should be able to represent the general public.
The server configuration parameters given in [33], which are
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Table 2: Configurations of the simulated server model built
on 656nm technology [33].

Level (V) f(GHz) n(nF)
1 0.85  0.8010 13.0
2 0.90 0.8291 12.0
3 095  0.8553 14.0
4 1.00 0.8797 15.0
5 1.05 0.9027 17.0
6 1.10 1.0000 16.0
7 1.15 1.0527 18.0
8 1.20 1.1236 16.0
9 1.25 1.1867 19.0
10 1.30 1.2500 18.0

also shown in Table 2, are used in this work. The configu-
ration of each server is randomly selected from the table. In
our experiment, we empirically divide the participants into
10 different groups (i.e., 10 different service request sets) to
test the performance of the proposed model and algorithms
in different cases. The number of instructions W, of request
Ty is randomly selected between [4x 107, 6 x 10%] [33]. Other
attributes such as service price ¢2¢* and desired finish time

Ddes are obtained based on questionnaires. The simulations
are performed on a machine with a 3.5GHz Intel i7 quad-
core processor and 16GB of memory.

In order to verify the effectiveness of the proposed
satisfaction-constrained profit optimization algorithms, we
compare and analyze the proposed algorithms with four
benchmarking algorithms, i.e., RAN, GA [34], CORA [35],

and NFA [36], which are briefly described as follows.

e RAN:RAN is an algorithm that randomly schedules
requests to meet user satisfaction requirements.

e GA (Genetic Algorithm): GA obtains the optimal so-
lution by simulating the natural evolution process. It
abstracts the candidate solution into chromosome by
coding, evaluating advantages and disadvantages of
the chromosome using fitness function, and using re-
production and mutation to generate new candidate
solutions until the termination condition is reached.

e CORA (Completion-time Optimal Resource Alloca-
tion): CORA optimizes the average completion time
of the service requests, and obtains the optimal so-
lution by converting the optimization problem from
integer programming to linear programming.

o NFA (Novel Firefly Algorithm): NFA minimizes the
makespan of tasks in a hybrid cloud environment. It
follows the evolutionary mechanism of standard FA,
but achieves better effectiveness and efficiency by
using a distance-based mapping operator for map-
ping fireflies to solutions, a composite heuristic to
generate an initial solution, and a new movement
scheme to explore a wide range in the search space.

7.2 Experimental Results and Analysis
7.2.1 User satisfaction model prediction

We divide 100 new participants into 10 groups for verify-
ing the user satisfaction prediction model. The verification
results are shown in Figure 5. It can be seen from the
figure that even for new participants who are not involved
in model training, the predicted satisfaction score and the

10

OPredicted score O Real score

Average user satisfaction score
(=2}

1 2 3 4 5 6 7 8 9 10
User group

Figure 5: Satisfaction score prediction of new participants.

real satisfaction score are almost equal. Most users are not
satisfied with high service price and low service quality, thus
the average user satisfaction score is between 4.5 and 6.5,
which is far below the highest satisfaction score (i.e., 10).
Moreover, the differences in user personality lead to varying
average satisfaction scores for each group of samples.
Figure 6 shows a confusion matrix of the predicted and
real satisfaction scores of new participants, in which x-axis
denotes the predicted satisfaction score while y-axis denotes
the real satisfaction score. The element (4, j) of the i-th row
and the j-th column in the matrix represents the proba-
bility that the real satisfaction score is ¢ and the predicted
satisfaction score is j. For example, (2,1) = 15% indicates
that when the real satisfaction score is 2 and the predicted
satisfaction score is 1, the probability is 15%. We can see
from the figure that the satisfaction model can accurately
predict satisfaction scores in more than 67% of the cases.
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T
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Figure 6: The confusion matrix of the predicted and real
satisfaction scores of new participants.

7.2.2 Satisfaction constrained profit optimization

In this section, we compare our algorithms with four bench-
marking algorithms in terms of profit and time complexity
under different user satisfaction constraints, respectively.
Comparison of profit. We have known that user satisfac-
tion scores are integers and set to be varied in the range from
1 (lowest satisfaction level) to 10 (highest satisfaction level)
[30]. When the user satisfaction score is higher than 5 (the
medium level), the cloud provider is considered to provide
a good user experience. Thus, in the experiment, we set the
user satisfaction constraint s¢, to 6,7, 8, and 9, respectively.
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Figure 7: The normalized profit of 10 service request sets using our algorithms and four benchmarking algorithms.

The reason why we do not take the value of 10 is that,
achieving the highest user satisfaction level typically has
an unacceptable cost which is against the objective of cloud
providers for profit maximization. Note that for each request
set under each satisfaction constraint, we run six algorithms
1000 times separately and take the normalized average for
comparison. Figure 7 shows the normalized average profit
of six algorithms under different satisfaction constraints.

From this figure, we can see that our ILP-based algo-
rithm outperforms four benchmarking methods in terms
of profit. For example, when user satisfaction constraint
stn, = 6 (see Figure 7(a)), compared to RAN, CORA, GA,
and NFA, our ILP-based algorithm increases the profit of
the cloud provider by 97.06%, 42.45%, 23.58%, and 14.71%,
respectively. The reason behind lies in that our ILP-based al-
gorithm adopts integer linear programming to optimize the
profit, while RAN, GA, and NFA are approximate methods
and CORA is a linear programming based approach.

Our VACE-based request scheduling algorithm also out-
performs four benchmarking methods in terms of profit.
For example, in the case of st = 7 in Figure 7(b), com-
pared to RAN, CORA, GA, and NFA, our VACE-based
algorithm increases the profit of the cloud provider by
84.76%, 31.22%, 10.35%, and 4.43%, respectively. This is
because our VACE-based algorithm generates the schedule
schemes based on the CE method with strong global search
capability and takes advantages of user personality. RAN
randomly dispatches service requests, ignoring users with
high budges and urgency, thus, has least profit. CORA
optimizes the profit by improving the service quality of
all users, but does not take the impact of user personality
on profit optimization into account. GA uses profit as the
fitness function so that users with high budges and urgency
are not missed, thus, obtains more profit than CORA and
RAN. However, GA is easy to prematurely converge and
fall into a local optimal solution, thus, achieves less profit
than our VACE-based algorithm. For example, in the case
of sy, = 9, as shown in Figure 7(d), GA achieves 9.68%
less profit compared to our VACE-based algorithm. NFA
uses a composite heuristic to generate an initial solution,
and adopts a new movement scheme to explore a wide
range in the search space to avoid falling into a locally
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Figure 8: Compare the normalized profit of six algorithms
under different user satisfaction constraints.

optimal solution, whereas it does not take user personality
into account. Thus, it achieves more profit than GA but less
profit than our VACE-based algorithm.

From Figure 8, we can see that when user satisfaction
constraint sy, increases, the cloud provider’s profit for all
six algorithms decreases. The reason is that a higher s
forces the cloud provider to prioritize the requests with
high urgency to avoid the violation of SLA. In this way, the
requests with low urgency but high profit will be delayed
or discarded. Moreover, we can also see that the time-
consuming ILP-based algorithm outperforms the VACE-
based algorithm in terms of profit. For example, in the case
of st = 9, the normalized average profit of the ILP-based
algorithm under 10 request sets is 0.7157 while that of the
VACE-based algorithm under 10 request set is 0.6714. Nev-
ertheless, our lightweight VACE-based algorithm uses the
methods of CE and value assessment for acceleration, thus
is suited for applications with high scheduling resolution.

Comparison of time complexity. We run six algorithms
1000 times under different user satisfaction constraints. Ta-
ble 3 compares the average running time of six algorithms
under different user satisfaction constraints.

It can be seen from Table 3 that RAN has the least
average running time since RAN only needs to satisfy
users without optimizing profit. Among remaining algo-
rithms that consider profit optimization, our VACE-based
algorithm is superior to NFA, GA, CORA, and ILP-based
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Table 3: Compare the average running time of six algorithms
under different user satisfaction constraints (Unit of Mea-
surement (UoM): seconds).

Sth RAN CORA GA NFA VACE-based ILP-based Min.Im Max.Im
6 1 28.75 5.87 3.85 2.29 31.09 1.68x 13.58x
7 1.25 29.09 7.31 4.79 2.84 33.92 1.69x 11.94x
8 1.41 31.98 8.49 5.63 3.2 36.19 1.76x 11.31x
9 1.73 32.11 10.14 6.72 3.84 38.55 1.75x 10.04x

algorithms in terms of average running time, and achieves a
speedup range from 1.68x to 13.58x. The reason behind lies
in that our VACE-based algorithm uses the CE technique
for fast convergence, which is further accelerated using the
value assessment of the requests. In addition, when user
satisfaction constraint s;p increases, the average running
time of six algorithms increases as well. The reason is that
a higher s, will increase the difficulty of searching for an
efficient solution, thus incurring longer running time.

Figure 9 shows the normalized running time of six algo-
rithms under different number of requests when s, = 6.
As can be seen from the figure, the ILP-based and CORA
algorithms not only run much slower than the RAN, GA,
NFA, and VACE-based algorithms, but also increase more
rapidly in running time as the number of requests increases.
The reason behind lies in that both the ILP-based and CORA
algorithms use the linear programming technique, and thus
have higher complexity than the RAN, GA, NFA, and
VACE-based approximate algorithms. Moreover, the CORA
algorithm converts the optimization problem from integer
programming to linear programming, which simplifies the
optimization at the cost of profit reduction, thus has less
running time than our ILP-based algorithm.
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Figure 9: Compare the normalized running time of six
algorithms under different number of service requests.

In summary, though our ILP-based algorithm has longer
running time, it maximizes the provider’s profit under
the user satisfaction constraint and obtains a higher profit
than other benchmarking algorithms. Our VACE-based al-
gorithm is suboptimal in terms of profit optimization. How-
ever, it incurs shorter running time by adopting a value
assessment-based CE technique, thus is well suited for
applications with high scheduling resolution.

8 DISCUSSION

In this section, we discuss the possible directions of ap-
plying our proposed user satisfaction model and request
scheduling algorithms to the real cloud service providers in
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the future. Specifically, we provide two real examples below
for the sake of better understanding.

e CRM [37]: As a combination of practices, strategies
and technologies that companies use to manage and
analyze their interactions with current and poten-
tial customers, customer relationship management
(CRM) has been widely adopted in many service
industries [38], [39], [40]. Using the CRM system,
companies can greatly improve customer satisfac-
tion for driving sales growth and ultimately gaining
more profits. For attracting more customers, the CRM
system should offer personalized and customized
services so that each customer will experience dif-
ferently according to their needs and interests [39].

As profit-oriented business enterprises, cloud service
providers also can use such CRM systems to manage cus-
tomer relationships for improving customer satisfaction and
profitability [40], [41], [42]. In this paper, we propose a
personality-guided user satisfaction model that not only
predicts the user satisfaction based on factors such as user
personality, service price, and service quality, but also cap-
tures the personalized execution requirements of service
requests submitted by different users. Owing to the large
amounts of historical transaction data and customer profile
data generated by the interaction between cloud service
providers and their customers and stored in the CRM cloud
systems, our proposed personality-guided model can be
integrated into the CRM systems of cloud service providers
for providing personalization and customization of cloud
services, and hence for getting more profits.

e DRM [43]: Real cloud service providers (e.g., Ama-
zon EC2 and IBM blue cloud) usually manage their
resources by using the cloud managers such as
Eucalyptus, OpenNebula, and Nimbus [24]. These
cloud managers can help virtualized data centers to
build private, public and hybrid implementations of
infrastructure as a service [44]. In cloud computing,
resources are provided to cloud users in the form
as virtual machines (VMs). When users submit their
requests, the cloud service providers would use dis-
tributed resource management (DRM) systems such
as Sun Grid Engine [45], Portable Batch System [46],
and Condor [47] to schedule and assign these re-
quests to different VMs in a centralized way. Taking
Condor as an example, it provides a job queueing
mechanism, scheduling scheme, priority policy, re-
source monitoring, and resource management. Users
submit their requests to Condor, then Condor places
them into a queue and chooses when and where to
run them based upon a scheduling scheme [48].

In this paper, we model the cloud service platform as a mul-
tiserver system with a service request queue and propose a
personality-guided user satisfaction model. Based on these
models, we develop two effective scheduling schemes, i.e.,
ILP-based optimal request scheduling scheme and VACE-
based approximate request scheduling scheme, to maximize
the cloud service provider’s profit. In real world, the cloud
service providers can deploy different DRM systems for
achieving different goals. Thus, at least for the cloud service
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providers with the goal of maximizing profit, our proposed
request scheduling schemes could be alternative approaches
for their DRM systems.

In the future, we will focus on designing a personality-
guided CRM system and a profit-aware DRM system for
real cloud service providers.

9 CONCLUSIONS AND FUTURE WORK

In this paper, we propose efficient personality-guided user
request scheduling schemes for cloud profit maximization.
More specifically, we first establish personalized user model
and cloud provider model, based on which a profit opti-
mization problem is formulated. Then, we propose a user
personality-guided satisfaction prediction technique based
on questionnaires. Subsequently, we formulate a satisfaction
constrained profit maximization problem and design a time-
consuming ILP-based optimal request scheduling scheme,
which is followed by a lightweight VACE-based approxi-
mate scheme tailored for applications with higher schedul-
ing resolution. Extensive experimental results show that our
personality-guided user satisfaction prediction technique
can achieve an accuracy of up to 83%. Our satisfaction
constrained profit optimization algorithms can increase the
profit by at least 3.96% compared to four benchmark algo-
rithms while still achieving a speedup of at least 1.68x.

In the future, first, we will study the user satisfaction pre-
diction model in depth by taking more factors into account,
and improve the accuracy of prediction results by adopting
neural network techniques to train the user satisfaction
model. Second, we will consider a more flexible multiserver
system model that allows long-term and short-term resource
leasing mechanisms for further improving user satisfaction.
Finally, based on these models, we plan to solve the profit
maximization problem by determining the optimal request
scheduling as well as the optimal multiserver configuration
(i.e., the optimal size and speed for servers). In addition,
we aim to design a personality-guided CRM system and a
profit-aware DRM system for real cloud service providers.
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