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Abstract²This paper proposes a genetic inspired algorithm for
negotiating the tradeoffs between the workload Quality of Service
requests and the service center computing resources energy
consumption with the goal of allocating the service center
computing resources in an energy efficient manner. The bilateral
negotiation algorithm has two main parties: WKHZRUNORDGWDVN¶V
Quality of Service request, as a client, and the service center
servers available computing resources, as a provider. Both the
provider and the client are represented by agents and their
offers/requests are modeled as chromosomes. A chromosome
gene represents the value of the computing resources subject of
negotiation. The genetic inspired negotiation process has an
initial phase and a bargaining phase. In the initial phase, an
initial chromosome population is generated for both the provider
and the client and the values of their associated goal
chromosomes are set. In the bargaining phase, the client and
provider chromosomal populations are evolved using a cognitive
process similar to the genetic evolution. An agreement is reached
when the distance between one of the received offer/request
chromosomes and a corresponding goal chromosome is below a
predefined threshold.
Keywords²negotiation algorithm; genetic inspired; QoS vs energy
consumption tradeoff, alternating-offer, bargaining.

I.

INTRODUCTION AND RELATED WORK

The energy used by the service centers has increased
drastically in the recent years, being directly related with the
number of hosted servers and their workload. The IT analysts
report that for every $1.00 spent on new server equipment,
another $0.50 is spent on power and cooling expenses [1].
Since computing demand and energy costs are continuously
growing, the energy efficiency of IT systems and service
centers have become a high priority. One of the main factors
contributing to the service center high energy consumption is
the low utilization of computing resources.
In this paper we approach the problem of service center
computing resources under utilization by proposing a genetic
inspired algorithm for negotiating the tradeoffs between the
workload QoS (Quality of Service) requests and the service
center computing resources energy consumption. The
proposed algorithm offers a solution for provisioning the
service center computing resources in an energy aware manner
this way increasing the service center resources utilization.
The computing resource provisioning is a critical service
center management task. It involves the appropriate allocation
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of computing resources (processor, memory, disk, and
network bandwidth) for satisfying workload applications QoS
performance goals. A common practice in nowadays service
centers is to over-provision the computing resources to handle
the infrequent peak workload values. Over-provisioning has
caused several implications: increased service center size,
servers running at 15-20% of their capacity, increased energy
consumption and more necessary cooling resources.
The problem of optimally allocating the computational
resources while considering different constraints like the
energy efficiency or optimal QoS levels has been proven to be
a NP-hard problem [2]. Virtualization is seen as a solution for
providing the required isolation layer to consolidate
applications running on a large number of low utilization
servers to a smaller number of highly used servers [3]. In [4]
the problem of power-aware application placement is
investigated and an application placement controller called
pMapper is presented. The controller dynamically places
applications to minimize power consumption while meeting
their performance requests. Enterprise applications typically
employ a multi-tier architecture where distinct components of
a single application are placed on separate servers, and the
amount of resources needed to achieve their QoS goals might
be different at each tier and may also depend on availability of
resources in other tiers [5]. An adaptive resource control
system that dynamically adjusts the resource shares to
individual tiers in order to meet application-level QoS goals is
needed [6]. Although there is a state of the art problem [6],
concerns about application performance, infrequent but
inevitable workload peaks [7], and security requirements [8]
persuade the provisioning decision logic to adopt a
conservative approach, such as hardware isolation among
applications with minimum resources sharing.
Taking into account the above presented disadvantages we
propose a dynamic resource provisioning solution based on
negotiating QoS and energy tradeoffs. The QoS and energy
tradeoff technique exploits the energy saving opportunities by
lowering the performance request levels of the service center
servers running workload tasks. The proposed provisioning
solution uses a bilateral negotiation process between the
workload tasks¶ QoS request, as a client, and the service center
servers available computing resources, as a provider. The
negotiation protocol is based on genetic algorithms. Both the
provider and the client are represented by agents and their
requests/offers are modeled as chromosomes, the chromosome

genes giving the value of the computing resources subject of
negotiation.
The state of the art literature provides several types of
negotiation techniques, categorized by number of players,
number of issues under negotiation or constraints existence.
Fatima et al. [9] propose a heuristic-based alternating offers
protocol for agent-based negotiation. Approaches for multiissue negotiation are given for the following types of
negotiation [10]: sequential, package-deal and simultaneous
negotiation. They are compared in terms of necessary time for
reaching an agreement, necessary time for computing
equilibrium and the existence of a Pareto optimal equilibrium
[11], [9]. Lai et al. [12] propose a multi-attribute negotiation
protocol, in which self-interested agents need to reach ³ZLQZLQ´ DJUHHPHQWV It is a heuristic-based alternating-offer
protocol, in which agents model possible offers as an
indifference curve which depends on the offer made by the
opponent previously. In [13] the authors propose a complex
multi-issue negotiation process which uses utility graphs. An
agent-based strategy for complex bilateral negotiations over
many issues with inter-dependent valuations, leading to
Pareto-efficient outcomes, is described. Using this protocol, a
relatively small number of steps are required for reaching a
negotiation agreement due to the use of prior information
about the utility space structure. A negotiation process based
on genetic algorithms is the purpose of [14]. The subsystems
representing the negotiating client and provider negotiate with
each other with the help of a mediator component. The genetic
algorithm enables the system to search for the best mutually
efficient solution. Each negotiation offer is represented as a
chromosome, in order to enable applying genetic operators
like mutation and crossover. The chromosome representation
comprises a threshold for accepting an offer as the first cell,
while the remaining cells represent the options associated with
each issue. The fitness expression includes the joint payoff,
thus leading a cooperation game.
Analyzing the above presented negotiation solutions we
reached the conclusion that genetic based, non-mediated,
multi-issue, time constrained negotiation is the best suited
solution for negotiating the QoS and energy tradeoffs. As
opposed to the agent based negotiation approaches listed
above, in our solution the agent goals are updated depending
RQ WKH RSSRQHQW¶V RIIHU/request, leading to a faster
convergence while copying real world negotiation model.
The rest of the paper is organized as follows: Section II
presents the genetic inspired negotiation algorithm, Section III
shows a test-case scenario for the QoS vs. energy efficiency
negotiation solution while Section IV concludes the paper.
II.

THE GENETIC INSPIRED NEGOTIATION ALGORITHM

The negotiation process achieves a tradeoff between the
workload QoS and the energy consumed by the service center
with the goal of allocating computing resources for the
incoming workload in an energy efficient manner. By
workload QoS we refer to the workload tasks request for
specific service center computing resource which has a direct
impact on different factors like the task execution time or task
execution costs. The negotiation process takes place between
two parties represented in our algorithm by two intelligent
agents: the service center incoming workload, also called
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client, and the service center servers, also called a provider.
We consider that the service center workload is composed of
virtualized tasks annotated with QoS requests for service
center computing resources. Virtualization is used as an
DEVWUDFWLRQOHYHOEHFDXVH LWDOORZV XVWR PDQDJHWKH VHUYHU¶V
running tasks uniformly, without worrying about application
dependencies and low-level details.
The subject of the negotiation process (the negotiation
issue) is the client¶V request for service center computing
resources and also the provider¶V offer of computing
resources. Both the request and the offer are defined in our
genetic algorithm as chromosomes. A chromosome is formed
by a set of genes. In our algorithm a gene represents a service
center computing resource under negotiation. As a
consequence, the chromosomes are modeled as a vector of
computing resources, each vector element representing the
value of a specific resource. Each chromosome considered
computing resource represents a negotiation issue and
determines the dimension of the solution search space. In the
following we have considered that the most hungry energy
computing resources in a service center are the processor
(CPU), the memory (MEM) and the disk (HDD) (see Fig. 1).

Figure 1. Chromosome representation

The request and offer chromosomes are represented using
vectors of three elements as in relations 1 and 2 (the algorithm
can be easily extrapolated to any value of ݊ computing
resources, with ݊ > 0).
 = ݐݏ݁ݑݍ݁ݎܴܪܥ൛ ݍ݁ݎܷܲܥ,  ݍ݁ݎܯܧܯ,  ݍ݁ݎܦܦܪൟ
(1)
 = ݎ݂݂ܴ݁ܪܥሼ ݈ܾ݈݁ܽ݅ܽݒܷܽܲܥ,  ݈ܾ݈݁ܽ݅ܽݒܽܯܧܯ,  ݈ܾ݈݁ܽ݅ܽݒܽܦܦܪሽ (2)
For both the client and provider a goal chromosome is
defined as their ideal solution in negotiation. The client goal
chromosome represents the maximum amount of computing
resources that needs to be allocated to a workload virtual task
so that it is executed with a maximum performance:
 ݐݏ݁ݑݍ݁ݎܴܪܥെ݃= ݈ܽ
൛ ݔܷܽ݉ܲܥെ ݍ݁ݎ,  ݔܽ݉ܯܧܯെ ݍ݁ݎ,  ݔܽ݉ܦܦܪെ ݍ݁ݎൟ

(3)

The provider goal chromosome represents the minimum
amount of computing resources for accommodating the
workload virtual task so that it is executed with a minimum
energy consumption:
 ݎ݂݂ܴ݁ܪܥെ݃= ݈ܽ
൛ ܷ݊݅݉ܲܥെ ݎ݂݂݁,  ݊݅݉ܯܧܯെ ݎ݂݂݁,  ݊݅݉ܦܦܪെ ݎ݂݂݁ൟ

(4)

The genetic inspired negotiation process has two main
phases: (i) an initial phase, in which an initial chromosome
population is generated for both the provider and the client and
the values of their associated goal chromosomes are set and
(ii) a bargaining phase, in which both the client and provider

attached chromosomal populations are evolved using a
cognitive process similar to the genetic evolution.
While computing a new counteroffer all the chromosomes
RI WKH FOLHQW¶V SRSXODWLRQ ZLOO FRQYHUJH WRZDUGV WKH FOLHQW¶V
goal chromosome and all the chromosomes of WKH SURYLGHU¶V
SRSXODWLRQ ZLOO FRQYHUJH WRZDUGV WKH SURYLGHU¶V JRDO
chromosome.
A. The Negotiation Initial Phase
In this phase both the provider and client initial
chromosomal populations are generated by creating
chromosomes with gene values derived (ο ܷܲܥ, ο ܯܧܯand οܦܦܪ
in relation 5 and 6 represent the derivation factors) from their goal
chromosome values (see Fig. 2).
 = ݐݏ݁ݑݍ݁ݎܲݐ݅݊ܫ൛  ݐݏ݁ݑݍ݁ݎܴܪܥ ห
 ݐݏ݁ݑݍ݁ݎܴܪܥ.  א ܷܲܥ൫ ݔܷܽ݉ܲܥെ ݍ݁ݎെ ο ܷܲܥ,  ݔܷܽ݉ܲܥെ ݍ݁ݎ൯
 ݐݏ݁ݑݍ݁ݎܴܪܥ.  א ܯܧܯ൫ ݔܽ݉ܯܧܯെ ݍ݁ݎെ ο ܯܧܯ,  ݔܽ݉ܯܧܯെ ݍ݁ݎ൯
 ݐݏ݁ݑ ݍ݁ݎܴܪܥ.  א ܦܦܪ൫ ݔܽ݉ܦܦܪെ ݍ݁ݎെ ο ܦܦܪ,  ݔܽ݉ܦܦܪെ ݍ݁ݎ൯} (5)
 = ݎ݂݂݁ܲݐ݅݊ܫ൛  ݎ݂݂ܴ݁ܪܥ ห
 ݎ݂݂ܴ݁ܪܥ.  א ܷܲܥ൫ ܷ݊݅݉ܲܥെ ݎ݂݂݁െ ο ܷܲܥ,  ܷ݊݅݉ܲܥെ ݎ݂݂݁൯
 ݎ݂݂ܴ݁ܪܥ.  א ܯܧܯ൫ ݊݅݉ܯܧܯെ ݎ݂݂݁െ ο ܯܧܯ,  ݊݅݉ܯܧܯെ ݎ݂݂݁൯
 ݎ݂݂ܴ݁ܪܥ.  א ܦܦܪ൫ ݊݅݉ܦܦܪെ ݎ݂݂݁െ ο ܦܦܪ,  ݊݅݉ܦܦܪെ ݎ݂݂݁൯} (6)

The aim is to create the initial requests ( ) ݐݏ݁ݑݍ݁ݎܲݐ݅݊ܫand
offers ( ) ݎ݂݂݁ܲݐ݅݊ܫas close as possible to the parties goals and
to force counteroffers as close as possible to those goals.
B. The Bargaining Phase
The bargaining phase which takes place between the client
and provider has two main steps: (i) the request and offer
exchange and (ii) the chromosomal population evolution.
In the bargaining phase first step the provider and the
client agents will alternatively exchange requests and offers
until an agreement is reached (see Fig. 2). At the beginning,
the client chooses from its chromosomal population the goal
chromosome (the maximum amount of computing resources
that need to be allocated) and sends it to the provider agent as
the initial request. After the provider agent receives the initial
request, its chromosomal population is evolved using a genetic
evolution algorithm (see bargaining phase second step). From
the provider evolved population the best chromosome
individuals are selected (the closest to the goal chromosome)
and sent to the client as counteroffers. At the client side the
same evolution process is used to generate a new adjusted
request chromosome by taking into account the received
offers.
An agreement can be reached both at the client and
provider sides when one of the received chromosomes
representing an offer or a request is close enough to the
population goal. To evaluate the degree of closeness between
two chromosomes, they are represented in a three-dimensional
space (see Fig. 3) having as axes the chromosome¶s genes
(computing resources) and the Euclidian distance is employed:
( ݔܴܪܥ.  ܷܲܥെ  ݕܴܪܥ. )ܷܲܥ2 +
ݐݏ݅ܦ൫ ݔܴܪܥ,  ݕܴܪܥ൯ = ඩ ( ݔܴܪܥ.  ܯܧܯെ  ݕܴܪܥ. )ܯܧܯ2 +
( ݔܴܪܥ.  ܦܦܪെ  ݕܴܪܥ. )ܦܦܪ2
2

(7)
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Figure 2. The negociasion process intial and bargaining phases

If the distance between one of the received chromosomes
and the corresponding goal chromosome is below a predefined
threshold (T) an agreement is reached (terminationCondition
in Fig. 4 algorithm). Otherwise the bargaining process is
continued. The threshold is heuristically determined and
depends on the bargaining process elapsed time (inversely
proportional to the time spent negotiating) and the maximum
time allocated for negotiating (a cut off constant value).

Figure 5. New chromosome generation using heuristic crossover

Using uniform crossover the new evolved chromosomes
are generated by exchanging the genetic content of the two
parents chromosomes at randomly chosen position (see Fig. 6
for an example).
Figure 3. Chromosomal decision 3D space example

In the bargaining phase second step the chromosome
population evolution process takes place both at the provider
and client sides following the genetic evolution algorithms
with few adjustments. A new offspring evolved chromosomal
individual is generated from two chromosomes parents. One
parent chromosome is selected from the set of best individuals
of the current population and represents chromosomes closest
to the goal (SELECT-BEST-FIT-INDIVIDUALS procedure in
Fig. 4 algorithm). The other parent is selected from the
chromosomes received as request or offer. To assure the
increase of the population diversity, the new chromosomes are
generated using all the following methods: heuristic crossover,
uniform crossovers and mutation (see Fig. 4 algorithm).

Figure 6. New chromosome generation using uniform crossover

For mutations new random values are added to
chromosome parent genes.
The new offspring chromosomes are evaluated using as
fitness function the Euclidean distance to the goal
chromosome. For fastening the approach towards an
agreement, the goal is updated depending on the received offer
or request:
ݐ
ݐ
ݐ
ݎ݂݂ܴ݁ܪܥ
(10)
െ݃ ݎ݂݂ܴ݁ܪܥ = ݈ܽെ݃ ݈ܽ+ ߜ ݐݏ݁ݑݍ݁ݎܴܪܥ כ
ݐ
ݐ
ݐ
 ݐݏ݁ݑݍ݁ݎܴܪܥെ݃ ݐݏ݁ݑݍ݁ݎܴܪܥ = ݈ܽെ݃ ݈ܽെ ߜ ݎ݂݂ܴ݁ܪܥ כ
(11)

In relations 10 and 11 ߜ is a compromise factor
characteristic to each party agent denoting how much the
agent is willing to sacrifice for the sake of reaching an
agreement. This approach follows the real life situations,
where a person's goal diminishes as continuing with the
negotiation.
III.

Figure 4. Client DJHQW¶V population evolution algorithm

When using heuristic crossover two different evolved
chromosomes are generated (see Fig. 5 for an example): (i) an
identical replica of the best parent and (ii) a best parent
derived chromosome with a random chromosomal value:
 ݐ݊݁ݎܽݐݏܾܴ݁ܪܥ = ݃݊݅ݎݏ݂݂ܴܪܥ+ ݉݀݊ܽݎܴܪܥ

(8)

In relation 8 the random chromosomal values are determined
using the two parents chromosomes and a random factor ߙ as:
 ݐ݊݁ݎܽݐݏܾܴ݁ܪܥ(ߙ = ݉݀݊ܽݎܴܪܥെ ) ݐ݊݁ݎܽݐݏݎݓܴܪܥ

(9)

474

CASE STUDY AND RESULTS

In this chapter we have tested the above presented
negotiation algorithm ability to tradeoff between the workload
request for computing resources and the service center energy
consumption. For testing purposes we have simulated a
service center with five servers, each server having the same
hardware configuration: CPU - Intel(R) i7 870 2.93 Ghz,
MEM - 6GB DDR3 and HDD - 750GB. The workload that
the simulated service center needs to accommodate is
generated randomly and it consists of sequential virtual tasks.
Each virtual task is described by its request for service center
server hardware resources expressed as values of CPU, MEM
and HDD.
Being a multi-issue negotiation, each negotiation party
must have attached admissible intervals for each of the issue
(computing resource) under consideration. To ease the testing
process we have considered that all the test case workload
virtual tasks have the same admissible intervals for the
requested computing resources to be allocated (CPU between
500Mhz and 1000Mhz, MEM between 300 Mb and 1000 Mb
and HDD between 20 and 50 Gb). The service center servers

admissible intervals of computing resources to be allocated are
given by the amount of server available computing resources
(see Table 1 for the considered test case situation).
TABLE I.

Server 1
Server 2
Server 3
Server 4
Server 5

SERVICE CENTER AVAILABLE COMPUTING RESOURCES
CPU

MEM

HDD

Offers: 280 Mhz ա
Offers: 320 Mhz ա
Offers: 240 Mhz ա
Offers: 210 Mhz ա
Offers: 230 Mhz ա

Offers: 410 MB ա
Offers: 370 MB ա
Offers: 300 MB ա
Offers: 310 MB ա
Offers: 400 MB ա

Offers: 4 GB ա
Offers: 9 GB ա
Offers: 1 GB ա
Offers: 5 GB ա
Offers: 5 GB ա

The Client Agent (associated with the workload tasks
requiring computing resources) and the Provider Agent
(associated with the service center servers offering resources)
are implemented as JADE (Java Agent Development
Framework) [15] agents. Their behavior implements the
bargaining process of exchanging the requests and offers. The
Client Agent starts the negotiation process by issuing a request
which in the first step is its goal, and waits for a response from
the Provider Agent with a counteroffer. Both agents
implement and execute the evolution algorithm population
diversification processes and are able to choose the best fit
solution for itself, this way increasing the algorithm
convergence.
The negotiation process evolution together with the client
requestµV and providerµV offer convergence towards an
agreement for the above presented scenario is shown in Fig. 7.
We have considered as compromise factor ߜ = 0.05 for the
Client Agent and ߜ = 0.1 for the Provider Agent. It can be
noticed that an agreement is reached after approximately 10
turns of alternating requests and offers.

Figure 8. Negotiating the provisioning of HDD computing resource

The same type of compromises from both agents can be
observed when analyzing the negotiation process results for
CPU (Fig. 9) and MEM (Fig. 10).

Figure 9. Negotiating the provisioning of CPU computing resource

In the above figures it can be seen that the Provider Agent
converges faster towards the desired solution of the Client
Agent due to the fact that its compromise value (the ߜ
parameter) is greater than the Client Agent compromise value.
The value of the compromise parameter is used to establish the
direction of the QoS and energy consumption tradeoff
negotiation. If the Client Agent compromise value is greater
than the Provider Agent, the emphasis is on virtual tasks
performance. Otherwise the emphasis is on reducing the
energy consumption.

Figure 7. Client request and provider offer convergence

Fig. 8-10 present the evolution of both client request and
provider offer during the negotiation process for
accommodating the test case workload task in an energy
efficient manner.
For HDD, the Client Agent associated to the workload
virtual tasks issue a request for 50 Gb and at the end of
negotiation it accepts an offer of around 44 Gb decreasing its
request (see Fig. 8). The provider associated to the service
center servers starts by offering between 1 Gb (for minimum
energy consumption) and ends by allocating 44 Gb.
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Figure 10. Negotiating the provisioning of MEM computing resource

IV.

CONCLUSIONS

In this paper the problem of under utilization of service
center computing resources is approached by proposing a
genetic inspired algorithm for negotiating the tradeoffs between
the workload QoS requests for computing resources and the

service center energy consumption. The algorithm is based on
genetic concepts like chromosomes, genes and uses methods
inspired from the genetic evolution process. A negotiation
compromise factor is defined and used to determine the
negotiation emphasis: on performance or energy consumption
optimization. The test case results show that using our
negotiation process the client request and provider offer
convergence and an agreement is obtained in a reasonable time
frame. This is due to the population diversification processes
implemented by our negotiation solution which enables each
party to choose the best fit solution for itself by continuously
updating their goals.
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