Tradeoffs between Profit and Customer Satisfaction for
Service Provisioning in the Cloud
∗

Junliang Chen

Centre for Distributed and
High Performance Computing
School of Information
Technologies
The University of Sydney
NSW 2006, Australia

jchen@it.usyd.edu.au
Lei Sun

School of Information and
Electrical Engineering
China University of Mining and
Technology
Xuzhou 221116, P.R. China

leisuncumt@yahoo.com

Chen Wang

Bing Bing Zhou

CSIRO ICT Center
PO Box 76, Epping
NSW 1710, Australia

Centre for Distributed and
High Performance Computing
School of Information
Technologies
The University of Sydney
NSW 2006, Australia

chen.wang@csiro.au

Young Choon Lee

bbz@it.usyd.edu.au
Albert Y. Zomaya

Centre for Distributed and
High Performance Computing
School of Information
Technologies
The University of Sydney
NSW 2006, Australia

Centre for Distributed and
High Performance Computing
School of Information
Technologies
The University of Sydney
NSW 2006, Australia

yclee@it.usyd.edu.au

ABSTRACT
The recent cloud computing paradigm represents a trend of
moving business applications to platforms run by parties located in different administrative domains. A cloud platform
is often highly scalable and cost-effective through its payas-you-go pricing model. However, being shared by a large
number of users, the running of applications in the platform
faces higher performance uncertainty compared to a dedicated platform. Existing Service Level Agreements (SLAs)
cannot sufficiently address the performance variation issue.
In this paper, we use utility theory leveraged from economics and develop a new utility model for measuring customer satisfaction in the cloud. Based on the utility model,
we design a mechanism to support utility-based SLAs in order to balance the performance of applications and the cost
of running them. We consider an infrastructure-as-a-service
type cloud platform (e.g., Amazon EC2), where a business
service provider leases virtual machine (VM) instances with
spot prices from the cloud and gains revenue by serving its
customers. Particularly, we investigate the interaction of
service profit and customer satisfaction. In addition, we
present two scheduling algorithms that can effectively bid
for different types of VM instances to make tradeoffs be∗The author is also with National ICT Australia Limited, 13
Garden Street, Australian Technology Park, Eveleigh, NSW
2015, Australia
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tween profit and customer satisfaction. We conduct extensive simulations based on the performance data of different
types of Amazon EC2 instances and their price history. Our
experimental results demonstrate that the algorithms perform well across the metrics of profit, customer satisfaction
and instance utilization.

Categories and Subject Descriptors
C.2.4 [Computer-Communication Networks]: Distributed
Systems—Distributed applications; J.4 [Computer Applications]: Social and Behavioral Sciences—Economics

General Terms
Design, Economics, Algorithms

Keywords
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1.

INTRODUCTION

With the recent infrastructure-as-a-service (IaaS) computing paradigm, a business is enabled to run its online services
on VM instances rented from one or multiple infrastructure
service providers in a pay-as-you-go manner. The new computing style reduces the total cost of ownership (TCO) of
online services by eliminating up-front investment and cutting down maintenance cost of hardware and software. An
infrastructure service provider often provides a variety of
virtualized resources to satisfy diverse business needs, e.g.,
Amazon Elastic Compute Cloud (EC2) offers VM instances
that differ in computing/memory capacity, OS type, pricing
scheme and geographic location for rent on an hourly basis
[1]. Due to the intrinsic scalability and cost-effectivenss, it
is becoming a trend to deploy services in the cloud [3].

As shown in Figure 1, there are three typical parties in
the cloud: infrastructure service providers, business service
providers and customers (end users). Infrastructure service providers charge business service providers for renting
VM instances to deploy service capacity. Business service
providers charge customers for processing their requests.
In the paper, we use business service provider and service
provider interchangably. These parties form a market in the
cloud. Resource management in this market falls into two
levels: the infrastructure service provider level and the business service provider level. The former mainly deals with
the placement and migration of VM instances for the purpose of improving the efficiency of physical resource use,
which has drawn considerable attention from both industry
and academia. The latter deals with how a business service
provider can efficiently use virtualized resources to achieve
its business goals.
Compared with other markets, the cloud computing market faces challenges on providing certainty to the commodities exchanged among buyers and sellers. It has been noticed
that performance variation of cloud computing nodes is high
and some nodes may have order of magnitude worse performance than other nodes [5, 20]. It becomes a significant
issue for an infrastructure service provider and a business
service provider if they intend to offer viable service level
agreements (SLAs) to their customers. Lack of such agreements may cause valuable applications to move away from
the cloud and will jeopardize sustainable growth of cloud
computing in the future.
To a certain degree, the problem arises due to the fact
that each party in the cloud has its own interest. An infrastructure service provider intends to optimize its physical
resource utilization for profit, which may affect the performance of VM instances running on it. On the other hand,
a business service provider intends to satisfy its customers
with minimal cost of renting VM instances. The utility
model in economics is commonly used to represent the needs
of a customer and the obligation of a provider. Under the
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Figure 1: The three-tier cloud computing market

utility model, the prices of resources provided by the infrastructure service dynamically reflect the supply and demand of these resources. This approach has been known as
utility computing [8, 10, 12, 18] for a while and is the cornerstone for resource allocation in the infrastructure service
level. In this paper, we investigate the use of the utility
model to characterize the SLA between a business service
provider and its customers so that the performance of processing a request is proportional to its price. We investigate
scheduling strategies in the business service provider level,
particularly, we intend to optimize the strategies of choosing
VM instances of different types and dispatching customer requests to these instances for achieving objectives on service
profit and customer satisfaction.
Our work differs from previous studies in two aspects:
1. We consider customer satisfaction as an explicit metric
when making schedules, while existing algorithms only
focus on profit. Customer satisfaction is essential for
building long-term profitable services in the business
world. We believe it is also of foremost importance in
characterizing an SLA and delivering services in the
cloud.
2. Our scheduling algorithms deal with a varying number
of resources with different types and prices, while most
existing algorithms, such as FirstPrice [8], FirstReward [12] and FirstProfit [18] only apply to a fixed
resource set. For scheduling in a fixed resource set,
the key point is how to prioritize service requests that
wait for processing. Given the fact that the number of
resources in the cloud can be seen as unlimited from a
business service provider’s perspective, how to build an
appropriate resource set according to the fluctuation of
dynamic service request volume becomes a crucial issue. In many cases, two sets of resources may deliver
different performance for different services, but they
may have the same price.
The main contributions of our work include the following:
1) we develop a utility model using utility theory leveraged
from economics for measuring customer satisfaction; 2) we
investigate the impact of using different types of VM instances for request processing on the service provider’s profit
and the customer’s satisfaction; 3) we show the interaction
of service profit and customer satisfaction with our utility
model; 4) we give two scheduling algorithms that can make
tradeoffs between profit and customer satisfaction.
The rest of the paper is organized as follows: Section 2
gives an overview of the service provisioning problem we
study in this work; Section 3 presents the utility model and
a mechanism to support utility-based SLAs; Section 4 describes our scheduling algorithms; Section 5 presents the
Amazon EC2 based evaluation results of our algorithms;
Section 6 is the related work and Section 7 concludes the
paper.

2.

THE SYSTEM MODEL

We consider a business service that delivers application
services on demand in the cloud. The applications can be
scientific data processing, finance data analysis, image processing, video encoding, etc. The service provider charges
customers who request to run these applications. We use

Table 1: The configurations of three types of spot
instances on Amazon (California, US, Jan 2011)
Instance type
Small
Large
Extra Large

CPU (core)
1
2
4

Memory (GB)
1.7
7.5
15

auction

Storage (GB)
160
850
1690

mean (sec)
402.9
101.2
56.6

T2

T3

auction

T4 time

(a)

arrival waiting

standard deviation (sec)
4.9
1.6
1.0

x264 [4] as a sample application to show its performance difference on several types of VM instances on Amazon EC2.
X264 is a free software tool for encoding video streams into
H.264/MPEG-4 AVC format. It is used in many Web video
services such as Youtube and Facebook. It is capable of performing video encoding tasks on both single and multiple
processor machines. The execution time of a video encoding
task may vary from several minutes to many hours, depending on the video size. We run x264 on Amazon EC2 using
three types of VM instances from the spot instance pool.
The configuration of the spot instances is shown in Table 1.
Table 2 lists the average execution time and variation of 10
runs of encoding 512-frame 1080p video streams on different
types of instances using x264. The problem for the service
provider is how to rent a set of VM instances from an infrastructure service provider to serve customer requests so
that tradeoffs between its profit and customer satisfaction
can be achieved.
We consider the problem under the following system model.
A service provider rents VM instances through participating auctions run by the infrastructure service provider. The
auctions are held in fixed time intervals using an algorithm
similar to ascending clock auction [22]. The results of an
auction set the prices of instance types and reflect the current supply and demand of these instance types. At the end
of each time interval, an auction is held to take users’ bids.
The prices of different types of instances for next time interval are then determined. If bidders accept the updated
prices, instances that they bid for will be launched at the
beginning of next time interval. Incurred resource usage is
charged at the end of each time interval. The minimum unit
of charge is a time interval, partial resource usage that is less
than a time interval will be billed as a full time interval. The
infrastructure service provider model used in this paper is
similar to Amazon EC2 Spot Instances [2].
Customers of the service provider submit service requests
to run applications. A request rj is characterized by a fourparameter tuple (sizej , U0j , αj , βj ), where sizej is the request size (similar to the job size); U0j is the maximum
utility the required service delivers to the customer; αj and
βj denote the customer’s preference for service price and response time. We will discuss this in detail later in Section
3.
The scheduling of these requests is performed in a semionline manner. The service provider buffers service requests
that arrive in current time interval in a queue, and bids for
instances to process them in the next time interval. We assume that the time interval between two auctions is smaller

auction

T1

Table 2: Results of encoding 512-frame 1080p video
streams using x264 on Amazon EC2
Instance type
Small
Large
Extra Large

auction

T1

t1

processing waiting processing finish

t2 T3

T2

t3 T4 time

(b)
Figure 2: An example of the scheduling process. (a)
auction cycles; (b) the scheduling process of a request.
than the average request size so that the time of waiting is
not significant. When the auction opens for bids at the end
of current time interval, the service provider runs a scheduling algorithm to bid for instances. Once the VM instances
are successfully bid and the next time interval starts, the
service provider dispatches the buffered requests to the instances. The scheduling algorithm consists of two steps. In
the first step, it determines how many instances of different
types to bid for according to the information of requests in
the queue (incentives of customers) and the market prices of
different types of instances (constraints of the infrastructure
service provider). The service provider needs to rent a set of
instances to maximize its profit or improve customer satisfaction. In the second step, the scheduling algorithm assigns
requests to rented instances. If the processing of a request
cannot finish in the current time interval, the request will
stay in the queue and join the auction for the next time
interval. Due to the fluctuations of instance prices, the instance for processing the request in the next time interval
can be of a different type. Here we assume that the request
is divisible and moving the remainder of a request to another instance does not incur much cost. The assumption
is realistic as many instances rented by the service provider
may share the same file system.
We illustrate the scheduling process through an example.
As shown in Figure 2(a), T1 , T2 , T3 and T4 are beginnings
of four time intervals, auctions are held at the end of each
time interval. In Figure 2(b), a request r arrives at time t1 ,
then it is put into the waiting queue. At time T2 , the start
of the next time interval, r is scheduled to be processed on
an instance. At time t2 , the intermediate result of r is saved
and it is put back into the queue. The request is rescheduled
to run at time T3 on an instance that may or may not be
the previous one. Finally, the request processing finishes at
time t3 . The response time of request r is t3 − t1 , and the
delay is T2 − t1 .

3.

THE UTILITY MODEL AND UTILITYBASED SLAS

Previous research on market-based resource allocation often only takes into account the values of customer requests,
but fails to characterize the satisfaction of these customers.
Customer satisfaction measures how well service performance

service price

The utility model further enables us to define utility-based
SLAs between a customer and a service provider. An SLA
in this case is the tuple (U0 , α, β), which constrains how the
service performance is satisfactory to a customer. Apparently, the relationship between the price and response time
determines the satisfaction.
With a set of SLAs between a service provider and a number of customers, the service provider is capable of making
efficient decisions regarding VM instance renting to satisfy
both its own profit target and customers’ needs. The flexibility in price and response time can also relieve the performance variation issue in the cloud. Specially, a service
provider can do the following to optimize its resource use:

1
B B
2

C C

3
A A

response time

Figure 3: An example of indifference map. IC1 , IC2
and IC3 are three indifference curves with satisfaction level U1 , U2 and U3 respectively (U1 < U2 <
U3 < U0 ). A, B and C are points on the indifference curves, representing different combinations of
service price and response time.

1. While maintaining a certain level of customer satisfaction, the service provider is enabled to optimize profit
by reducing the response time and charging a higher
service price, which means moving the point (p, t) up
left along the indifference curve, e.g., from point C to
point B in Figure 3.
2. While keeping a profit target, the service provider can
improve customer satisfaction by reducing the response
time, which means moving point (p, t) left horizontally
from an indifference curve to another indifference curve
with higher satisfaction level, e.g., from point C to A
in Figure 3.

meets customer expectation. It is a key indicator in the business world.
Previous work [8, 12, 18] considers that the value of a
customer request changes with the time it stays in a system.
There is no indication about how a customer satisfies with
different combinations of service price and request processing time. We model the customer satisfaction based on the
utility theory [17] in economics. As shown in Equation 1,
we define the satisfaction, or utility of using a service as a
function of the service price p and the response time t.
U (p, t) = U0 − αp − βt

(1)

in which, U0 is the maximum utility that the service delivers
to the customer; α and β are coefficients. U0 is proportional
to the size of the service request. It is natural that serving
a request of large size means high utility for a customer.
α/β (β/α) is known as marginal rate of substitution in economics, denoting the rate at which the customer is willing to give up response time (or service price) in exchange
for service price (or response time) without any satisfaction
change.
A customer may have different levels of satisfaction. An
indifference map [17] can be drawn based on satisfaction
levels, as shown in Figure 3. Each line (a special case of
indifference curve) in the map represents a certain level of
satisfaction. The points on a given line represent different
combinations of service price and response time that deliver the same satisfaction level, i.e., the customer is equally
satisfied at all points on a given line. However, the customer prefers lines with higher satisfaction levels to those
with lower satisfaction levels. For example, as illustrated in
Figure 3, the customer has no preference between points B
and C, but prefers point A to points B and C.
Equation 1 enables us to compare customer satisfaction
levels as long as the price and response time of the request
processing are known. In addition, when fixing the satisfaction to a customized level Uc (Uc < U0 ), the service price p
that the customer would like to pay for request processing
can be calculated as below:
p=

U0 − Uc − βt
α

3. For delayed services caused by performance variation
of rented VM instances, the service provider can maintain the customer satisfaction by charging a lower service price, which means moving the point (p, t) down
right along the indifference curve, e.g., from point B
to point C in Figure 3.

(2)

We will describe two algorithms to achieve these in the
next section.

4.

SCHEDULING ALGORITHMS

Our scheduling algorithms are based on the model and
SLAs described above. In this section, we first introduce
performance index (PI) to measure the performance differences of different instance types. We then describe our portfolio strategies for building an appropriate resource set to
process service requests in a semi-online manner. Finally,
we describe two scheduling algorithms for making tradeoffs
between profit and customer satisfaction.

4.1

Performance Index

Processing a request on VM instances of different types
may have great difference in response time, and hence the
service provider’s profit and customer satisfaction (see Table 2). To quantify the performance difference, we normalize
the request processing capacity of VM instances against that
of a standard instance. We call the normalized capacity performance index. Let w0 and wk denote the workload that
a standard instance and a type ik instance can process in a
time interval respectively. The performance index, denoted
by P Ik is defined as below:
wk
(3)
P Ik =
w0
Suppose a standard instance uses time t0 to process a
request, a type ik instance shall normally need time PtI0k

to process the same request. A service provider can obtain
performance indexes of various instance types for processing
requests through profiling and benchmarking.

4.2

costjk = costj + rptjk .pk

Portfolio Strategies

We use I = {i1 , . . . , im } to denote the set of instance types
and R = {r1 , . . . , rn } to denote the requests in a waiting
queue attached to a service provider. For each request rj ∈
R, the following variables are defined to describe its state:
• costj : the accumulated cost of instance renting for processing rj . costj is updated every time interval because
the cost of instance renting is charged per time interval
by the infrastructure service provider.
• revenuej : the revenue that a service provider expects
to generate by serving rj . The revenue is realized only
when rj is finished processing, i.e., the service provider
charges the customer only when his/her request is finished (not every time interval).
• rptj : the remaining processing time (on a standard
instance) of rj . It is also updated every time interval.
The initial value of rptj equals the request size sizej .
As mentioned earlier, at the end of each time interval, a
service provider needs to bid for VM instances to process
service requests in the queue for the next time interval. The
service provider makes decisions on what types of instances
and how many instances to bid for. Since performance and
prices of different types of instances vary greatly, processing a request on different types of VM instances results in
different revenue and cost, hence different profit and customer satisfaction. It is of the service provider’s interest to
schedule requests to instance types so that its objective of
maximizing profit or improving customer satisfaction is met.
While profit is often the driving force, customer satisfaction
can sometimes be a more preferable goal to pursue for a service provider as satisfaction may lead to competitiveness and
long term profit, particularly when many service providers
offer equivalent services in the cloud.
Based on the utility model and performance indexes of
various instance types above, we develop portfolio strategies for a service provider to rent an appropriate set of VM
instances to serve its customers. Portfolio strategy [6] is
broadly used in financial investment to reduce price fluctuation risk by building an appropriate set of different assets,
e.g., stocks, bonds, options. When deciding which type of
instance to choose for processing a request in an auction
session, our strategies calculate expected profit (or satisfaction) for different types of VM instances, and then choose
the type with maximum expected profit (or satisfaction).
Due to the price fluctuations, the instance type chosen for
processing the same request may be different in different
auction sessions.

4.2.1

The expected accumulated cost can be calculated using
the following equation:

Profit Optimization under a Satisfaction Target

This strategy is for service providers who aim to maximize profit while maintaining a minimal satisfaction level,
denoted by Umin (Umin < U0 ).
In an auction session, for each request rj in the queue, if
it is scheduled to an instance of type ik ∈ I, its expected
remaining processing time would be as below:
rptjk =

rptj
P Ik

(4)

(5)

where pk is the market price of instance type ik for the next
time interval.
The expected revenue revenuejk can then be calculated
through Equation 2 with given Umin and the expected response time resp timejk , which is derived from
resp timejk = current time − arrival timej + rptjk (6)
where the two self-explaining parameters current time and
arrival timej denote the current time and the arrival time
of request rj .
The expected profit generated through processing rj on
an instance of type ik is therefore as below:
prof itjk = revenuejk − costjk

(7)

Among all instance types (k = 1, . . . , m), the instance
type with maximum expected profit will be selected for processing request rj .
Algorithm 1: FirstFit-profit algorithm
Input: market prices p1 , · · · , pm , Umin
1: for each request rj ∈ R do
2:
Update rptj , costj
3:
prof itj = 0, instancej = 0
4:
for each intance type ik ∈ I do
rpt
5:
rptjk = P Ikj
6:
costjk = costj + rptjk .pk
7:
Calculate revenuejk with Umin and resp timejk
8:
prof itjk = revenuejk − costjk
9:
if prof itj < prof itjk then
10:
prof itj = prof itjk
11:
instancej = ik
12:
end if
13:
end for
14:
bid for an instance of type intancej for processing
request rj
15: end for

4.2.2

Satisfaction Optimization with a Profit Bound

This strategy is for service providers who aim to maintain
a minimal unit profit prof itmin for each request. Unit profit
prof it
is defined as request
.
size
In an auction session, if request rj is scheduled to an instance of type ik , the expected remaining processing time
and expected accumulated cost are also calculated using
Equation 4 and Equation 5.
The expected revenue under given prof itmin is calculated
as below:
revenuejk = prof itmin · sizej + costjk

(8)

The expected satisfaction satisf actionjk can therefore be
calculated using Equation 1 with revenuejk and resp timejk
(also derived from Equation 6).
Among all instance types, the instance type with maximum satisfaction will be selected for processing request rj .

Algorithm 2: FirstFit-satisfaction algorithm
Input: market prices p1 , · · · , pm , prof itmin
1: for each request rj ∈ R do
2:
Update rptj , costj
3:
satisf actionj = 0, instancej = 0
4:
for each intance type ik ∈ I do
rpt
5:
rptjk = P Ikj
6:
costjk = costj + rptjk .pk
7:
revenuejk = prof itmin · sizej + costjk
8:
Calculate satisf actionjk with revenuejk and
resp timejk
9:
if satisf actionj < satisf actionjk then
10:
satisf actionj = satisf actionjk
11:
instancej = ik
12:
end if
13:
end for
14:
bid for an instance of type intancej for processing
request rj
15: end for

4.3

Scheduling Algorithms

With the portfolio strategies, two scheduling algorithms
naturally follow. FirstFit-profit algorithm is to maximize
profit when maintaining a target of customer satisfaction,
while FirstFit-satisfaction algorithm is to maximize customer
satisfaction while keeping a bound of unit profit. These
scheduling algorithms are invoked when a service provider
has pending requests in its waiting queue during auction
sessions.

5.

PERFORMANCE EVALUATION

We evaluate our algorithms through extensive simulation
based on the performance data of different types of Amazon
EC2 instances and their price history.
In the experiments, we first investigate the impact of using instances of different types for request processing on the
service provider’s profit. Specifically, we compare our algorithms with four baseline algorithms that use homogeneous
instances, BL-small, BL-large, BL-xlarge and BL-random.
The first three algorithms always choose small, large and
extra large instances to rent respectively during an auction
session whereas the last algorithm randomly chooses one
from the three instance types to bid for. We then examine
the performance of our scheduling algorithms with different
customer preferences. At last, we investigate the relationship between service profit and customer satisfaction, and
demonstrate the benefit a service provider may gain with a
flexible satisfaction level (or profit bound).

5.1

Experimental Setting

We use three types of spot instances on Amazon in our
experiments, i.e., small, large and extra large. Table 1 gives
the configuration of these instance types. We run performance testing with x264 on instances of the three types to
obtain their performance indexes. We also conduct performance testing with other applications such as Black-scholes
and Postmark. The results are not shown here as the focus
of this paper is not on handling applications with different
types. We use the price history of these three instance types
as the clearing prices of auctions of VM instances. The price
history of the three VM instance types used in our exper-

Table 3: Parameters used in the simulation
Parameter
Number of runs
Number of requests
Request arrival rate λ
Minimum request size
Maximum request size
Maximum utility U0
α/β
Instance types
Instance prices

Value
10
10,000
15 per time interval
2 time intervals
50 time intervals
equals request size
9, 3, 2, 1, 1/2, 1/4, 1/8
small, large, extra large
Amazon spot instances price history

iments is shown in Figure 4. In our simulation, auctions
open at the end of each time interval, during which prices of
different instance types for next time interval are updated
from price traces.
The simulation consists of 10 runs. Each run handles
10,000 customer requests that arrive in a Poisson process
with rate λ. Each request is characterized by a request size
(request processing time) and a utility function. The sizes
of requests follow a bounded Pareto distribution. The minimum request size is set to 2 time intervals, while the maximum size is set to 50 time intervals. For the utility function,
U0 is set to equal the request size, while α/β has different
settings in different experiments. As mentioned earlier, α/β,
marginal rate of substitution, denotes the customer’s preference over different combinations of price and response time.
In the first and third experiments, α/β is randomly selected
from 9, 3, 2, 1, 1/2, 1/4 and 1/8 for each request, for the purpose of examining the performance of scheduling algorithms
under multiple customer types. In the second experiment,
α/β is set to 9, 3, 1 for all requests respectively in order to
examine the impact of customer preference on service profit,
customer satisfaction and instance utilization. Table 3 lists
the parameters used in our experiments.
We use the following performance metrics to evaluate our
algorithms:
• Average unit profit (prof it): the average unit profit
gained by processing a request. prof it is defined as
below:
Pn revenuej −costj
)
j=1 (
sizej
(9)
prof it =
n
• Profit loss rate (lossprof it ): the fraction of requests
that fail to make profit due to the fact that the revenue brought by them cannot cover the cost of renting
instances to process them.
• Average satisfaction (satisf action): the average customer satisfaction of processing a request. satisf action
is defined as the following:
Pn
j=1 satisf actionj
satisf action =
(10)
n
• Satisfaction loss rate (losssatisf action ): the fraction
of requests that their associated customer satisfaction
falls below 0.
• Number of instances (number): the average number
of instances rented in a time interval.
• Utilization rate (utilization): the proportion of time
that instances are busy processing requests.

(a)
(a)

(b)

(b)

(c)
Figure 4: Price history of three types of spot instances on Amazon (Linux, California, US, Jan 1 Jan 15, 2011). (a) small instance; (b) large instance;
(c) extra large instance.

5.2

Results

In this section, we provide and analyze the experimental
results. First, we evaluate the effectiveness of using VM instances of different types for service request processing by
comparing with algorithms that use homogeneous instances.
Second, we present the results of our scheduling algorithms
on handling different customer types defined by different
α/β ratios. Third, we show the performance of our algorithms under different satisfaction targets and profit bounds
to examine the relationship of service profit and customer
satisfaction.

5.2.1

The effectiveness of using instances of different
types

We measure the average unit profit gained through our
FirstFit-profit algorithm and compare it with the average
unit profit gained through BL-small, BL-large, BL-xlarge
and BL-random in Figure 5(a). The FirstFit-profit algorithm outperforms all the algorithms that use instances of
a single type. It also outperforms BL-random, which randomly selects different instance types, by a wide margin. To
a great extent, it can be seen from the results that a service

(c)
Figure 5: Performance of different scheduling algorithms (with satisfaction target 1.0). (a) average
unit profit ($ per time interval); (b) number of instances; (c) utilization rate.

provider’s profit is influenced by the way it selects instances.
Our algorithm takes into account performance differences
and price fluctuations of different instance types when making VM instance renting and request scheduling decisions.
Those baseline algorithms, like many existing utility based
algorithms, do not consider these factors.
Figure 5(b) shows the number of instances used by each
algorithm and Figure 5(c) shows the utilization of these instances. It is clear that FirstFit-profit is capable of building a pool of instances that is just sufficient to handle customer requests. Compared to BL-random, FirstFit-profit
is capable of maintaining higher utilization for most types
of instances it rents. BL-small has higher utilization than
FirstFit-profit; however, it fails to make profit due to that

Table 4: Instance utilization with regard to different instance types by α/β ratio
Algorithm

Instance type

BL-small
BL-large
BL-xlarge

Small
Large
Extra Large
Small
Large
Extra Large
Small
Large
Extra Large

BL-random

FirstFit-profit

α/β = 9
number utilization
106.2
92.2%
32.4
77.7%
22.3
63.4%
12.0
95.5%
12.2
77.0%
12.1
59.1%
23.5
87.9%
16.5
92.3%
2.7
65.9%

α/β = 3
number utilization
105.9
92.1%
32.1
77.9%
22.2
63.2%
12.0
95.4%
12.0
76.8%
11.9
60.3%
1.6
48.4%
15.6
84.9%
7.7
81.4%

α/β = 1
number utilization
106.0
92.3%
32.2
78%
22.1
63.7%
11.8
95.3%
12.1
77.4%
11.9
59.6%
0
0%
13.1
83.3%
9.7
81.5%

customer requests are not processed timely with the limited
capacity of small instances.
On average, our FirstFit-profit algorithm achieves more
profit than those baseline algorithms. In addition, FirstFitprofit uses less instances to process requests and delivers a
higher instance utilization rate. Even though not our primary goal, improving the utilization of VM instances is a
desirable effect for the underlying infrastructure provider
as well because it can potentially improve the utlization of
physical resources.
Note that, the FirstFit-satisfaction algorithm uses the same
instance selection method as the FirstFit-profit algorithm,
its instance number and utilization are similar to those of

Figure 7: Number of instances with regard to different instance types by α/β ratio.

FirstFit-profit, hence we only provide the results of FirstFitprofit.

5.2.2

(a)

(b)

The impact of marginal rate of substitution α/β
In Figure 6, Figure 7 and Table 4, we plot the results under different α/β ratios. As shown in Figure 6, average unit
profit declines and profit loss rate rises as α/β reduces for
all algorithms. A smaller α/β means the customer prefers
a shorter response time than a lower price, i.e., the service price should decline greatly as the response time rises
slightly in order to keep the same level of satisfaction. In
this situation, the service provider, with the aim of maximize profit (through charging the highest possible service
price), should rent instances that can process the request
with the minimum response time. From Figure 7 and Table 4, we can see that as α/β reduces, our FirstFit-profit
algorithm rents more large and extra large instances in exchange for shorter response time. It comes with the cost
of higher instance prices, but offers the service provider to
charge a higher service price, which eventually produces a
higher profit. Baseline algorithms, which always bid for homogeneous instances, cannot dynamically handle different
customer preferences.
5.2.3

Figure 6: Average unit profit and profit loss rate by
α/β ratio (with satisfaction target 1.0). (a) average
unit profit ($ per time interval); (b) profit loss rate.

The relationship between service profit and customer satisfaction

With information about customers’ satisfaction levels and
service performance, a service provider has the flexibility to

Figure 8: Average unit profit ($ per time interval)
and profit loss rate achieved by the FirstFit-profit
algorithm under different satisfaction targets.

make tradeoffs between profit and customer satisfaction. In
this section, we examine the relationship between the two.
To simulate a set of customers with different preferences
for service price and response time combination, we define
a set of utility functions with α/β set to 9, 3, 2, 1, 1/2,
1/4, 1/8 and an incoming customer request is randomly assigned a utility function from the set. We first observe the
profitability of our FirstFit-profit algorithm under different
satisfaction targets. Figure 8 shows the average unit profit
and profit loss rate achieved by our FirstFit-profit algorithm
under satisfaction levels at 0.5, 1.0, 1.5 and 2.0. It can be
seen that average unit profit achieved by FirstFit-profit declines as the target satisfaction level rises. With the target
satisfaction level increases from 0.5 to 2.0, average unit profit
drops from 0.097 $/time interval to 0.026 $/time interval. In
addition, the rise of target satisfaction level leads more requests to fail to make profit. The loss rate increases from
0% to 33%.
Similarly, we examine the impact of varying unit profit
bound on the customer satisfaction. In Figure 9, we show
satisfaction results achieved by our FirstFit-satisfaction algorithm under four unit profit bounds. As expected, it is
clear that average satisfaction drops and satisfaction loss
rate rises as unit profit bound increases. The average satisfaction drops by 54.8% in our FirstFit-satisfaction algorithm
(from 3.43 to 1.55), while satisfaction loss rate increases from
1% to 11%.
From the results above, it can be concluded that service
profit and customer satisfaction have a negative correlation.
The service provider needs to pay the cost of profit reduction
for the improvement of customer satisfaction, and vice versa.
Furthermore, it also indicates that the service provider can
optimize their profit by using flexible satisfaction levels, e.g.,
adopting a lower satisfaction level when workload is heavy
or prices of VM instances are high and changing to a higher
satisfaction level when workload is light or prices of VM
instances are low. For service providers that want to improve
customer satisfaction, it is also of considerable benefit to
adopt a flexible unit profit bound.

6.

RELATED WORK

Research on market-based resource allocation started from
1981 [25]. The tools offered by microeconomics for address-

Figure 9: Average satisfaction and satisfaction loss
rate achieved by the FirstFit-satisfaction algorithm
under different unit profit bounds.

ing decentralization, competition and pricing were thought
useful in handling computing resource allocation problem
[10]. Even though some market-based resource allocation
methods are non-pricing-based [11, 14, 25], pricing-based
methods can reveal the true needs of users who compete for
shared resources and allocate resources more efficiently [15].
The application of market-based resource allocation ranges
from computer networking [25], distributed file systems [14],
distributed database [23] to computational job scheduling
problems [8, 9, 24]. Our work is related to pricing-based
computational job scheduling, or utility computing [19] as
well as recent work on consistency rationing [13].
B.N. Chun et al. [7] built a prototype cluster that provided a market for time-shared CPU usage for various jobs.
K. Coleman et al. [9] used market-based methods to address
flash crowds and traffic spikes for clusters hosting Internet
applications. Libra [21] was a scheduler built on proportional resource share clusters. One thing in common for [7,
9, 21] is that the value of a job does not change with the
processing time. In [8], B. N. Chun et al. introduced timevarying resource valuation for jobs submitted to a cluster.
The changing values were used to prioritize and schedule
batch sequential and parallel jobs. The job with the highest value per CPU time unit was put ahead of the queue to
run. D. E. Irwin et. al. [12] extended the time-varying resource valuation function to take penalty into account when
the value was not realized. The optimization therefore also
minimized the loss due to penalty. In our model, the penalty
is not directly reflected in our time-varying utility function,
but implicitly reflected in the cost of physical resource usage
in the cloud. The cost is incurred even when no revenue is
generated.
F. I. Popovici and J. Wilkes [18] considered the scenario
that a service provider rents resources at a price, which is
similar to the scenario we deal with in cloud computing. The
scheduling algorithm (FirstProfit) proposed in [18] used a
priority queue to maximize the per-profit for each job independently. Our previous work [16] extended the timevarying valuation function to handle mashup services in the
cloud.
Our algorithms differ from the above mentioned work mainly
in the satisfaction model we develop. Our algorithms treat
customer satisfaction as a variable according to utility the-

ory in economics while most existing algorithms treat it as
a constant. This more realistic setting leaves more room for
our algorithms to perform optimization. Moreover, our algorithms can handle different types of resources with different
prices compared to many existing algorithms.

[10]

[11]

7.

CONCLUSION

In this paper, we investigated the service provisioning
problem at business service level in the cloud. Using utility theory leveraged from economics, we developed a utility model for measuring customer satisfaction. Based on
the utility model, we gave a new type of SLAs between a
business service provider and its customers. Our study revealed that the marginal rates of substitution of customers
have a significant impact on a service provider’s profit. We
characterized the relationship between the profit of a service provider and customers’ satisfaction based on the utility
model. We proposed two scheduling algorithms for a service
provider to make tradeoffs between its profit and customer
satisfaction. By using flexible satisfaction targets (or unit
profit bounds), our algorithms enable service providers to
dynamically optimize their profit (or customer satisfaction)
according to workload changes and resource price fluctuations. This work provided a practical method for supporting
utility based SLAs in the cloud. Our extensive simulation
based on Amazon EC2 data showed the effectiveness of the
method.

[12]

[13]

[14]

[15]
[16]
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