
AUS Repository

Multi-Objective Task Allocation Via
Multi-Agent Coalition Formation

Item Type Thesis

Authors Amer, Noha Tarek

Download date 2026-05-20 17:10:07

Link to Item http://hdl.handle.net/11073/4071

http://hdl.handle.net/11073/4071


 

MULTI-OBJECTIVE TASK ALLOCATION VIA MULTI-AGENT COALITION 

FORMATION 

 
 
 
 

 
  

 
by 
 

Noha Tarek Amer 
 
 

A Thesis Presented to the Faculty of the  
American University of Sharjah 

College of Engineering  
in Partial Fulfillment  
of the Requirements  

for the Degree of 
 

Master of Science in  
Engineering Systems Management   

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Sharjah, United Arab Emirates 
 

May 2012 



c© 2012 Noha Tarek Amer. All rights reserved



Acknowledgements

I would like to express all my gratitude to God for all the favors and support he
gave granted me through my life, in particular the completion of this work.

I am also very grateful to my adviser Professor Fouad Ben AbdelAziz, for his
continuous support, guidance and patience throughout this work. Without his valuable
supervision, encouragement, and advice throughout my MSc. study, I would have not
been able to complete this work. I would like to express my deepest appreciation for
his valuable efforts with me.

I would also like to extend my gratitude to all ESM faculty members; Dr.Moncer
Hariga, Dr. Hazem El Baz, and Dr. Ibrahim El Kattan for their continuous help and
support. I am also very grateful for the advice and help provided by my committee
members;Dr. Ibrahim El Kattan, Dr. Imran Zualkernan and Dr. Taha Landolsi. I
would also like to extend my deepest appreciation to all CEN faculty and staff, specially
Ms.Salwa Mohammed for her guidance and encouragement to finish my thesis on time.

I would also like to thank my colleagues in the ESM program and CEN, spe-
cially Ms.Salam Taji, Ms.Faten Qutifan, Mr.Mahmoud Hussein, Mr.Nour Nour, Mr.Ibrahim
Muhammed, Ms.Sheikha Al Shaeer, Ms.Zenab Khan, Ms.Halah El Tayeer, Mr.Mohamed
Shaban, Mr.Mohamed Shehata, Mr. Mohamed Amer, Mr.Ahmed Mahdi and Ms.Fatima
Ali for their continuous help and support. I would also like to extend my deep appre-
ciation to my office colleagues; Mr.Edi Ali, Mr.Ahmed Ghadban, Mr.Hydar Midhat,
Mr.Nasser El Sughayar, Ms. Manal Kakaani, Ms.Assia Lasfer, and Ms.Rana El Haj.

Last but not the least, I would like to deeply thank my family; my father, mother
and brothers; Mohammed Tarek Amer and Mustafa Tarek Amer, who provided me with
all the emotional support and encouragement to finish my thesis and complete this work.

This thesis is dedicated to all of you...Thank you very much.



Abstract

Nowadays, tasks are complex and cannot be performed by individual agents.

Therefore, there is a need to form coalitions utilizing the resources in order to

maximize the efficiency of the system and/or maximize the payoff of each agent.

In this thesis, we will formulate an optimization model to form optimal coalitions

of agents satisfying both maximizing the efficiency of the system for cooperative

settings and/or the payoff of the agent for non-cooperative settings. For small sized

problems, we propose an optimization model to get exact solutions. For large sized

problems, we propose genetic algorithms to get satisfying solutions. Different ex-

periments were performed for the different settings. For cooperative settings, we

observe that the tasks with the maximum payment are being performed, the agents

who are most capable are assigned to perform the task provided they are the cheap-

est, and agents are assigned if and only if they will participate in performing a task

to avoid any wasted costs. As for the genetic algorithms, the code is giving ex-

act solution for medium problems. For selfish settings, we observe that the tasks

with the maximum payments are being performed because they give maximum

payoffs for agents, and agents prefer high payment over a complex task; that is, a

capable agent would perform a high paying complex task rather than a low paying

simple task. Also, very frequently all agents are assigned to tasks even if they

don’t contribute to accomplishing the task just to increase their payoff. As for the

genetic algorithms, the code is giving exact solution for medium problems with

time savings advantages. As for the hybrid setting, we observe that by comparing

both cooperative and selfish agents, cooperative agents provide better results for

the system. Our results coincide with the theories of game theory that say cooper-

ative games provide a higher utility. However, we also show that combining both

behaviors of agents, cooperative and selfish, provides better results. In addition

to that, our genetic algorithm is giving exact solution for medium problems with

time savings towards problems with a large number of agents. Most applications

are realized in e-commerce systems or parallel processing.

Search Terms: Multi Objective Programming, Coalition Formation, Task

Allocation, Genetic Algorithms, Cooperative Agents, Non-Cooperative Agents
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Chapter 1
Introduction

1.1 Overview

A task is basically an entity that needs to be performed by satisfying a vector
of requirements. The requirements of the task can be of different types and demand
levels. This means that tasks vary in their level of complexity. Complex tasks can
be performed either by dividing it into simpler subtasks or by joining resources from
different entities, usually agents, to perform the task. A task is performed because of
the incentive of getting its payment at the end of execution.

Agents are anything with sensors to perceive the environment and actuators to
act upon it. Agents are rational in the sense that they always try to do the right thing
[1]. In addition, each agent has a vector of resources that should be utilized to perform
tasks. These resources are of different types and different supply levels. This means
that agents vary in their skill. Each agent endures a cost if it participates in performing
a task.

Due to the complexities of today’s tasks, single agents can not perform tasks
individually. Thus, agents need to get into groups to perform the tasks. These group-
s/coalitions give rise to the problem of Task Allocation via Multi Agent Coalition For-
mation (TAMACF). In other words, agents should form optimal coalitions to perform
tasks. While solving this problem, three main challenges arise:

• Maximize the efficiency of the Multi Agent System as a whole

• Maximize the payoff of each agent

• Maximize both the efficiency of the Multi Agent System and the payoff of each
agent

Accurate modeling of the problem while considering all parameters will help
in overcoming the challenges. Before proceeding with the literature review and prob-
lem modeling, a brief introduction about agents and Multi Agent Systems (MAS) is
provided in section 1.2. After that, the origins of the problem from game theory along
with its various definitions is illustrated in section 1.3. Next, the two main domains of
the TAMACF problem is explained in section 1.4. Also, several applications are ex-
plained for illustrative purposes in section 1.5. Then, the problem statement along with
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the objectives is highlighted in section 1.6. Finally, the research significance, research
methodology and organization of the remaining report are discussed in sections 1.7, 1.8
and 1.9 respectively.

1.2 Agents and Multi Agent Systems (MAS)

In this section, different kinds of agents along with their behaviors are explained.
After that, an overview of multi agent systems is provided.

1.2.1 Overview

Agents are basically anything with sensors to perceive the environment and ac-
tuators to act upon it [1]. Agents could be computers, software, robots or even humans
[2]. Agents are the building blocks for multi agent system (MAS). This is because they
are considered as the players of the game. Each agent has a set of coalitions to choose
from, that is, their available strategies. In addition, each agent gets a payoff by per-
forming a coalition or executing a certain strategy. There are mainly two types of how
agents behave:

• Cooperative Agents These agents work together to increase the total efficiency
of the system [3].

• Non-Cooperative Agents These agents act selfish by only maximizing their pay-
off regardless of the performance of the system.In other words, players can not
have agreements before making decisions that shall maximize their own payoff
[4].

All agents have a generic skeleton that is basically made up of architecture and program
[1].

Agent = Architecture+Program (1)

The architecture depicts the hardware while the program depicts the software.

1.2.2 Types of Environments in which Agents Operate

Agents don’t only behave according to their architecture and program. In ad-
dition to that, their behavior changes according to the environment they operate in [5].
The following are the different types of environments agents can operate in [1].
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Accessible vs In-Accessible An environment is called accessible if all aspects in an
environment that are relevant to the choice of action can be detected through sensors.
Therefore, there is no need to maintain an internal state/memory [1].
Deterministic vs non-deterministic An environment is called deterministic if the next
state is determinable by the current state and the actions performed by the agent [1].
Episodic vs non-episodic An environment is episodic if the agent’s experience is di-
vided into episodes. The percepts and actions are only ’this’ episodes’ related. There is
no need to care about the consequences [1].
Static vs Dynamic An environment is called static when it doesn’t change. This means
that there is no need to keep track of the world while deciding on what action to take
[1].
Discrete vs continuous An environment is described discrete if it has defined percepts
and actions [1].

The problem in this thesis considers accessible, deterministic, episodic, static,
and discrete environments. In simple terms, this work will assume complete informa-
tion system with a static behavior.

Collaboration and negotiation between agents are widely studied in the field of
Distributed Artificial Intelligence (DAI) [6]. DAI is further divided into Multi Agent
Systems (MAS) and Distributed Problem Solving Systems (DPS) [6]. This thesis will
focus on MAS systems since these systems consider both cooperative and selfish be-
haviors of agents [6].

1.2.3 Multi Agent Systems (MAS)

Multi Agent Systems (MAS) are computational systems consisting of cooper-
ative or non cooperative agents [5], [6]. These agents might need to communicate,
cooperate, coordinate and negotiate to solve given problems [5]. This is often done
through forming teams. These teams usually hold the generic principles of game theory
like having rational self interested agents [2]. Recently, MAS need to interact with hu-
mans which results in relaxing the above principles to allow these systems to account
for human behavior and social welfare principles [2].

1.3 Game Theory

Game Theory is basically the art of the analysis of conflicting interests in an in-
telligent way [7]. This analysis can happen between corporations, individuals or smart
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agents. It was first introduced in the early 1940s by the Mathematician John von Neu-
mann and the economist Oskar Morgenstan in their famous book "Theory of Games
and Economic Behavior" [8]. A game is characterized by [7]

• Players or Agents: Those are the entities that make decisions throughout the
game.

• Strategy Set: It is a set of available strategies available to the player.

• Strategy: It is the action selected and performed by a player.

• Outcome: The outcome of the game is determined by the strategies chosen by the
players. Each outcome is accompanied with a set of payoffs, with one payoff to
each player.

• Player’s payoff: This term represents a numerical value of the payoff gained by
a player after the game has been sorted out; that is, after all players have picked
their strategies.

Game Theory provides a methodology for each player to maximize its’ own
payoff taking into account the strategies chosen by other players. In practical terms,
it can provide companies with tactical strategies to maximize their profits considering
the actions taken by their competitors. So, which strategy maximizes the payoff of the
player? The answer to this question is by applying the dominant strategy. This drives
us to the definition of dominant/strictly dominant strategy.
Dominant/Strictly Dominant Strategy It is the strategy that gives the player his max-
imum payoff with whatever strategies the other players choose [9]. With this definition,
a player can choose his optimal strategy by iteratively eliminating all dominated strate-
gies. This method of solving games is called iterated elimination of strictly dominated

strategies [9]. However, not all games can be solved using this methodology and thus,
Nash Equilibrium needs to be introduced.
Nash Equilibrium This term provides us with strategies that give players no incentive
to deviate from it [9]. Nash Equilibrium is self enforcing as it maximizes all of the
players payoffs [9]. This is also called pure strategy equilibrium [7]. Again, this is not
applicable to all games.

There are different strategies applicable to game theory like mixed strategies,
minimax, maximin, pure value pair...etc [8]. These strategies will not be discussed
because they are outside the scope of this thesis.
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1.3.1 Types of Games

This section provides a gentle introduction to different types of games.
Cooperative Games It is a game where players work together to increase the total
payoff of the system [3]. This type of games converges to Pareto optimality, which
consists of an outcome that gives a higher payoff to all players than any other outcome
[3].
Non-Cooperative Games It is a game where players act selfish by only maximizing
their payoff regardless of the performance of the system.In other words, players can not
make agreements before making their decisions [4].
Zero Sum Games It is a game when the sum of all payoffs of all players is zero.
Non-Zero Sum Games It is a game when the sum of all payoffs of all players is not
zero. This type of game is also called Variable Sum Game.

1.3.2 N-person Games and Coalition Formation

N-Person games are those that involve n players, where n≥ 3 [4]. In these types
of games, groups of players join together their forces because of a mutual advantage
[4]. As a result, players tend to get together and form groups called coalitions [9]. This
happens because single agents can not perform tasks alone. In addition, when tasks are
performed by groups of agents, the efficiency of the whole system increases and the
payoff per player might increase. A coalition structure is a way to describe how the
N players divide themselves into groups [4]. A coalition structure should satisfy three
properties which are: a coalition should not be empty, a player belongs to one and only
one coalition, and the union of all players in all coalitions constitute the grand coalition
[4]. Therefore, a system may have several coalition structures and should therefore
pick the one that has the maximum payoff for both the system and the players within
the coalitions.

Coalition formation is a subset of n-person games. The general setting consists
of N players, S coalitions where S⊆ N. Each coalition s consists of n players. Accord-
ing to [9], the characteristic function assigns a value v(s) to each subset of N. That is,
the value function is assigned to each coalition to evaluate it based on a certain function.
[4] proposes several properties for the value v, the relevant ones to this research are:

• A Player prefers more value over less value

• A coalition forms when it’s players agree on how they will be dividing the value
v among themselves

14



• The amount v(s) doesn’t depend on the actions of other members

• The value v is known to all players in the game

• The value of the empty coalition v(φ) is 0

After the coalition picks its alternative and gets its value, it is now time to divide
the gain among the members of the coalition. This is done using the methodology of
payoff distribution. Von Neumann and Morgenstran [10] propose the idea of n-tuple of
numbers (x1,x2, ...,xn) where xi is the payoff of player i. The properties of the n-tuple
are listed below [7]:

• Individual Rationality: This property indicates that a player should get a strictly
higher payoff joining a coalition than staying alone. Otherwise, no coalitions will
be formed. Mathematically: xi ≥ v(i), ∀i, where i indicates a player.

• Collective Rationality: This property indicated that the sum of all payoffs should
be equal to the value of the grand coalition. Mathematically: ∑i∈N xi = v(N)

A payoff of n-tuple is called an imputation if it satisfies the two above conditions
[7]. The payoff vector should be pareto-optimal and stable. This means that a payoff
vector should give the maximum possible value to players that is not dominated by
any other payoff vector. In addition, the payoff vector should ensure stability; so as
not to make the players deviate from the coalitions they are part of and move to other
coalitions [3]. These solutions can be found by studying the concepts of the core, the
shapely value and the kernel.
The core

The core is the set of all un-dominated imputations. It was first introduced by
F.Edgeworth [7]. Mathematically: The core is the set of all imputations (x1,x2, ...xn)

such that ∀S⊆ N,

∑
i∈S

xi ≥ v(s) (2)

In other words, the core presents the minimal set of acceptable allocations between the
players and the tasks.
The shapely value

The shapely value provides a methodology for a fair distribution of the payoffs
of the coalition amongst its members. This idea was first introduced by Lyold Shapely
in 1953 [7]. In simple terms, the shapely value of player i is the marginal value that
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player i contributes when the grand coalition forms given all orders in which coalitions
can form [7]. That is, it is the marginal value of a player calculated by averaging up his
value out of each and every coalition. This will help players determine how much they
will benefit from participating in a coalition.
The Kernel

The kernel provides stability for a coalitional configuration [11]. The kernel
doesn’t actually provide a methodology to calculate stable payoffs. However, it acts as
a test to ensure that a certain coalitional configuration and a payoff vector are stable
[11]. For example, coalitional configuration and a payoff vector will be proven stable
by the kernel if two agents who are equivalent can not out weight one another from the
coalition they belong in [11]. That is, it determines the set of payoff vectors where no
player can have powers over another player.

1.4 Task Allocation and Coalition Formation

Task allocation means that tasks should be allocated to agents for execution.
Single agents can not perform tasks alone, and if they do, they are not done efficiently.
Therefore, agents should join resources in groups/coalitions to perform tasks. This is
widely known as coalition formation. Multi Agent coalition formation has two different
environments in which they can operate; super additive environments versus non super
additive environments.

1.4.1 Super Additive Environment

Super additive environment means that the value of two groups combined is
greater than the sum of both groups [4]. For example, let’s assume that we have two
coalitions T and X. The super additivity is illustrated mathematically as follows:

V (T
⋃

X)≥V (T )+V (X) (3)

This indicated that groups with more members gain more than groups with less mem-
bers. This eventually results in forming the grand coalition [4].

1.4.2 Non-Super Additive Environment

On the other hand, non super additive environments do not imply an increase
in value by having more members in the coalition. This is usually important when the
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"cost of cooperation is an ascending function in the number of cooperating agents" [11].
Moreover, this environment assumes dropping the property of collective rationality.
Non-super additive environments are more practical since the problem emphasizes on
forming teams of agents and allocating tasks to them.

1.5 Problem Solving Methodologies

Task Allocation via Multi Agent Coalition Formation problem highlight two
main challenges:

• To decide which coalitions should form . This factor should be driven by maxi-
mizing the efficiency of the whole system.

• To structure a methodology of how to divide the coalition’s gain among all play-
ers. This factor should be driven by maximizing the payoff of the player [7].

• To model which coalitions should form highlighting both maximizing the effi-
ciency of the system and the payoff of each agent.

This problem can exist in both small/medium and big sized problems. For small
problems, exact algorithms through optimization techniques can be modeled to achieve
the above mentioned objectives. However, this problem is proven to be of NP hard
[12]; that is, they are decision problems that can not be solved in a polynomial time
[13]. Therefore, several proposals were made to solve the problem. The meta-heuristics
approach is the most widely used one because it gives approximate solutions in an
acceptable time [14].

1.5.1 Meta Heuristics

Genetic Algorithms Genetic algorithms is one of the most popular meta heuristics.
They are based on Darwin’s theory. This means that they act like biological processes.
That is, the population is represented via chromosomes. These chromosomes are usu-
ally binary encoded. The chromosomes of each population are evaluated through a
fitness function and the good ones are selected for reproduction. Reproduction in Ge-
netic Algorithms is done through two main operators; cross over and mutation. Cross
over means recombination of information from two parents and encapsulating them in
the child. Mutation means modifying the child to further improve its fitness. The algo-
rithms iterates over the population through reproduction operators and stops when the
stopping criteria is met [15].
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Simulated Annealing
Simulated Annealing is based on statistical and optimization measures. It sim-

ulates the process of gradually cooling down a metal from an initial temperature until
it reaches the global minimum. Therefore, the system starts by specifying the initial
temperature and population. After that, the fitness of each member is evaluated. Then,
selected candidates will move to a neighboring solution and the system is evaluated
again. The temperature then keeps decreasing until it reaches global minimum [15].
Tabu Search

Tabu Search is a global optimization meta heuristic that allows a move out from
the current solution to a neighboring solution in a hope of finding better solutions. Some
moves are restricted to avoid blind search. The moves will be repeated until the termi-
nation criteria is satisfied [15].
Ant Colony

Ant Colony meta heuristic follows the behaviors of ants searching for their food.
Ants search for their food randomly. Once they find food, they leave a chemical named
pheromone to track their path. The next batch of ants going to search for food will fol-
low the pheromone to guide them for shorter paths. This pheromone tends to evaporate
quickly. However, the more ants pass over it, the more dense it gets thus eventually
guiding to the best solution [15].
It is important to consider several factors when choosing the algorithm:

• Time: time consumption

• Space: Memory consumption

• Optimal: Strategy guaranteed with finding highest quality solution

• Complete: Strategy guaranteed to find a solution

In this thesis, we will consider genetic algorithms as it encodes the problem in
a natural way similar to the TAMACF formulation. In addition, it is proven to give
acceptable solutions in an acceptable time. Moreover, there are no memory require-
ments [15]. Most importantly, this algorithm was chosen due to the availability of a
rich literature in several implementations via Genetic Algorithms [15].
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1.6 Problem Statement and Complexity

In this thesis, we will discuss the problem of multi objective task allocation
via multi agent coalition formation (MO-TAMACF). The general formulation of the
problem considered in this thesis consists of:

• M candidate tasks T = t1, t2, ..., tM

• A set of K requirements for each task ti, D = d1
i ,d

2
i , ...,d

k
i

• A payment per task that will be given out to the performing coalition if the task
is completed Pi

• N agents A = a1,a2, ...,aN

• A set of K resources for each agent a j, S = s1
j ,s

2
j , ...,s

k
j

• A cost C j that will imposed if the agent participates in performing a task

These parameters shall guide us to formulate the problem. This problem high-
lights three main objectives:

• Objective 1: Defining and maximizing the efficiency of the system

• Objective 2: Defining and maximizing the payoff of each agent

• Objective 3: Defining and maximizing the efficiency of the system and the payoff
of each agent

These objectives correspond to different agent’s behaviors. The first objective
assumes cooperative agents,the second objective assumes selfish agents, and the third
objective assume both cooperative and selfish agents.

1.7 Research Significance

Surprisingly, the (TAMACF) problem was not posed in the literature in this way.
In addition, no one has considered agents with negative capabilities which is very much
similar to real cases where some agents can contribute negatively to coalitions.

In this thesis, we address the multi-objective task allocation problem. We con-
sider a set of agents each with a vector of limited and/or negative resources that shall
be cooperating in order to perform a set of tasks. The cooperation leads to a numer-
ous number of coalitions. In addition, We consider three objectives; maximizing the
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efficiency of the system, maximizing the agentŠs payoff, and maximizing both the effi-
ciency of the system and the payoff of the agents. These three objectives represent the
different types of agentŠs behaviors; cooperative agents, selfish agents and both cooper-
ative and selfish agents. To solve this problem, we design a genetic algorithm approach
and we compare the obtained results with those obtained by an exact algorithm for small
sized problems. In addition, we will apply our model to an Agile application, a software
development methodology, to solve some of it’s highlighted challenges in the literature.

1.8 Research Methodology

The research methodology to achieve the objectives is to formulate, run and test
an optimization model to solve the problem and achieve the objectives mentioned above
on a small scale. As for large scaled problems, we shall use Genetic Algorithms that
are proven to give good approximated solutions in a reasonable time. We will test the
results of the algorithm against exact solutions for small problems. After that, we will
conduct a set of experiments to find out whether cooperative, selfish or hybrid agent’s
behavior is proven to be more beneficial. Finally, we will gather the main problems
in Agile Software Development methodologies from the literature and try to customize
our model in a hope to solve these problems.

1.9 Thesis Report Organization

This thesis will proceed with literature review in coalition formation in chapter
2. After that, literature review in coalition formation applications in the Information
Technology domain will be illustrated in chapter 3. After that, our methodology for
both cooperative, selfish, and hybrid (cooperative and selfish) agents will be presented
in chapters 4, 5, and 6 respectively. Finally, the conclusions and recommendations will
be summarized in chapter 8.
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Chapter 2
Literature Review

Several papers tackle different aspects of coalition formation. This section is
divided as follows: Related literature for maximizing the efficiency of the system and
related literature for maximizing the payoff of the agent. In addition, some papers
discussed coalition formation taking into account different aspects like multi objective
applications, learning capabilities by agents, and skill uncertainty of agents. Within
each of these sections, the literature is further divided chronologically; that is, from the
oldest to the most recent or divided by topic relevance.

2.1 Cooperative Agents - Maximizing the efficiency of the system

In this section, coalition formation with cooperative agents is discussed where
the main objective is to perform tasks while maximizing the efficiency of the system.
Several papers discuss this issue where they vary the definition of efficiency then pro-
vide and apply algorithms to solve the problem.

According to [16], It is usually important to group agents together when a single
agent cannot perform a task or when it performs the task inefficiently. The challenge
here is to assign the right group of agents to the right task in respect to the capabilities
and costs of the agents. The authors propose a solution concerning coalition forma-
tion for non-supper additive environments. They approach their solution by combining
combinatorial algorithms along with graph theory. More importantly, their system is
not centralized; thus, agents try to achieve an efficient solution by themselves. This is
important to minimize the complexity of the system.[16] make the following assump-
tions:

• Agents can communicate, negotiate and transfer resources.

• Coalitions work on a single task at a time

• Each agent is allowed to join only one coalition

• Agents are coalition-ally rational. This means that they don’t join a coalition
unless they benefit from it as much as they would benefit if they were left alone.

• Agents join coalitions that will increase the overall value of the system. This
doesn’t mean that it is a supper additive environment.
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The authors formulate their problem as M candidate tasks ℑ{T1, . . . ,TM}. Tasks
are expressed as Tj.Each task has a vector of capabilities B j = (b1 j , . . . ,br j). There
are N agents A{A1, . . . ,AN}. Agents are expressed as Ai. Each agent has a vector of
abilities Bi = (b1i, . . . ,bri). There is an evaluation function that is attached to each type
of capability. Such a function shall transform the capabilities into monetary terms. A
group of agents may form a coalition C. The coalition C sums up all ability vectors
of it’s agents Bc = ∑AiεC(Bi). This is also considered and named the Value V of the
coalition. A coalition can only perform a task when its ability vector is more than or
equal to the requirements vector of the task ∀0≤ i≤ r,b j

i ≤ bC
i . The cost of the coalition

is simply the reciprocal of the value of the coalition. This means that increasing the
value automatically decreases the cost.

The authors attempt to solve their problem using set covering and set partition-
ing. Lets assume that there are N agents A{A1, . . . ,AN} and a set S which is a subset
of N where S = {C1, . . . ,Cm}. A set cover S′ is basically the union of all subsets in N.
This is mathematically expressed as follows:

⋃
C jεS′C j = N. The cost of a set cover is

assumed positive: ΣC jεS′c j. On the other hand, a set partitioning problem is mainly pair-
wise disjoint. That is, there are no common members between two different coalitions.
The set covering problem is NP-Complete. Many heuristic based algorithms have been
proposed to solve this problem. The authors pick Chavatal’s algorithm, a logarithmic
ratio bound algorithm. Some of the properties of the algorithm include:

• greedy distributed set partitioning algorithm with a low ratio bound

• It is an any-time algorithm. This means that if the algorithm is stopped before it
is complete, it is guaranteed to give a solution that is better that the initial setting.

To further minimize the complexity of the problem, the authors introduced the
following heuristics

• Coalitions shall avoid communication and computational cost and complexity.
Therefore, only small sized coalitions shall be formed. This will be implemented
by introducing an integer ’k’ which denotes the maximum size of a coalition.

• Iterative greedy process where agents decide on which coalitions they want to
join and form them

• The benefits of the cooperation may be distributed.
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The algorithm has three main stages:

• Stage One: Coalitional values shall be calculated.

– Calculate all of possible coalitions up to size k in which you are a member.
Form a personal list of coalitions.

– For each coalition, contact each member and record their capabilities. Con-
struct a personal list of agents and avoid redundancy.

– publicize that you are in charge of value calculation for coalitions that you
and the contacted agents are members of.

– If you were contacted by an agent, erase all common calculations from your
personal list

To calculate the values

– check which capabilities are necessary to perform the task

– calculate the expected outcome of the task; Monetary outcome = Monetary
sum of coalitions capabilities - Monetary sum of task capabilties

• Step Two: Iterative greedy process where agents decide on which coalitions they
want to join and then form them. Agents that join coalitions quit the coalition
formation process and only single agents shall be left.

– The weight of the coalition is calculated wi = ci/|Ci| where ci is the cost of
the coalition and Ci is the size of the coalition.

– Each agent will choose the coalition with the lowest weight from its list

– Each agent will announce the weight of its chosen coalition and the lowest
among these will be chosen by all candidates

– Committed agents will be deleted from lists

This is done until all agents are deleted from the lists. It is worth noting that
the coalition value is always re-calculated as the configuration is changed due to
different assignment of the tasks. The only value that changes is the coalition
value. All other values remain unchanged.

• Step Three: the benefits of the cooperation may be distributed if necessary. This
was outside the scope of their paper.
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This paper present a low logarithmic ratio bound to solve the problem. The av-
erage computational complexity will be of order O(nk−1) while communication com-
plexity will be of order of O(n.m).

In [17], the authors start by differentiating between cooperative settings and non
cooperative settings. Cooperative agents are utilized using a central controller who is in
charge of the assignment. Moreover, their costs and capabilities are revealed. However,
for non-cooperative settings, despite the fact that the agent’s capabilities are still known,
the controller can not assign agents unless they express their willingness. This means
that non-cooperative agents can create a strategy to pick up their preferred tasks to
maximize their payment. In their paper, the authors assume cooperative behavior of
agents. First, they assume that each task is composed of several subtasks. Moreover,
every task has a predetermined payment set by the owner. When all the subtasks of
the task are performed, the task’s payment shall be fully paid out. These subtasks are
assigned to agents who are capable of performing it. Moreover, the sum of their costs
shall be less than the tasks’s payment. An example in real life could be in the form
of an organization that receives a set of projects to be assigned to departments. The
organization knows the capabilities and costs of each department. Thus, this problem
does exist in the practical life. The algorithm proposed in this paper, for cooperative
setting, is exponential in number of tasks and polynomial in number of agents. As
number of tasks is usually small, the algorithm is assumed polynomial.

A typical problem involve M candidate tasks ℑ{T1, . . . ,TM} with a predefined
payment P(Ti). Subtasks are expressed as STil where i indicates the task’s index and
l indicates the subtask’s index. There are two important conditions for a task to be
considered complete:

• All subtasks of that task should be performed

• The payment of the task should be fully paid out

These subtasks are assigned to a set of N agents A{A1, . . . ,AN}. Agents are
expressed as A j. An agent can perform a subtask if the knowledge capability is one.
Knowledge capability ϕ(A j,STil) define if a certain agent can perform a certain subtask.
It is one if true and zero otherwise. Using this, a summary of agents and subtasks can
be formalized. Agent’s capabilities, or subtasks that they can perform, are expressed
as follows ψ j = {STil |ϕ(A j,STil) = 1}. Consequently, Subtask’s performers or agents
are expressed as follow: Ωi1 = {A j|ϕ(A j,STil) = 1} In addition, each agent has a cost
to perform a subtask STil . This cost is expressed as follows: C j

i 1. An allocation is
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defined as a match between agents and subtasks. This is expressed as follows: Φ =

{(Ai1,STi1ll
), . . . ,(Ain ,STinln

)}. Here, ΦT indicates the set of tasks in the allocation Φ,
where ΦT ⊂Φ. An allocation is feasible if:

• Each agent in Φ is allocated to at most one subtask.

• Any task is either fully allocated or not allocated.

• The total cost of the agents performing the task should not exceed it’s payment

To have a quantitative analysis, the authors assigned a value to the allocation
function, V (φ). V (φ) is the difference between the total payments of the tasks and the
total costs of the agents. In mathematical terms V (Φ) = ∑T εΦT P(Ti)−∑(A j,STi1)εΦC j

i1
The feasible allocation with the highest Φ is called Φe f f . Consequently, the efficiency
of any solution could be defined as e f f iciency(Φ) = V (Φ)

V (Φe f f ) .
The complexity for the above formalization is NP hard.Solution for big prob-

lems will be based on the algorithm of finding the minimum weighted perfect matching
in a bipartite graph. Each of the agents and the subtasks are defined using vertexes in V
such that the capability of an agent to perform some subtask is indicated by an Edge E
between the corresponding vertices. The agent’s cost to perform some subtask is pre-
sented as a weight on the edge E. Obviously, the sum of the edge’s weight should be
minimumG = (V,E). Accordingly, given a set of tasks ℑ = {T1, . . . ,TM} , they define
the power set of ℑ to be Λ = {λ |λ ⊆ ℑ}. For each λ in Λ, they construct a bipartite
graph Gλ = (V1,V2,E) where V1 represent all the subtasks, ST, associated with one task
in λ and V2 corresponds to all agents in A. If the number of vertices in V2 is greater than
the number of vertices in V1, the algorithm extends the size of V2 by adding |V2|− |V1|
that are connected to all vertices in V2 with a weight of 0. Their algorithms, therefore,
is stated as follows:For each λ in Λ do:

• Build a bipartite graph, Gλ = (V1,V2,E)

• Find the minimum weighted perfect matching Mλ in Gλ .

• check whether Mλ is feasible

• if Mλ is feasible, compute its allocation value V (Mλ )

Finally, they return the most efficient allocation, Mλ , which is a feasible solution
with the highest value, V (Mλ ).
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This paper present a solution to allocate complex tasks. They come up with an algorithm
that is exponential for the number of tasks and polynomial for the number of agents.
Moreover, they mathematically proved that the algorithm always produces an efficient
solution. In [18], the authors aim at partitioning a group of agents to perform activities
and gain more. For example, in e-commerce systems, buyers get together to guarantee a
group discount. According to the authors, coalition formation impose three main steps:

• Dividing the agents in the system into exhaustive disjoint groups

• Optimize the value of each coalition by pooling the resources of each member
into the coalition

• Dividing the value of the coalition among the agents according to some method

The authors claim that coalition generations discussed in the second step is NP-
hard due to the exponential number of groups that need to be examined. Therefore, they
start by formulating their problem as a set of Agents A where n is the number of agents.
Next, they define coalitions as subsets of agents. Each subset is associated with a value
V. Moreover, they define the value of the coalition structure as the sum of all values of
coalitions in the structure.

To solve the problem, the authors present an anytime algorithm to solve big
sized problems. They start by defining L as the set of all coalitional structures with size
k in the system. They only examine a subset of L based on the cardinality. Their results
show that their solution is within a finite bound from the optimal.

[19] discusses coalition formation for cooperative agents. They claim that in
order to make multi agent systems optimal, they shall consider the possibility of the
majority of coalitions combinations. This means that it is a complex combinatorial
problem. Optimization problems usually involve maximizing or minimizing a fitness
function. OPT: Minimize/Maximize f(x) with respect to x in S Where x is a vector of
parameters and S is the solution’s space.The fitness function is usually given, but it is
too complex to solve. Therefore, the authors shall apply genetic algorithms. Genetic
algorithms shall involve three main things:

• Stochastic Choice: Enable the best individual in the community to have more
opportunities and to give it to younger generations.

• Cross Over: It is the exchange of information.
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• Mutation: It introduces new characteristics to the community.

A typical problem would involve M candidate tasks ℑ{T1, . . . ,TM}. Tasks are
expressed as Tj. Each task has a vector of requirements S j = (s1 j , . . . ,sr j). There are N
agents A{A1, . . . ,AN}. Agents are expressed as Ai. Each agent has a vector of abilities
Bi = (b1i, . . . ,bri). A group of agents may form a coalition C. The coalition C may
sum up all ability vectors of it’s agents Bc = ∑AiεC(Bi). A coalition can only perform
a task when its ability vector is more than or equal to the requirements vector of the
task ∀0 ≤ i ≤ r,r j

i ≤ bC
i . Therefore, the authors introduced a value function which

measures the efficiency of the total (MAS) system. The value function is positive when
the equation above holds.The total efficiency of the MAS system is presented as follows:
V = ∑i(Vi). The rules for agents to form coalitions are:

• An agent is allowed to join a coalition only if it increases the efficiency of the
MAS system.

• Once an agent joins a coalition, it is not allowed to join any other coalition.

Genetic algorithms are basically based on Darwin’s theory. This means that they
act like biological processes. Below are the step of Genetic Algorithm:

• Generate an initial solution

• Evaluate the current setting

• Crossover the best individual together to get new children

• Make random mutation over the children

• Go back to second step

The authors start by creating a novel 2D chromosome encoding. Basically, tasks
are represented in columns while agents are represented in rows. ai j = 1 means that
Agent i in Coalition j is involved in task j. After that,the authors apply the cross over
operator. It is basically a bit wise OR operation between two parents. At the end of this
process, the children shall be a valid one. After that, the mutation operator is applied.
Basically, it is based upon the idea of two coalitions exchanging one respective member.
At the end, some final touches are applied to make sure of the efficiency of the MAS
system. Basically, agents are divided into legitimate and non legitimate. Legitimate

27



individuals are those who can perform all tasks while non-legitimate agents are those
who can not perform all tasks. As a result, the algorithm attempts to exchange agents
within coalitions to make sure that every coalition can perform every task.

The authors test their algorithm using 3 groups with 10, 20, and 30 agents re-
spectively. Number of tasks were between 4 and 5. After testing, they concluded that
the convergence rate of the algorithm in this paper is fast and that the robustness is
strong.

[20],[21], and [22] attempt to solve the problem in a similar behavior by apply-
ing meta-heuristics, specifically genetic algorithms.

[20] modifies the previous approach of [19]. First, they start by listing their
main assumptions:

• Each agent has a vector of resources

• Each task required a vector of requirements to be satisfied

• A single agent may not have enough resources to perform tasks individually

• Agents are cooperative and can solve a finite number of tasks

• Each agent can join only one coalition

The authors solve the problem via evolutionary algorithms by only applying a
simple one dimensional array to represent their chromosomes. To evolve their popula-
tion, they utilized two point cross over operator and a mutation operator with a prob-
ability of 0.01. In addition, the fitness of each member is evaluated via the number of
tasks performed. That is, an individual who solves more tasks is preferred as they aim
at maximizing the number of tasks performed. They prove that their algorithm gave no
worse than 80 percent of optimal solution.

Another attempt to solve the problem via genetic algorithms was done by [21].
Their algorithm hold three main assumptions; agent’s rationality in trying to increase
the welfare of the system, central decision making mechanism, and non super additive
environments. They encode the chromosomes using a one dimensional array where
the index represent the agents and the values represent the tasks they are assigned to.
They evolve the population where each chromosome is evaluated by summing up the
coalitional values in it. The coalitional value is calculated by how important the task
performed is, and the cost of the coalition. In addition, the population evolves via the
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uniform cross over operator and the swap mutation operator. Their approach is 100
percent correct for small problems while 56 percent correct for big problems.

[22] illustrates a different way other than meta heuristics to solve the problem
of coalition formation. They distribute the coalitional values calculations among all
agents thus utilizing the resources of the system, saving more memory and requiring
less communication. Their main idea is to divide all possible coalitions equally among
the agents. They test their algorithm with 25 agents and the results were found in less
than 0.02 percent of the time with less than 0.000006 percent of memory use.

2.2 Selfish Agents- Maximizing the payoff of the agent

On the other hand, some papers focused their attention on selfish agents. These
agents aim mainly at increasing their own payoff regardless of the performance of
the system. Different authors tackled the question of "solving optimization problems
among selfish agents". In this section, the literature discussing maximizing the payoff
of the agents is discussed. Several approaches are presented below.

Shehory et al [11] propose a feasible coalition formation among autonomous
agents in non-super environments. They make several assumptions which are:

• The environment is a complete information system;i.e Information about agents
abilities and payoff functions are accessible to all other agents

• Communication between agents is allowed. However, it is expensive.

• Resources and payoffs are transferable between agents.

The main objective of their solution is to find a pareto optimal solution of payoff
vectors that are stable.

They provide two approaches to solve the problem; a computational approach
and a negotiation approach. The computational approach searches an exponential space
and leads to forming stable coalition with maximal individual payoffs. Their second
approach leads to stability, and efficiency of coalition formation process. These ap-
proaches are discussed below:

The computational approach Using this approach, the author suggest a kernel-
based coalition formation framework to minimize complexity of computation and com-
munication overheads. A summary of the steps are shown below:
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• Each agent should calculate the coalitional values for the coalitions in which it is
a member. After that, it should transmit these values to other agents.

• Each agent is assigned a random variable zi using a distributed random method

• Each agent should calculate zi coalition configurations

• Each agent should find a stable payoff vector for each coalitional configuration

• Each agent should make a list of personally Pareto optimal k-stable payoff vec-
tors. Here, k indicates the size of the coalition.

• All agents should merge their personal lists

• The agents should choose one of the coalitional configurations using a decision
making technique

This algorithm is of exponential complexity
The negotiation approach
Another methodology to solve the coalition formation problem is by using ne-

gotiation among agents. This is illustrated in the summary below:

• Each agent should calculate coalitional values

• Each coalition will coordinate its actions through a leader

• For each coalition, do:

– Transmit a proposal to another coalition to join forces

– The receiving coalition either accepts or rejects the proposal

• Steps above are performed until a steady state is reached.

This algorithm is of a polynomial complexity.
Philip, Samir et al [23] talk about how to form coalitions which find a pareto

optimal solution without aggregating the preferences of the agents. Moreover, they con-
tinue by discussing how to dynamically restructure the coalitions to meet the changes
in the environment. Philip and Samir focus mainly on complex tasks where coalitions
are needed to accomplish them. Also, they focus on dynamic environments where tasks
may be added, canceled or modified constantly. Moreover, the mainly consider that the
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choice of an agent depends mainly on the members of the coalition it is in. However,
externalities should be stable during the negotiation process. They go on with their
paper and give the following definitions:

• COALITION: A coalition is formed for each task. Each coalition shall achieve a
task.

• COALITION SET: It represents a solution to the problem of coalition formation.

• GROUP OF COALITION SETS: It is a group of coalitions brought together in order
to be computed and transmitted collectively.

• CONTEXT: A set of unspecified parameters that should be stable during the ne-
gotiation process.

• UTILITY FUNCTION: If cardinal, it associates a utility with a set of coalitions
within a given context. If it if ordinal, it compares two sets in a given context,
maybe comparing against the reference situation.

• REFERENCE SITUATION: For the agents to know if they have to accept a set of
coalitions as solution, they need to be able to compare it with what they are sure
to obtain during the negotiation.

• ACCEPTABLE SET: a set is acceptable to an agent if it prefers it over another
situation

• PARETO OPTIMAL: It is a situation where it is impossible to improve the situation
of the agent.

Philip and Samir propose a negotiation algorithm to come up with a pareto op-
timal solution.

Phase 1: initialization When a new task appears, or when an agent changes its
preference, the initiator agent notifies the others that it will start a negotiation process.
Other agents that want to start negotiation should then wait. The initiator asks each
other agent to send it their tasks. The agent then deduces the set of tasks that need to be
performed and associate it to coalitions. At the end, the initiator send the allocations to
other agents that shall start negotiations.

Phase 2: Negotiation When an agent receives the set, it sorts the groups of sets
according to preferences. Each agent keeps on sending to the next agent until they all
finish.
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phase 3: Transmission of Solution The last agent sends the pareto optimal
solution to other agents as the solution for the negotiation.

Finally, when there are dynamic changes in the environment, the agents should
start from the current optimal solution. According to [23], Coalition formation is one
type of coordination when it comes to bargaining. The authors claim that peer coordi-
nation provides better results than a random model. Moreover, they claim that "it is one
way to economize on transaction costs"

Another approach for non-cooperative agents in coalition formation is discussed
by Arib at al [24]. They introduce a plan for each agent. A plan is basically a set of
ordered actions to achieve a certain goal. The plans of the agents are presented using
acyclic graphs. Acyclic graphs consist of nodes that are connected via and/or edges.
Here, the nodes will present actions. Because the outcome of the agent does not only
depend on the actions of this agent, but on other agents as well, there is a global inter-
agent dependence in the system.

They formulate their problem as a set of agents N = a1,a2, ...,an, a set of plans
P = p1, p2, ..., pK where each plan contains a set of actions A = b1,b2,b3, ...bm. In
addition, each action is associated with a utility ui. Also, they assume that agents prefer
higher utility coalitions. Moreover, they define a coalition structure as a subset of N.

Their proposal is composed of two main steps: coalition search and negotiation
process algorithm.

• Coalition search: In this step, each agent will sort its actions in a decreasing order
of preference to reach a certain goal. To do this, the authors first introduce the
concept of desirability. This means that actions are sorted based on their relevant
importance to other actions in the system.Each agent will form coalitions based
on it’s preferences. It then takes the coalition structure proposal to the negotiation
process.

• Negotiation Process: The initiator broadcasts a coalition structure based on the
actions sent by other agents. The receiving agents will either accept, if the utility
of the coalition structure is at least as good as its reference point, otherwise it
rejects. At the end, when the agents agree, the last agent in the process will send
to the initiator who will then broadcast the results.

The authors here try to maximize the efficiency of the system which is defined
by maximizing the number of performed tasks. The main constraint in this algorithm
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is that agents should join forces with those that will help them perform their preferred
tasks.

2.3 Other Aspects in Coalition Formation

In addition to the discussion above, some papers tackled different issues in coali-
tion formation.

For example, [25] presents an application of multi-objective coalition formation
of ATMs in banks. Banks operate mainly using the concept of ATMs network; this net-
work includes their ATMs and other bank’s ATMs. This network helps their customers
gain access to more machines. Moreover, it is used as a sort of back up in case all
ATMs of this bank fails. Due to the above mentioned benefits, banks decide to create a
network of ATMs. In addition, banks introduce interchange fees whenever a customer
uses the ATM of another bank to count for imbalance in the accounts. This means that,
bank i will pay a fee fi j to bank j whenever a customer of bank i uses the ATM of bank
j. The authors propose a model for ATM networks in the form of multi-objective game
involving two main objectives:

• The cost whenever a cash is withdrawn by the customers of the bank

• The quality of the transaction which is a measure of how many ATM machines
are available

Therefore, the main objective of this paper is to solve the problem of multi ob-
jective transferable utility game to model the problem of ATM network efficiently. A
multi-objective game is a pair (N,V) where N represents the number of players and V is
the value function. Vs is the characteristic set assigned to coalition S where S ⊆ N and
Vs ⊆ Rk such that Vφ = 0. In words, vector Vs is the vector valued utilities that the mem-
bers in coalition S can guarantee by themselves. K denotes the number of objectives.
Non-dominated points in Vs are defined by: E(Vs)= a ∈Vs,suchthat!∃b ∈Vs,a≤ b,a , b.
Vector valued games can be seen as multi-objective games with |Vs|= 1 ∀S⊆N. There-
fore, the maxima of the characteristic set of the multi objective function can be defined
as |E(Vs)| = 1 ∀S ⊆ N. The payoff z ∈ E(VN) is divided by players N who decided
to operate in the form of a 2D payoff matrix. The allocation based on the criteria is
presented by k rows and the players are presented by n columns. Obviously, Xs is the
total payoff obtained by coalition S ∑i∈S X i ∈ Rk. In this paper, the authors will define
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an allocation of all k×N such that XN ∈ E(VN) and this will be denoted by I∗(N,V ).
To get to the result of non-dominated allocation, two different solution concepts exist:

• "We do not admit less worth, componentwise, than all the utility vectors that we
already can guarantee by ourselves"

• "We accept compromise payoffs which are not in the set of vector that we can
guarantee by ourselves"

Their model aim to solve mainly two contradicting objectives: Firstly; The costs
involved in cash withdrawals by the customers of the organizations when they have a
common network. Secondly; The quality of the service offered by the ATMS which is
basically the number of ATMs. The notation for the example is as follows:

• Number of organizations 1,...,m

• S: any subset of N = 1,2,3, ...,n

• d j: is the fixed annual cost of operating one ATM by bank j

• t j: is the total number of ATMs owned by bank j

• Ci j is the variable cost of a transaction by a customer of bank i using the ATM of
bank j

• ni j is the number of transaction by customer i on ATM of bank j

• K: it is the average cost of cash withdrawals by means other than ATM

• m j: it is the number of cash withdrawals by non ATM means of customer of bank
j

Therefore, the total cost, the first objective, is: C = ∑ j∈N R j = ∑ j∈N(d j ∗ t j +

m j ∗ k+∑i∈N ci j ∗ ni j). The second objective, quality of ATM, is: A = ∑i∈N ti. If bank
j decides to leave the network, the customer of bank j still in the network would either
like to use other ATMs in the network or use non-ATM means. Therefore, coalition S
can increase their ATMs by a fraction β (s). This is a fraction of transactions on non-
S ATMs which are performed by customers of S. However, as this might not always
be possible neither desirable, the authors will try to achieve a fraction of it defined by
0 ≤ λ ≤ 1. The idea is to increase the number of ATMs as not to make the customers
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feel any difference in the quality of ATMs offered by the coalition. Therefore, the num-
ber of ATMs in a coalition should be defined as: tλ (s) = ∑i∈S ti +λ ∗β (s)∑ j3S t j. The
characteristic function for the coalition S, v(S) should consider both objectives. The
equation shall be written as follows: Vs = (Cλ (S), tλ (S)) ∈ R2. Because both objectives
are contradicting, the cost will be denoted as a negative vector. The authors conclude
their paper by applying their model in a four bank network in UK and they prove mini-
mizing the average interchange fee paid by each bank.

Another approach by [26] discusses agents with multi skills where each skill
is valued differently. In addition, the skills are uncertain and an agent do not know
about other agent’s skills. However, each agent has a belief space about the skills of
other agents. Therefore, the coalition value is calculated differently for each agent as
the value function is dependent on the belief space. In specific, the value function is
the belief space in terms of it’s probability. The authors proceed by explaining their
algorithms which is a repeated formation of coalitions by agents. At each period, the
proposer agent can propose staying in the current coalition, leaving the current coalition
to join another coalition, or leave the current coalition to stay alone. At the end, all the
affected agents must agree for the change to happen. Their experimental results show
that environments with perfect information produces best coalitions in terms of values.

Alternatively, [27] proposes reinforcement learning and tasks performing in par-
allel by making groups of agents in coalitions. Coalition formation in this paper is based
on Markov decision processes. Their model evolves mainly on the reward and proba-
bility from moving from state s to state ′s via performing action a. A state is defined as
a set of resources by agents and a set of tasks selected to be performed. Also, an action
A is defined as utilizing a specific resource of an agent. In addition, the authors apply
reinforcement learning which is a methodology that relates actions to states via trial and
error in an attempt to reach optimal state. Their model assumes that the current state
highly depends on the previous state. At the end, they testify their markov decision
making capabilities in coalition formation theoretically.

There are several applications for coalition formation in real world. For ex-
ample, it is used in the fields of economics, game theory, mathematics, politics [4].
This topic is specially popular in the field of computer science as it has applications
in parallel processing, network modeling, disaster response applications, and learning
agents. Moreover, this area of research aims at having better interactions between soft-
ware agents. For example, In e-commerce systems, buyer and seller agents can form
coalitions based on trust and witness reputation that can be used in virtual organizations
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[28]. Similarly in e-commerce systems, by joining coalitions, buyers can buy at a lower
price and sellers can sell at a higher price [14]. This section will highlight some of
the main applications in the IT field and in Software Engineering Methodologies for
Software development.

Task Allocation via Coalition Formation can be realized in e-commerce sys-
tems. [29] proposes coalition formation in electronic commerce systems via genetic
algorithms. They state that the buying power of a single buyer is limited, and if they
coordinate, they can realize the same value for a cheaper cost. The main challenge here
is which buyers should get together to find the global minimum cost. In their paper,
they assume different buyers with different shopping lists shopping from different sell-
ers with different retail prices. Forming groups between buyers will help them realize
discount rates for high cost transactions. One might think that all buyers will all join
together to get the maximum discount rate. However, this is not applicable as different
buyers have different shopping lists. From experimentation results, they prove that their
algorithms is feasible and effective to find optimal solutions.

Nematbaksh et al [30] address a greedy model for large complex cooperative
multi agent systems.They adopt an organizational model because they aim at making
(MAS) systems act like intelligent human systems. In this model, each task is performed
as a whole and not decomposed. In addition, each agent has capabilities and roles to
achieve some goals in a structured way. For example, in their model, they assumed two
roles for agents; Supervision role and Operation role. The main objective of the model
is to try to tackle as many tasks with minimal use of resources. Their solution adopts
Schwaninger’s model which is an organization model adopted for cooperative agents.
It consists of three main parts; Structural model, activity model, and behavioral model.

• Structural Model: It shows the overall design of the organization. They adopted
a team-based model organization. First, the organization starts with an initial
structuring. The initial structuring is based on the initial location of the agents.
After that, they reconfigure according to changes in the environment.

• Behavioral Model: It shows the main functionality of the organization and how
it handles the dynamics. The system moves from one state to another if it tackles
one of the following situations:

– A task occurs

– A new agent enters
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– An agent goes out of the system

• Activity Model: It shows the main processes of different departments in the or-
ganization. Here, components should work focusing on the goal. The goal in this
case is to maximize the overall utility in the system.The utility is calculated as
follows:

Utility = TaskCompletionRate/MeanTaskCompletionTime (4)

Another interesting application in allocating tasks to Multihop Wireless Net-
works by [31]. They state that currently, required processing powers might be beyond
the capabilities of individual nodes. They say that the obvious solution is through par-
allel processing by dividing tasks into simpler subtasks and then assign those tasks to
individual nodes. However, they show that this might not be very applicable in such
networks as distributed processing might have a negative effect. Therefore, they pro-
pose genetic algorithms to allow for parallel processing along with nodes collaboration
to have a cost effective strategy. Their testing results prove significant performance
improvement.

2.4 Chapter Summary

In this chapter, a comprehensive literature review is presented. Some papers
discussed coalition formation for cooperative agents. The authors of these papers apply
several techniques to solve the problem like integer programming, greedy algorithms,
graph theory, and genetic and evolutionary algorithms. On the other hands, some au-
thors discussed coalition formation for selfish agents who want to maximize their pay-
offs. The authors of these papers apply mainly negotiation and communication tech-
niques for agents. Also, some papers tackled different aspects of coalition formation
like learning mechanisms by agents, multi objective applications, skills uncertainty for
agents and IT applications in task allocation via coalition formation.
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Chapter 4
Our Contribution to Task Allocation via Coalition

Formation in Cooperative Settings

The main goal of this model is to assign agents to tasks and thus form a coalition
for each task while maximizing the efficiency of the whole system. In other words, each
task should be assigned the optimally capable agent with the minimum possible cost.
The assignments of agents to tasks should be done taking into account two constraints;
Each agent should be assigned to one and only one task, and the resources of the agents
performing the task should be greater than or equal to the tasks’s requirement.

3.1 Assumptions

• Each task has a vector of requirements that needs to be satisfied before a task
could be called done

• There is a finite number of tasks in the system

• Each task has a payment that is given at the end of it’s execution

• Each agent has a vector of resources that shall be utilized to perform tasks

• There is a finite number of agents in the system

• Each agent has a cost that is endured once it is assigned to a task

• Agents are cooperative and want to increase the efficiency of the system more
than increasing their own good

• A single agent may not have enough resources to satisfy the requirements of a
task

3.2 Notations

3.2.1 Sets

• Tasks: Set of candidate tasks to be performed in the system
Tasks= (tasks:1,2,3...J), where J is the number of tasks

• Requirements: set of requirements in the system
Requirements= (Requirements:1,2,3...K), where K is the number of requirements
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• Task-Requirements: set of requirements required by the task
Task-Requirements= (Task-Requirements:1,2,3...K), where K is the number of
requirements required by the task

• Agents: Set of agents in the system
Agents= (Agents:1,2,3...I), where I is the number of agents

• Resources: Set of resources in the system
Resources= (Resources:1,2,3...K), where K is the number of resources

• Agent-Resources: set of resources belonging to the agent
Agent-Resources= (Agent-Resources:1,2,3...K), where K is the number of re-
sources for the agent

• Agents-Tasks: Set of assignments between the agents and the tasks
Agents-Tasks= (Agents-Tasks:1,2,3...I*J), where I*J is the size of the two dimen-
sional matrix linking agents and tasks

3.2.2 Input Parameters

• Tj: Task j in the system

• Pj: The payment per task j

• T R jk: The requirement k of task j

• Ai: Agent i in the system

• Ci: The cost per agent i

• ARik: The resource k of agent i

3.2.3 Binary Decision Variables

ATi j =

{
1 if agent i is assigned to task j
0 otherwise

(5)

Done j =

{
1 if task j is performed
0 otherwise

(6)
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3.3 Constraints

There are two main constraints in the systems.

• Each agent is assigned to one and only one coalition. That is, each agent can only
perform one task

∑
j

ATi j ≤ 1,∀i ∈ 1, ..., I (7)

• The resources of the agents in the coalitions should be greater than or equal to the
requirements of the performed task

∑
i

ATi j ∗ARik >= T R jk ∗Done j,∀ j ∈ 1, ...,J,and∀k ∈ 1, ...,K (8)

3.4 Objectives

The overall objective of this model is to maximize the efficiency of the system;
that is, maximize the profits by assigning the cheapest capable agents to tasks.

Maximize(∑
j

DONE j ∗Pj)− (∑
i j

ATi j ∗Ci) (9)

3.5 Illustrative Example

In this section, an illustrative example of 3 tasks and 6 agents is illustrated. The
figures below shows the system’s structure for this example. Table 1 below show the
tasks structure while table 2 show the agents structure. The assignment of agents to
tasks is shown in table 3

Table 1: Task’s Structure

Tasks Requirement
1

Requirement
2

Requirement
3

Payment

Task #1 173 469 33 18780
Task #2 204 294 20 5446
Task #3 436 489 104 15760
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Table 2: Agent’s Structure

Agents Resource 1 Resource 2 Resource 3 Cost
Agent #1 237 204 225 9637
Agent #2 344 343 425 9869
Agent #3 -48 61 141 1921
Agent #4 301 -32 209 5909
Agent #5 435 425 449 5462
Agent #6 375 466 211 6874

Table 3: Coalitions Formed with cooperative agents

Task 1 Task 2 Task 3
Agent 3
Agent 5

3.5.1 Sensitivity Analysis

In this section, we will apply sensitivity analysis on the example illustrated
above. Specifically, we are interested on how the value of the efficiency changes when
one of the following changes at a time: A task’s payment, a task’s requirement, an
agent’s cost,and an agent’s resource. Table 4 below illustrates the simulations.

Table 4: Sensitivity Analysis for Cooperative Behaviors
Parameter Changed Parameter

Value

Coalition

Value

Coalition

Structure

Change?

Task 2 Payment 5446 11397 Task 1 is

Performed

Initial Case

Task 2 Payment 6000 11397 Task 1 is

Performed

No

Task 2 Payment 6500 11397 Task 1 is

Performed

No
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Parameter Changed Parameter

Value

Coalition

Value

Coalition

Structure

Change?

Task 2 Payment 7000 11523 Task 1

and 2 are

Performed

Yes

Task 1 Require-

ment

173 11397 Task 1 is

Performed

Initial Case

Task 1 Require-

ment

200 11397 Task 1 is

Performed

No

Task 1 Require-

ment

250 11397 Task 1 is

Performed

No

Task 1 Require-

ment

300 11397 Task 1 is

Performed

No

Task 1 Require-

ment

350 11397 Task 1 is

Performed

No

Task 1 Require-

ment

400 6444 Task 1 is

Performed

Yes

Agent 4 cost 5909 11397 Task 1 is

Performed

Initial Case

Agent 4 cost 4000 11397 Task 1 is

Performed

No

Agent 4 cost 3000 11397 Task 1 is

Performed

No

Agent 4 cost 2000 11397 Task 1 is

Performed

No

Agent 4 cost 1000 11397 Task 1 is

Performed

No

Agent 5 resource 435 11397 Task 1 is

Performed

Initial Case

Agent 5 resource 400 11397 Task 1 is

Performed

No

Agent 5 resource 350 11397 Task 1 is

Performed

No

Agent 5 resource 300 11397 Task 1 is

Performed

No
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Parameter Changed Parameter

Value

Coalition

Value

Coalition

Structure

Change?

Agent 5 resource 250 11397 Task 1 is

Performed

No

Agent 5 resource 200 10646 Task 1

and 3 are

Performed

Yes

In this simulation, we start with the initial case of the example illustrated above
where only Task 1 is performed and the efficiency of the system is 11397. After that,
we gradually change the payment of task 2 to understand if increasing it’s payment
would give incentives for the agents to perform it. When the payment of task 2 is 7000,
the coalition structure changes with a new value of 11523 and now task 1 and 3 are
performed. This methodology is also applied to Task 1 requirement, Agent 4 cost, and
Agent 5 resource. As shown from the simulation run above, the payment seems to be
the most sensitive parameter for coalitions to be formed in this example.

3.6 Computational Results and Conclusion

The model was tested for medium and big sized problems. However, due to the
NP complexity of the problem, the model can give optimal solutions up to 12 tasks,
14 agents and 8 resources/requirments. Big sized problems will be solved via genetic
algorithms to solve for good solutions in an acceptable time.

3.6.1 Testing Environment

The optimization model was coded, run and tested in LINGO 12.0 in an In-
tel(R) Core(TM)2 Duo CPU processor, 2.10 GHz speed and 3.00 GB RAM memory.
The problem sets were generated randomly in the excel sheet and input to the LINGO
program via a database connection. The following parameters were considered for test-
ing:

• Medium problems: 1-11 tasks, 3-14 agents, 1-8 resources

• Range of task’s payments: 1:20,000 units

• Range of task’s requirements: 1:500 units

• Range of agent’s costs: 1:10,000 units
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• Range of agent’s resources: -100:500 units

Table 14 in Appendix A show detailed test results for medium problems. The
following conclusions could be made about the runs:

• The tasks with the maximum payment are being performed

• The agents who are most capable are assigned to perform the task provided they
are the cheapest

• Agents are assigned if and only if they will be participate in performing a task to
avoid any wasted costs

• Agents prefer high payment over a complex task; that is, a capable agent would
perform a high paying complex task rather than a low paying simple tasks

• A capable agent will not perform a task if it’s cost is higher than it’s payment

• The payment of the task is the most sensitive parameter that highly affects the
coalitional structure and value

3.6.2 Genetic Algorithms Application for cooperative agents

The structure of the problem implies a boolean satisfiability problem (SAT).
Specifically, agents needs to be assigned to tasks while satisfying all the clauses and
constraints specified in the previous section. The problem attempts at finding the opti-
mal assignments while maximizing the efficiency of the system. Therefore it implies a
MAX-SAT problem which is a variant of the SAT problem [32]. This problem, as il-
lustrated before and due to its structure, is of NP complexity. Therefore, in this section
we propose a meta heuristics, genetic algorithm, to help solve big sized problems in a
reasonable time. The details of the algorithm are illustrated in the following section.

Chromosome Encoding
The first step in using genetic algorithms is to find an appropriate chromosome

encoding methodology. In our algorithm, we are going to utilize the chromosome en-
coding designed in [19] which is a two dimensional binary system chromosome. Basi-
cally, it is a two dimensional matrix of agents versus tasks where ai j of value 1 means
that agent i is assigned to task j and 0 otherwise. The encoding is illustrated in table 5.

This encoding structure suits our problem the most due to the following reasons:
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Table 5: Chromosome Encoding

Titles Task 1 Task 2 Task 3 ... Task m
Agent 1 1 0 0 ... 0
Agent 2 0 0 1 ... 0
Agent 3 0 1 0 ... 0
...

...
...

...
...

...
Agent n 0 0 0 ... 1

• It retains the binary encoding

• It has a similar representation to the Optimization Model

• It is easy to apply the cross over and mutation operator due to the binary mecha-
nism

Initial Population Generation
During experimentation and from literature, it is realized that the quality of

the initial population highly affects the quality of the solution generated. The initial
population is created in different ways which are:

• Completely Random Chromosomes

• Random chromosomes where each row has only one assignment. The purpose of
this chromosome is to satisfy the first constraint where each agent is allowed to
work on one and only one task

• Chromosomes where all agents are assigned to each task respectively

• A Chromosome with zero assignments

• A Chromosome with full assignments; that is all fields in the two dimensional
array are assigned the value of one

• A Chromosome where agents are assigned to the first task until the requirements
of that task are satisfied. After that, the agents get assigned to the second task
until it’s requirements are satisfied and so on...
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• Chromosomes where agents are assigned to a random task until the requirements
of that task are satisfied. After that, the agents get assigned to another random
task until it’s requirements are satisfied and so on...

These attempts try to maximize the possible combination of chromosomes in
the population. In our approach, we started with an initial population of 300 members.
This number was obtained after several experimentation and it proved to give the best
results.

3.7 Selection Strategy

The selection strategy we implemented was highly inspired by the work of [32].
It is based on diversification and fitness as genetic algorithms recommend. The selected
candidates are then used for the reproduction operators; cross over and mutation.

The selection strategy was based on several methodologies illustrated below:

• One good parent with one good parent based on fitness

• One good parent based on fitness with a randomly selected parent

• One good parent with one bad parent based on fitness

• Two randomly selected parents

Cross over operator pseudo code
The population is mainly generated with the cross over operator. In this algo-

rithm, we have applied the uniform cross over where a new child is constructed by
combining two parents randomly. The uniform cross over proves beneficial because
it improves diversification. In addition, it outperformed the ’OR’ cross over operator
during our experimentation. The pseudo code of the cross over operator is illustrated in
algorithm 1.

Mutation Operator pseudo code
The mutation operator was highly inspired by the work of [32]. It is used to

improve the children who are produced from the cross over operator. It works by se-
lecting a random variable in the chromosome and flipping it. We have implemented the
mutation operator with a probability of 0.2. The pseudo code of the mutation operator
is shown in algorithm 2.

Elitism Operator
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Algorithm 1 The Uniform Cross Over Operator
Require: Two Parents; parent 1 and parent 2 and parent copying percent=0.5
Ensure: Two Children

while agent i in Agents do
while task j in Tasks do

b← randomnumberbetween0and1
if r ≤ 0.5 then

child1[agent][task]← parent1[agent][task]
child2[agent][task]← parent2[agent][task]

else
child1[agent][task]← parent2[agent][task]
child2[agent][task]← parent1[agent][task]

end if
end while

end while

Algorithm 2 The Flipping Mutation Operator
Require: One parent
Ensure: One child

i← randomagentindex
j← randomtaskindex
r← randomnumberbetween0and1
child[i][ j] , child[i][ j]

Elitism is one of the main operators in Genetic Algorithms that are used to
maintain some individuals in the population in case they get lost during the operations
discussed above. These individuals need to be maintained to keep a diversified popula-
tion and to stop the algorithm from being stuck in a local optimum. Elitism is applied
in the following way:

• 20% of the population maintains good individuals based on their fitness

• 5% of the population maintains average individuals based on their fitness

• 5% of the population maintains bad individuals based on their fitness

The fitness function
The fitness function is used to rank and rate individuals depending on the ef-

ficiency that results in the system from assigning agents to tasks. The outline of the
fitness function is shown in algorithm 3.

Stopping Criteria
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Algorithm 3 The Fitness Function
Require: A chromosome
Ensure: The fitness of the chromosome

if The Chromosome satisfies constraint one and constraint two then
while There are tasks do

while There are agents do
if the agent is assigned to the task then

Calculate the cost of the agent participating in the task
end if

end while
if the task is performed then

Calculate paymento f task− costo f all participatingagents
end if

end while
else

f itness =−∞

end if

Two stoping criteria were considered during the runs. The first one is itera-
tive steps between 1000-10000 iterations. The other rule is the convergence rule. The
algorithm keeps on looping until it converges. That is, if the difference between the
best individuals of two consecutive populations is 0.0001 for 1000 times. This crite-
ria proves a faster termination of the algorithm than the iterations criteria while still
providing same results.

Genetic Algorithm pseudo code
After explaining the structure of the different operators in genetic algorithm, the

structure of the overall algorithm is stated in algorithm 4 below.
Performance Assessment
As there are no benchmark problems available in the literature to assess the

quality of the solution, the genetic algorithm will be bench marked against the exact
solutions obtained above. The code was implemented using Java. No Libraries or
genetic algorithms engines where implemented. Everything was coded from scratch.
Keeping the same testing environment as the optimization model, the algorithm was
tested against the problems specified above. The genetic algorithm was performing
very well giving 0% deviation for medium problems. In addition, the genetic algorithm
is able to solve bigger problems than the exact solution. Figures 1 and 2 below show
the performance of both the GA and the Lingo in terms of number of tasks and number
of agents respectively. The data points are randomly selected. The blue line indicates
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Algorithm 4 Overall Structure of the Genetic Algorithm
Require: An instance of satisfiability
Ensure: An assignment of agents to tasks maximizing the overall efficiency of the

system
while The algorithm didn’t converge do

Generate the initial population
Select two parents
Apply the cross over operator
b← randomnumberbetween0and1
if r ≤ 0.2 then

Apply the mutation operator
end if
Add the children to the new population

end while
return the best individual A found

where the Lingo stopped running. The Lingo and GA points overlap due to the 0%
deviation. Therefore, all points after the blue line are Genetic Algorithm runs as the
graphs show. The details of the runs are shown below in table 15 in Appendix B.

Figure 1: Performance Versus Number of Tasks for Cooperative Settings
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Figure 2: Performance versus Number of Agents for Cooperative Settings

3.8 Chapter Summary

In this section, an optimization model was generated to solve for coalition for-
mation in cooperative environments. The coalitions were formed in order to increase
the efficiency of the system which is defined as the payments of all the performed tasks
minus the costs of all the participating agents. Due to the complexity of the problem,
genetic algorithms was developed to solve for big problems in order to get acceptable
solutions in an acceptable time. The algorithms is giving an average of 0% for medium
problems.
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Chapter 5
Our Contribution to Task Allocation via Coalition

Formation in Selfish Settings
The main goal of this model is to assign agents to tasks while maximizing the

payoff of each agent. First, we define the payoff of the agent as the payment of the
task in proportion to how much resources the agent has compared to the members in
the coalition it is a member of. This definition of payoff is highly inspired by game
theory concepts explained in chapter one where the payoff of each agent depends on
the strategies taken by other agents. The model in itself is a multi objective realization.
In fact, the number of objectives is equal to the number of agents as the model aims at
maximizing the payoff of each and every agent. This problem is very complex due to
the fractional complexity in the objective function.

4.1 Assumptions

• Each task has a vector of requirements that needs to be satisfied before a task
could be called done

• There is a finite number of tasks in the system

• Each task has a payment that is given at the end of it’s execution

• Each agent has a vector of resources that shall be utilized to perform tasks

• There is a finite number of agents in the system

• Each agent has a cost that is endured once it is assigned to a task

• Agents are selfish and want to increase their payoff more than increasing the
efficiency of the system

• A single agent may not have enough resources to satisfy the requirements of a
task

4.2 Notations

4.2.1 Sets

• Tasks: Set of candidate tasks to be performed in the system
Tasks= (tasks:1,2,3...J), where J is the number of tasks
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• Requirements: set of requirements in the system
Requirements= (Requirements:1,2,3...K), where K is the number of requirements

• Task-Requirements: set of requirements required by the task
Task-Requirements= (Task-Requirements:1,2,3...K), where K is the number of
requirements required by the task

• Agents: Set of agents in the system
Agents= (Agents:1,2,3...I), where I is the number of agents

• Resources: Set of resources in the system
Resources= (Resources:1,2,3...K), where K is the number of resources

• Agent-Resources: set of resources belonging to the agent
Agent-Resources= (Agent-Resources:1,2,3...K), where K is the number of re-
sources for the agent

• Agents-Tasks: Set of assignments between the agents and the tasks
Agents-Tasks= (Agents-Tasks:1,2,3...I*J), where I*J is the size of the two dimen-
sional matrix linking agents and tasks

4.2.2 Input Parameters

• Tj: Task j in the system

• Pj: The payment per task j

• T R jk: The requirement k of task j

• Ai: Agent i in the system

• Ap: Participating agents in the coalition

• Ci: The cost per agent i

• ARik: The resource k of agent i
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4.2.3 Binary Decision Variables

ATi j =

{
1 if agent i is assigned to task j
0 otherwise

(10)

Done j =

{
1 if task j is performed
0 otherwise

(11)

4.2.4 Continuous Decision Variables

payo f fi = ∑
task

(ATi j ∗done j ∗Pj ∗ (∑
k

ARik/(∑
pk

ARpk ∗ATp j))),∀i, j, p,andk (12)

4.3 Constraints

There are two main constraints in the systems.

• Each agent is assigned to one and only one coalition. That is, each agent can only
perform one task

∑
j

ATi j ≤ 1,∀i ∈ 1, ..., I (13)

• The resources of the agents in the coalitions should be greater than or equal to the
requirements of the performed task

∑
i

ATi j ∗ARik >= T R jk ∗Done j,∀ j,andk (14)

4.4 Objectives

The overall objective of this model is to maximize the payoff of all the agents.

Maximize(∑
i

payo f fi) (15)

4.5 Illustrative Example

In this section, an illustrative example of 3 tasks and 6 agents is illustrated.
Tables 6, 7, and results2 show the tasks, agents and coalitions formed in this example.
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Table 6: Task’s Structure

Tasks Requirement
1

Requirement
2

Requirement
3

Payment

Task #1 173 469 33 18780
Task #2 204 294 20 5446
Task #3 436 489 104 15760

Table 7: Agent’s Structure

Agents Resource 1 Resource 2 Resource 3 Cost
Agent #1 237 204 225 9637
Agent #2 344 343 425 9869
Agent #3 -48 61 141 1921
Agent #4 301 -32 209 5909
Agent #5 435 425 449 5462
Agent #6 375 466 211 6874

Table 8: Coalitions Formed with selfish agents

Task 1 Task 2 Task 3
Agent 3 Agent 2 Agent 1
Agent 4 Agent 5
Agent 6

4.5.1 Sensitivity Analysis

In this section, we will apply sensitivity analysis on the example illustrated
above. Specifically, we are interested on how the value of the efficiency changes when
one of the following changes at a time: A task’s payment, a task’s requirement, an
agent’s cost,and an agent’s resource. Table 9 below illustrates the simulations.

Table 9: Sensitivity Analysis for Selfish Behaviors
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Parameter Changed Parameter

Value

Coalition Value Coalition Struc-

ture

Change?

Task 2 Payment 5446 39962 Task 1,2,3 are

Performed

Initial Case

Task 2 Payment 6000 40515.5 Task 1,2,3 are

Performed

Yes
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Parameter Changed Parameter

Value

Coalition Value Coalition Struc-

ture

Change?

Task 1 Require-

ment

173 39962 Task 1,2,3 are

Performed

Initial Case

Task 1 Require-

ment

200 39962 Task 1,2,3 are

Performed

No

Task 1 Require-

ment

250 39962 Task 1,2,3 are

Performed

No

Task 1 Require-

ment

300 39962 Task 1,2,3 are

Performed

No

Task 1 Require-

ment

350 39962 Task 1,2,3 are

Performed

No

Task 1 Require-

ment

400 39962 Task 1,2,3 are

Performed

Yes

Agent 4 cost 5909 39962 Task 1,2,3 are

Performed

Initial Case

Agent 4 cost 4000 39962 Task 1,2,3 are

Performed

No

Agent 4 cost 3000 39962 Task 1,2,3 are

Performed

No

Agent 4 cost 2000 39962 Task 1,2,3 are

Performed

No

Agent 4 cost 1000 39962 Task 1,2,3 are

Performed

No

Agent 5 resource 435 11397 Task 1,2,3 are

Performed

Initial Case

Agent 5 resource 400 57960 Task 1,2 is Per-

formed

Yes

In this simulation, we start with the initial case of the example illustrated above
Task 1,2, and 3 are performed and the efficiency of the system is 39962. After that,
we gradually change the payment of task 2 to understand if increasing it’s payment
would give incentives for the agents to perform it. When the payment of task 2 is
6000, the coalition structure changes with a new value of 40515.5 with higher payoffs
to agents. The same changes are applied to Task 1 requirement, Agent 4 cost and Agent
5 resource. As shown from the simulations above, it seems that the payments of tasks
and the resources of the agents are the most sensitive parameters in this example.
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4.6 Computational Results and Conclusion

Our formulation for the problem concerning the second objective which is max-
imizing the payoff of each agent is very complex and can not be solved in a polynomial
time due to the decision variable that exists int he fraction in the objective function.
Therefore, big problems could not be solved exactly and thus there was a need for
meta-heuristics to give acceptable solutions in optimal times. This section will explain
runs, experiments, and results from exact solutions.

4.6.1 Testing Environment

The optimization model was coded, run and tested in LINGO 12.0 in an Intel(R)
Core(TM)2 Duo CPU processor, 2.10 GHz speed and 3.00 GB RAM memory.

The problem sets were generated randomly in the excel sheet and input to the
LINGO program via a database connection. The following parameters were considered
for testing:

• Small problems: 1-3 tasks, 3-6 agents, 1-3 resources

• Range of task’s payments: 1:10,000 units

• Range of task’s requirements: 1:500 units

• Range of agent’s costs: 1:10,000 units

• Range of agent’s resources: -100:500 units

The following conclusions could be made about the runs:

• The tasks with the maximum payments are being performed because they give
maximum payoffs for agents

• Agents are assigned if and only if they will be participate in performing a task to
avoid any wasted payments

• Agents prefer high payment over a complex task; that is, a capable agent would
perform a high paying complex task rather than a low paying simple task

• Agent’s costs are ignored in this case

• Most of the time, all agents are assigned to tasks even if they don’t contribute to
accomplishing the task just to increase their payoff
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• The LINGO program didn’t give any results for big problems. This is obvious
due to the fractional complexity of the problem

• The payments of tasks and resources of agents are the most sensitive parameters
in changing the coalitional structure and value

Table 16 in Appendix C show test results for small problems.

4.6.2 Genetic Algorithms Application for selfish agents

The same structure of Genetic Algorithms applied for cooperative agents will
be utilized for selfish agents. However, the only difference will be realized in the fitness
function due to the different objective.

The fitness function
The fitness function is used to rank and rate individuals depending on the payoff

each agent receives from being assigned to tasks. The outline of the fitness function is
shown below in Algorithm 5.

Algorithm 5 The Fitness Function
Require: A chromosome
Ensure: The fitness of the chromosome

if The Chromosome satisfies constraint one and constraint two then
while There are tasks do

if the task is performed then
while There are agents do

if the agent is assigned to the task then
Calculate the payoff of the agent participating in the task
Set the payoff of the agent
f itness = f itness+ thepayo f f o f theagent

else
f itness = 0

end if
end while

end if
end while

else
f itness =−∞

end if

Genetic Algorithm pseudo code
After explaining the structure of the different operators in genetic algorithm, the

structure of the overall algorithm is stated below in algorithm 6:
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Algorithm 6 Genetic Algorithm
Require: An instance of satisfiability
Ensure: An assignment of agents to tasks maximizing the sum of payoffs in the system

while The algorithm didn’t converge do
Generate the initial population
Select two parents
Apply the cross over operator
b← randomnumberbetween0and1
if r ≤ 0.2 then

Apply the mutation operator
end if
Add the children to the new population

end while
return the best individual A found

4.7 Performance Assessment

As there are no benchmark problems available in the literature to assess the
quality of the solution, the genetic algorithm will be bench marked against the exact
solutions obtained above. The problems were structured in Microsoft Excel and then
connected to Lingo and Java for experimentation. The problem sets were randomly
generated. The testing show that the genetic algorithms gave 0% deviation for the small
problems. In addition, it resulted in an average time saving of 6.95 seconds. The genetic
algorithm was performing very well giving 0% deviation for medium problems. In
addition, the genetic algorithm is able to solve bigger problems than the exact solution.
Figures 3 and 4 below show the performance of both the GA and the Lingo in terms
of number of tasks and number of agents respectively. The data points are randomly
selected. The blue line indicates where the Lingo stopped running. Therefore, all points
after the blue line are Genetic Algorithm runs as the graphs show. The points in the
graphs overlap because there is 0% deviation between the GA and the exact solution.
The details of the testing are shown in table 17 in Appendix D.
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Figure 3: Performance Versus Number of Tasks in Selfish Settings

Figure 4: Performance versus Number of Agents in Selfish Settings

4.8 Chapter Summary

In this section, an optimization model was generated to solve for coalition for-
mation in selfish environments. The coalitions were formed in order to increase the
payoff of each agent which is defined as the payment of the task he is performing in
proportion to how much resources it has compared to the resources the agents in his
coalition have. Due to the NP and fractional complexity of the problem, genetic algo-
rithms was developed to solve for big problems in order to get acceptable solutions in
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an acceptable time. The algorithms is giving 0% deviation for small problems with an
average time saved of 7 seconds.
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Chapter 5
Our Contribution to Task Allocation via Coalition

Formation in Cooperative AND Selfish Settings

In this section, we are interested in examining the behavior of the system when
we combine both behaviors; cooperative and selfish. In order to accomplish this, we will
examine the behavior of the system taking into account increasing both the efficiency
of the system and the payoff of each and every agent.

5.1 Assumptions

The main assumptions in this model are:

• Each task has a vector of requirements that needs to be satisfied before a task
could be called done

• There is a finite number of tasks in the system

• Each task has a payment that is given at the end of it’s execution

• Each agent has a vector of resources that shall be utilized to perform tasks

• There is a finite number of agents in the system

• Each agent has a cost that is endured once it is assigned to a task

• Agents are cooperative and selfish.Therefore, they want to increase both the effi-
ciency of the system and their payoffs.

• A single agent may not have enough resources to satisfy the requirements of a
task

5.2 Notations

5.2.1 Sets

• Tasks: Set of candidate tasks to be performed in the system
Tasks= (tasks:1,2,3...J), where J is the number of tasks

• Requirements: set of requirements in the system
Requirements= (Requirements:1,2,3...K), where K is the number of requirements
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• Task-Requirements: set of requirements required by the task
Task-Requirements= (Task-Requirements:1,2,3...K), where K is the number of
requirements required by the task

• Agents: Set of agents in the system
Agents= (Agents:1,2,3...I), where I is the number of agents

• Resources: Set of resources in the system
Resources= (Resources:1,2,3...K), where K is the number of resources

• Agent-Resources: set of resources belonging to the agent
Agent-Resources= (Agent-Resources:1,2,3...K), where K is the number of re-
sources for the agent

• Agents-Tasks: Set of assignments between the agents and the tasks
Agents-Tasks= (Agents-Tasks:1,2,3...I*J), where I*J is the size of the two dimen-
sional matrix linking agents and tasks

5.2.2 Input Parameters

• Tj: Task j in the system

• Pj: The payment per task j

• T R jk: The requirement k of task j

• Ai: Agent i in the system

• Ap: Participating agents in the coalition

• Ci: The cost per agent i

• ARik: The resource k of agent i

5.2.3 Binary Decision Variables

ATi j =

{
1 if agent i is assigned to task j
0 otherwise

(16)

Done j =

{
1 if task j is performed
0 otherwise

(17)
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5.2.4 Continuous Decision Variables

payo f fi = ∑
task

(ATi j ∗done j ∗Pj ∗ (∑
k

ARik/(∑
pk

ARpk ∗ATp j))),∀i, j, p,andk (18)

5.3 Constraints

There are two main constraints in the systems.

• Each agent is assigned to one and only one coalition. That is, each agent can only
perform one task

∑
j

ATi j ≤ 1,∀i ∈ 1, ..., I (19)

• The resources of the agents in the coalitions should be greater than or equal to the
requirements of the performed task

∑
i

ATi j ∗ARik >= T R jk ∗Done j,∀ j ∈ 1, ...,J∀k ∈ 1, ...,K (20)

5.4 Objectives

The overall objective of this model is to maximize the payoff of all the agents.

Maximize(∑
i

payo f fi)+((∑
j

DONE j ∗Pj)− (∑
i j

ATi j ∗Ci)) (21)

5.5 Illustrative Example

In this section, an illustrative example of 3 tasks and 6 agents is illustrated.
Tables 10, 11, and 12 show the tasks, agents and coalitions formed respectively.

5.5.1 Sensitivity Analysis

In this section, we will apply sensitivity analysis on the example illustrated
above. Specifically, we are interested on how the value of the efficiency changes when
one of the following changes at a time: A task’s payment, a task’s requirement, an
agent’s cost,and an agent’s resource. Table 13 below illustrates the simulations.
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Table 10: Tasks

Tasks Requirement
1

Requirement
2

Requirement
3

Payment

Task #1 173 469 33 18780
Task #2 204 294 20 5446
Task #3 436 489 104 15760

Table 11: Agents

Agents Resource 1 Resource 2 Resource 3 Cost
Agent #1 237 204 225 9637
Agent #2 344 343 425 9869
Agent #3 -48 61 141 1921
Agent #4 301 -32 209 5909
Agent #5 435 425 449 5462
Agent #6 375 466 211 6874

Table 12: Coalitions Formed for Cooperative and Selfish behaviors combined

Task 1 Task 2 Task 3
Agent 3 Agent6 Agent1
Agent 5 Agent2

Table 13: Sensitivity Analysis for Hybrid Behaviors
Parameter Changed Parameter

Value

Coalition

Value

Coalition

Structure

Change?

Task 2 Payment 5446 46182 Task 1,2,3

are Per-

formed

Initial Case
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Parameter Changed Parameter

Value

Coalition

Value

Coalition

Structure

Change?

Task 2 Payment 6000 47289.6 Task 1,2,3

are Per-

formed

Yes

Task 1 Require-

ment

173 46182 Task 1,2,3

are Per-

formed

Initial Case

Task 1 Require-

ment

200 46182 Task 1,2,3

are Per-

formed

No

Task 1 Require-

ment

250 46180 Task 1,2,3

are Per-

formed

Yes

Agent 4 cost 5909 46182 Task 1,2,3

are Per-

formed

Initial Case

Agent 4 cost 4000 46182 Task 1,2,3

are Per-

formed

No

Agent 4 cost 3000 46182 Task 1,2,3

are Per-

formed

No

Agent 4 cost 2000 46182 Task 1,2,3

are Per-

formed

No

Agent 4 cost 1000 46182 Task 1,2,3

are Per-

formed

No

Agent 5 resource 435 46181 Task 1,2,3

are Per-

formed

Initial Case

Agent 5 resource 400 46181 Task 1,2,3

are Per-

formed

No
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Parameter Changed Parameter

Value

Coalition

Value

Coalition

Structure

Change?

Agent 5 resource 350 46181 Task 1,2,3

are Per-

formed

No

Agent 5 resource 300 46180 Task 1,2,3

are Per-

formed

No

Agent 5 resource 250 46180 Task 1,2,3

are Per-

formed

No

Agent 5 resource 200 46180 Task

1,2,3are

Performed

No

In this simulation, we start with the initial case of the example illustrated above
Task 1,2, and 3 are performed and the efficiency of the system is 46182. After that, we
gradually change the payment of task 2 to understand if increasing it’s payment would
give incentives for the agents to perform it. When the payment of task 2 is 6000, the
coalition structure changes with a new value of 47289.6 with higher payoffs to agents.
This methodology is also applied to Task 1 requirement, Agent 4 cost and Agent 5
resource. As shown above from the simulation runs, it seems the payment is the most
sensitive parameter in this example.

5.6 Computational Results and Conclusion

Our formulation for the problem concerning both objectives is complex due to
the nature of the second objective and therefore, can not be solved in a polynomial
time. Therefore, big problems could not be solved exactly and thus there was a need for
meta-heuristics to give acceptable solutions in optimal times. This section will explain
the runs, experiments, and results from exact solutions.

5.6.1 Testing Environment

The optimization model was coded, run and tested in LINGO 12.0 in an Intel(R)
Core(TM)2 Duo CPU processor, 2.10 GHz speed and 3.00 GB RAM memory. The
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problem sets were generated randomly in excel sheets and input to the LINGO program
via a database connection. The following parameters were considered for testing:

• Medium problems: 1-3 tasks, 3-6 agents, 1-3 resources

• Range of task’s payments: 1:10,000 units

• Range of task’s requirements: 1:500 units

• Range of agent’s costs: 1:10,000 units

• Range of agent’s resources: -100:500 units

Table 18 in Appendix E show test results for medium problems. In addition,
we compared both objectives in terms of both objectives. That is, we calculated the
payoffs for agents while executing objective one, and the efficiency of the system while
executing objective two, and both the efficiency and the payoffs while executing both
objectives. This is important to see which objective results in more good in the system.
The results are shown in table 20 in Appendix G.

The following conclusions could be made about the runs:

• The results of the second objective are the ones dominating when the number of
agents is large

• Combining Both Objectives seems to be more beneficial to the system in terms
of efficiency and payoff

• The number of coalitions created with selfish agents are more than the number of
coalitions created with cooperative agents

5.7 Overview of Genetic Algorithm

While combining both objectives, we retained the structure of the genetic algo-
rithms except for changing the fitness function as shown in Algorithm 7:

5.7.1 The fitness function

The fitness function is used to rank and rate individuals depending on the ef-
ficiency and the sum of the payoffs that result in the system from assigning agents to
tasks. The outline of the fitness function is shown below in Algorithm 7.
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Algorithm 7 The Fitness Function
Require: A chromosome
Ensure: The fitness of the chromosome

if The Chromosome satisfies constraint one and constraint two then
while There are members in the chromosome do

if There is an assignment between agent i and task j then
Calculate the cost of all agents participating in the task
Calculate the payoff of the agent participating in the task
if The resources of the participating agents satisfy the requirements of the
task then

fitness1 = fitness1 + (the payment of the task - the cost of the participating
agents in this task)
Set the payoff of the agent
f itness2 = f itness2+ thepayo f f o f theagent

else
f itness1 = 0
f itness2 = 0

end if
end if

end while
else

f itness =−∞

end if
f itness = f itness+ f itness1
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5.7.2 Genetic Algorithm Pseudo Code

The overall structure of the genetic algorithms is shown below in Algorithm 8.

Algorithm 8 Genetic Algorithm
Require: An instance of satisfiability
Ensure: An assignment of agents to tasks maximizing the overall efficiency and payoff

of the system
while The algorithm didn’t converge do

Generate the initial population
Select two parents
Apply the cross over operator
b← randomnumberbetween0and1
if r ≤ 0.2 then

Apply the mutation operator
end if
Add the children to the new population

end while
return the best individual A found

5.8 Performance Assessment

As there are no benchmark problems available in the literature to assess the
quality of the solution, the genetic algorithm will be bench marked against the exact
solutions obtained above. The problems were structured in Microsoft Excel and then
connected to Lingo and Java for experimentation. The problem sets were randomly
generated. The testing show that the genetic algorithms is giving exact solution as
lingo with time savings potential towards bigger sized problems starting problem 14 on
wards. However, problem 16 gave a deviation of 1.6% due to unknown reasons. In
addition, the genetic algorithm is able to solve bigger problems than the exact solution.
Figures 5 and 6 below show the performance of both the GA and the Lingo in terms
of number of tasks and number of agents respectively. The data points are randomly
selected. The blue line indicates where the Lingo stopped running. Therefore, all points
after the blue line are Genetic Algorithm runs as the graphs show. The details of the
testing are shown below in table 19 in Appendix F.
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Figure 5: Performance Versus Number of Tasks in Hybrid Settings

Figure 6: Performance versus Number of Agents in Hybrid Settings

5.9 Chapter Summary

In this section, an optimization model was generated to solve for coalition for-
mation in cooperative and selfish environments. Due to the complexity of the problem,
genetic algorithms was developed to solve for big problems in order to get acceptable
solutions in an acceptable time. The algorithms is giving 0% deviation for medium
problems with time savings towards bigger size problems. In addition, and after com-
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paring results, it is worth noting the cooperative setting is outperforming the selfish
setting. However, combining both objectives together provided better results overall.
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Chapter 8
Conclusion and Future Work

6.1 Conclusion

First, we considered cooperative agents that want to maximize the efficiency
of the system. Our model took into account the number of tasks, their payments and
requirements, the number of agents, their costs and resources. The main objective was
to maximize the payments of all performed tasks and minimize the costs of all assigned
agents. The model was tested for medium problems over a set of randomly generated
sets. The main conclusions about the runs indicate that tasks with maximum payments
were performed using the cheapest capable agents. This was further verified through
sensitivity analysis simulation proving that the task’s payment is the most sensitive
parameter.

Moreover, due to the NP complexity of the problem, a genetic algorithm ap-
proach was addressed aiming at providing good solutions in an acceptable time. The
algorithm is giving 0% deviation for medium problems. In addition, it provided results
for bigger problems where exact solutions could not be found.

This thesis addressed a a Multi Objective approach for the Task Allocation via
Coalition Formation problem. First, we considered cooperative agents that want to
maximize the efficiency of the system. Our model took into account the number of
tasks, their payments and requirements, the number of agents, their costs and resources.
The main objective was to maximize the payments of all performed tasks and minimize
the costs of all assigned agents. The model was tested for medium problems over a set
of randomly generated sets. The main conclusions about the runs indicate that tasks
with maximum payments were performed using the cheapest capable agents. This was
further verified through sensitivity analysis simulation proving that the task’s payment
is the most sensitive parameter.

Moreover, due to the NP complexity of the problem, a genetic algorithm ap-
proach was addressed aiming at providing good solutions in an acceptable time. The
algorithm is giving 0% deviation for medium problems. In addition, it provided results
for bigger problems where exact solutions could not be found.

Second, we considered selfish agents that want to maximize their payoff based
on the strategies of other players. Our model took into account the number of tasks, their
payments and requirements, the number of agents, their costs and resources. The main
objective was to maximize the payoffs of all assigned agents. The model was tested for
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medium problems over a set of randomly generated sets. The main conclusions about
the runs indicate that tasks with maximum payments were performed using as many
agents as possible as each agent is trying to maximize their payoff. This was further
verified through sensitivity analysis simulation proving that the task’s payment and the
agent’s resources are the most sensitive parameter.

Moreover, due to the NP complexity of the problem, a genetic algorithm ap-
proach was addressed aiming at providing good solutions in an acceptable time. The
algorithm is giving 0% deviation for medium problems. In addition, it provided results
for bigger problems where exact solutions could not be found.

Finally, we considered hybrid agents that want to maximize the efficiency of
the system and their payoff as well. Our model took into account the number of tasks,
their payments and requirements, the number of agents, their costs and resources. The
main objective was to increase the payoffs of all assigned agents. In addition, the model
aimed at maximizing the payments of all performed tasks and minimize the costs of all
assigned agents. The model was tested for medium problems over a set of randomly
generated problems. The main conclusions about the runs indicate hybrid behaviors
is acting similarly to cooperative agents when the number of agents is small. By in-
creasing the number of agents, the hybrid system tends to behave like selfish agents. In
addition, hybrid behaviors tend to perform better than cooperative behaviors and coop-
erative behaviors tend to behave better than selfish behaviors. Moreover, a sensitivity
analysis simulation was conducted proving that the task’s payment is the most sensitive
parameter.

Moreover, due to the NP complexity of the problem, a genetic algorithm ap-
proach was addressed aiming at providing good solutions in an acceptable time. The
algorithm is giving 0% deviation for medium problems. In addition, it provided results
for bigger problems where exact solutions could not be found.

6.2 Future Work

This field of research is attracting the interest of many researchers due to the
applications it has. In the future, we recommend considering negotiation and com-
munication among agents where they can bargain. This will be highly realized in the
selfish behaviors where they can negotiate on the tasks they will be performing. More-
over, we recommend an empirical study for the agile application to further verify the
results provided by this thesis.
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A Summary of Exact Solution for Cooperative agents
for Medium Problems

Table 14: Summary of Efficiency Results for medium problems
Problem Lingo CPU

Time

CPU

Mem-

ory(K)

Variables Constraints Coalitions

#1 3705 01 25 14 8 1

#2 0 01 25 14 8 0

#3 0 01 25 14 8 0

#4 0 01 26 22 10 1

#5 0 01 26 22 10 1

#6 31 00 27 22 12 1

#7 3043 00 27 22 12 1

#8 0 00 27 22 12 0

#9 608 01 27 22 12 1

#10 0 00 27 22 12 0

#11 11687 00 27 22 12 1

#12 12925 01 28 33 15 1

#13 11555 00 28 33 15 1

#14 8742 01 28 33 15 1

#15 795 01 29 39 16 1

#16 1409 00 29 39 16 1

#17 0 01 29 39 16 0

#18 11397 00 29 39 16 1

#19 13253 00 29 39 16 2

#20 15849 00 29 39 16 1
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Problem

(cont)

Lingo

(cont)

CPU

Time

(cont)

CPU

Mem-

ory(cont)

Variables

(cont)

Constraints

(cont)

Coalitions

(cont)

#21 13279 00 25 11 8 1

#22 0 01 25 11 8 0

#23 3998 00 25 11 8 1

#24 0 00 25 11 8 0

#25 4868 00 25 11 8 1

#26 24160 00 26 27 16 2

#27 23567 00 26 27 16 2

#28 4981 00 26 27 16 1

#29 15412 00 26 27 16 2

#30 17704 00 26 27 16 2
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B Comparison Between GA Solution versus Exact So-
lution for Cooperative agents for Medium Problems

Table 15: Genetic Algorithms Solution versus Exact Solutions for medium problems
Problem Lingo CPU Time GA solu-

tions

CPU Time Deviation

#1 3705 01 3705 16 0%

#2 0 01 0 12 0%

#3 0 01 0 10 0%

#4 0 01 0 13 0%

#5 0 01 0 13 0%

#6 31 00 31 23 0%

#7 3043 00 3043 25 0%

#8 0 00 0 25 0%

#9 608 01 608 23 0%

#10 0 00 0 12 0%

#11 11687 00 11687 35 0%

#12 12925 01 12925 29 0%

#13 11555 00 11555 26 0%

#14 8742 01 8742 28 0%

#15 795 01 795 32 0%

#16 1409 00 1409 32 0%

#17 0 01 0 6 0%

#18 11397 00 11397 16 0%

#19 13253 00 13253 36 0%

#20 15849 00 15849 26 0%

#21 13279 01 13279 05 0%

#22 0 00 0 04 0%
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Problem

(cont)

Lingo

(cont)

CPU Time

(cont)

GA so-

lution

(cont)

CPU

Time(cont)

Deviation

(cont)

#23 3998 00 3998 09 0%

#24 0 01 0 63 0%

#25 4868 01 4868 03 0%

#26 24160 00 24160 09 0%

#27 23567 01 23567 11 0%

#28 4981 00 4981 12 0%

#29 15412 00 15412 15 0%

#30 17704 02 17704 05 0%
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C Summary of Exact Solution for Selfish agents for Medium
Problems

Table 16: Summary of Payoff Results for Medium Problems
Problem Lingo CPU Time CPU

Mem-

ory(K)

Variables Constraints Coalitions

#1 6862.4 02 26 17 35 1

#2 1030.22 00 26 17 35 1

#3 0 00 26 17 35 0

#4 10440.3 04 26 17 35 1

#5 7262.04 01 26 17 15 1

#6 4505.66 05 27 17 17 2

#7 8205.42 03 27 17 17 2

#8 8325.71 04 27 17 17 2

#9 5898.22 03 27 17 17 2

#10 15912.7 01 27 17 17 1

#11 27978.3 02 27 17 17 2

#12 17878.3 13 28 23 20 2

#13 17249.8 07 28 23 20 1

#14 28999.9 16 28 23 20 2

#15 16881.4 10 29 27 22 2

#16 11596.8 26 29 27 22 1

#17 0 01 29 27 22 0

#18 39962 38 29 27 22 3

#19 21895.8 28 29 27 22 3

#20 24396.2 11 29 27 22 2
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Problem Lingo

(cont)

CPU Time

(cont)

CPU

Memory

(cont)

Variables

(cont)

Constraints

(cont)

Coalitions

(cont)

#21 13748.3 01 27 17 35 2

#22 2875.4 00 27 17 35 1

#23 11197.9 01 27 17 35 2

#24 9500.05 00 27 17 35 1

#25 11731.2 00 27 17 35 1

#26 41479.7 35 29 27 22 3

#27 37543.5 26 29 27 22 3

#28 17556.8 51 29 27 22 2

#29 32400.1 19 29 27 22 2

#30 36823.9 54 29 27 22 2
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D Comparison Between GA Solution versus Exact So-
lution for selfish agents for Medium Problems

Table 17: Genetic Algorithms versus Optimal Solutions for Medium Problems
Problem Lingo CPU Time GA solu-

tions

CPU

Time

Time

Saved

Deviation

#1 6862.4 02 6867 03 02 0%

#2 1030.22 00 1031 05 00 0%

#3 0 00 0 0 03 -03 0%

#4 10440.3 04 10445 07 04 0%

#5 7262.04 01 7269 06 01 0%

#6 4505.66 05 4506 08 05 0%

#7 8205.42 03 8209 08 03 0%

#8 8325.71 04 8330 10 04 0%

#9 5898.22 03 5900 08 03 0%

#10 15912.7 01 15917 08 01 0%

#11 27978.3 02 27997 09 02 0%

#12 17878.3 13 17889 10 13 0%

#13 17249.8 07 17259 08 07 0%

#14 28999.9 16 29013 10 16 0%

#15 16881.4 10 16892 11 10 0%

#16 11596.8 26 11599 09 17 0%

#17 0 01 0 4 00 0%

#18 39962 38 39984 12 26 0%

#19 21895.8 28 21912 13 28 0%

#20 24396.2 11 24409 11 00 0%

#21 13748.3 11 13777 05 06 0%

#22 2875.4 11 2877 04 07 0%
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Problem Lingo

(cont)

CPU Time

(cont)

GA so-

lution

(cont)

CPU

Time

(cont)

Time

Saved

(cont)

Deviation

(cont)

#23 11197.9 11 11210 05 06 0%

#24 9500.05 11 9512 05 06 0%

#25 11731.2 11 11743 03 08 0%

#26 41479.7 35 41512 11 24 0%

#27 37543.5 26 37570 24 02 0%

#28 17556.8 51 17562 03 48 0%

#29 32400.1 19 32415 03 16 0%

#30 36823.9 54 36841 03 51 0%
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E Summary of Exact Solution for Cooperative and Self-
ish agents for Medium Problems

Table 18: Summary of Efficiency and Payoff Results for Medium Problems
Problem Lingo CPU Time CPU

Mem-

ory(K)

Variables Constraints Coalitions

#1 10563.7 01 26 17 35 1

#2 0 01 26 17 35 0

#3 0 00 26 17 35 0

#4 1955.67 03 27 17 15 1

#5 1784.85 01 27 17 15 1

#6 3165.81 02 27 17 17 1

#7 9752.52 01 26 17 17 2

#8 0 02 27 17 17 0

#9 4825.98 02 27 17 17 2

#10 10795.9 01 27 17 17 1

#11 39660.7 03 27 17 17 2

#12 28574.7 01 29 23 20 1

#13 26048.5 02 29 23 20 1

#14 30881.31 14 29 23 20 2

#15 9662.6 04 29 27 22 1

#16 13002.7 04 29 27 22 1

#17 0 01 29 27 22 0

#18 46180.6 28 29 27 22 3

#19 34529.4 12 29 27 22 2

#20 34141.7 02 29 27 22 1
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Problem Lingo

(cont)

CPU Time

(cont)

CPU

Memory

(cont)

Variables

(cont)

Constraints

(cont)

Coalitions

(cont)

#21 26990.2 00 26 13 13 2

#22 0 00 26 13 13 0

#23 12323.2 00 26 13 13 1

#24 0 00 26 13 13 2

#25 16597 00 26 13 13 1

#26 63179.9 14 30 29 24 3

#27 57960 15 30 29 24 2

#28 22525.6 02 30 29 24 2

#29 47804.2 02 30 29 24 2

#30 54525 40 30 29 24 2
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F Comparison Between GA Solution versus Exact So-
lution for cooperative and selfish agents for Medium
Problems

Table 19: Genetic Algorithms versus Optimal Solutions for Medium Problems
Problem Lingo CPU

Time

GA solu-

tion

CPU

Time

Deviation

#1 10563.7 01 10572 04 0%

#2 0 01 0 01 0%

#3 0 00 0 01 0%

#4 1955.67 03 1963 06 0%

#5 1784.85 01 1801 04 0%

#6 3165.81 02 3166 07 0%

#7 9752.52 01 9758 06 0%

#8 0 02 0 10 0%

#9 4825.98 02 4828 06 0%

#10 10795.9 01 10802 50 0%

#11 39660.7 03 39685 06 0%

#12 28574.7 01 28588 07 0%

#13 26048.5 02 26060 06 0%

#14 30881.31 14 30896 07 0%

#15 9662.6 04 9500 04 1.6%

#16 13002.7 04 13008 141 0%

#17 0 01 0 01 0%

#18 46180.6 28 46207 09 0%

#19 34529.4 12 34544 08 0%

#20 34141.7 02 34158 06 0%
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Problem

(cont)

Lingo

(cont)

CPU

Time

(cont)

GA so-

lution

(cont)

CPU

Time

(cont)

Deviation

(cont)

#21 26990.2 02 27019 04 0%

#22 0 02 0 01 0%

#23 12323.2 02 12334 03 0%

#24 0 02 0 0 0%

#25 16597 02 16611 04 0%

#26 63179.7 15 63212 02 0%

#27 57960 02 57984 08 0%

#28 22525.6 04 22539 09 0%

#29 47804.2 02 47829 09 0%

#30 54525 40 54546 09 0%
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G Summary of Cooperative versus Selfish versus Hy-
brid Solutions
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H Summary of Solution for Cooperative agents for Big
Problems

Table 21: Summary of Efficiency Results for big problems
Problem Agents Tasks GA Sol CPU

Time

#1 12 10 21844 160

#2 12 10 29180 140

#3 14 12 30418 180

#4 12 10 13787 210

#5 23 18 6949 250

#6 30 25 17304 320

#7 30 25 9856 310

#8 30 25 16007 290

#9 30 25 22828 330

#10 30 25 12509 320
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I Summary of Solution for Selfish agents for Big Prob-
lems

Table 22: Summary of Payoff Results for big problems
Problem Agents Tasks GA Sol CPU

Time

#1 12 10 19295 60

#2 12 10 20519 55

#3 12 10 23418 43

#4 12 10 47824 67

#5 14 12 32744 70

#6 14 12 37753 72

#7 23 18 16812 100

#8 23 18 19479 110

#9 30 25 38423 90

#10 30 25 17567 88
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J Summary of Solution for Hybrid agents for Big Prob-
lems

Table 23: Summary of Payoff and Efficiency Results for big problems
Problem Agents Tasks GA Sol CPU

Time

#1 8 6 17341 33

#2 8 6 16591 36

#3 8 6 43975 45

#4 12 10 39841 54

#5 12 10 47102 53

#6 14 12 43362 78

#7 14 12 24987 86
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K Lingo Code for Cooperative Agents

SETS :
t a s k : payment , done ;
a g e n t : c o s t , p a y o f f ;
r e q u i r m e n t ;
r e s o u r c e ;
LINKS ( agen t , t a s k ) : a s s i g n e d ;
TD( t a s k , r e q u i r m e n t ) : demand ;
AS( agen t , r e s o u r c e ) : s u p p l y ;
numberOfAgents ;
ENDSETS

! The O b j e c t i v e F u n c t i o n ;
Max =@SUM( t a s k ( J ) : ( done ( J )∗ payment ( J ) ) )−
@SUM( LINKS ( I , J ) : a s s i g n e d ( I , J )∗ c o s t ( I ) ) ;

! C o n s t r a i n t 1 : Each a g e n t can
p a r t i c i p a t e i n on ly one t a s k ;

@FOR( a g e n t ( I ) :
@SUM( t a s k ( J ) : a s s i g n e d ( I , J ) ) <=
1 ) ;

! C o n s t r a i n 2 : The r e s o u r c e s o f a c o a l i t i o n s h o u l d be g r e a t e r t h a n
or e q u a l t o t h e r e q u i r m e n t s o f t h e t a s k ;
@FOR( t a s k ( J ) :@FOR( r e q u i r m e n t (K ) :
@SUM( a g e n t ( I ) : a s s i g n e d ( I , J ) ∗ s u p p l y ( I ,K) ) >=
demand ( J ,K)∗ done ( J ) ) ) ;

! B i na ry d e c i s i o n v a r i a b l e s c o n s t r a i n t s ;
@FOR( t a s k ( J ) : @BIN( done ( J ) ) ) ;
@FOR( LINKS ( I , J ) : @BIN( a s s i g n e d ( I , J ) ) ) ;

DATA:
t a s k , r e q u i r m e n t , payment , agen t , r e s o u r c e , c o s t , demand , s u p p l y =
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@OLE( ’ FileName ’ ,
’ t a s k ’ , ’ r e q u i r m e n t ’ , ’ payment ’ , ’ agen t ’ , ’ r e s o u r c e ’ , ’ c o s t ’ , ’ demand ’
, ’ supp ly ’ ) ;

ENDDATA
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L Lingo Code for Selfish Agents

SETS :
t a s k : payment , done ;
a g e n t : c o s t , p a y o f f ;
r e q u i r m e n t ;
r e s o u r c e ;
LINKS ( agen t , t a s k ) : a s s i g n e d ;
TD( t a s k , r e q u i r m e n t ) : demand ;
AS( agen t , r e s o u r c e ) : s u p p l y ;
ENDSETS

! O b j e c t i v e F u n c t i o n ;
Max = @SUM( a g e n t ( I ) : p a y o f f ( I ) ) ;
@FOR( a g e n t ( I ) : p a y o f f ( I )=@SUM( t a s k ( J ) : a s s i g n e d ( I , J )∗ done ( J )
∗payment ( J ) ∗ ( ( (@SUM( r e s o u r c e (K ) : s u p p l y ( I ,K ) ) ) ) /
( 1 + (@SUM(AS( P ,K ) : s u p p l y ( P ,K)∗ a s s i g n e d ( P , J ) ) ) ) ) ) ) ;

! Each a g e n t i s a l l o w e d t o work i n on ly one t a s k ;
@FOR( a g e n t ( I ) :
@SUM( t a s k ( J ) : a s s i g n e d ( I , J ) ) <=
1 ) ;

! The r e s o u r c e s o f t h e a g e n t s s h o u l d be more
t h a n t h e done t a s k ;
@FOR( t a s k ( J ) :@FOR( r e q u i r m e n t (K ) :
@SUM( a g e n t ( I ) : a s s i g n e d ( I , J ) ∗ s u p p l y ( I ,K) ) >=
demand ( J ,K)∗ done ( J ) ) ) ;

! B i na ry c o n s t r a i n t s ;
@FOR( t a s k ( J ) : @BIN( done ( J ) ) ) ;
@FOR( LINKS ( I , J ) : @BIN( a s s i g n e d ( I , J ) ) ) ;
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DATA:
t a s k , r e q u i r m e n t , payment , agen t , r e s o u r c e , c o s t , demand , s u p p l y =
@OLE( ’ FileName ’ ,
’ t a s k ’ , ’ r e q u i r m e n t ’ , ’ payment ’ , ’ agen t ’ , ’ r e s o u r c e ’ , ’ c o s t ’ , ’ demand ’ ,
’ supp ly ’ ) ;

ENDDATA
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M Lingo Code for Hybrid Agents

SETS :
t a s k : payment , done ;
a g e n t : c o s t , p a y o f f ;
r e q u i r m e n t ;
r e s o u r c e ;
LINKS ( agen t , t a s k ) : a s s i g n e d ;
TD( t a s k , r e q u i r m e n t ) : demand ;
AS( agen t , r e s o u r c e ) : s u p p l y ;
ENDSETS

! O b j e c t i v e F u n c t i o n ;
Max = s u p e r + e f f ;
@FOR( a g e n t ( I ) : p a y o f f ( I )=@SUM( t a s k ( J ) : a s s i g n e d ( I , J )∗ done ( J )
∗payment ( J ) ∗ ( ( (@SUM( r e s o u r c e (K ) : s u p p l y ( I ,K ) ) ) ) /
( 1 + (@SUM(AS( P ,K ) : s u p p l y ( P ,K)∗ a s s i g n e d ( P , J ) ) ) ) ) ) ) ;
e f f =(@SUM( t a s k ( J ) : ( done ( J )∗ payment ( J ) ) )−

@SUM( LINKS ( I , J ) : a s s i g n e d ( I , J )∗ c o s t ( I ) ) ) ;
s u p e r =(@SUM( a g e n t ( I ) : p a y o f f ( I ) ) ) ;

! Each a g e n t i s a l l o w e d t o work i n on ly one t a s k ;
@FOR( a g e n t ( I ) :
@SUM( t a s k ( J ) : a s s i g n e d ( I , J ) ) <=
1 ) ;

! The r e s o u r c e s o f t h e a g e n t s s h o u l d be more t h a n t h e done t a s k ;
@FOR( t a s k ( J ) :@FOR( r e q u i r m e n t (K ) :
@SUM( a g e n t ( I ) : a s s i g n e d ( I , J ) ∗ s u p p l y ( I ,K) ) >=
demand ( J ,K)∗ done ( J ) ) ) ;

! B i na ry c o n s t r a i n t s ;
@FOR( t a s k ( J ) : @BIN( done ( J ) ) ) ;
@FOR( LINKS ( I , J ) : @BIN( a s s i g n e d ( I , J ) ) ) ;
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DATA:
t a s k , r e q u i r m e n t , payment , agen t , r e s o u r c e , c o s t , demand , s u p p l y =
@OLE( ’ FileName ’ ,
’ t a s k ’ , ’ r e q u i r m e n t ’ , ’ payment ’ , ’ agen t ’ , ’ r e s o u r c e ’ , ’ c o s t ’ , ’ demand ’ ,
’ supp ly ’ ) ;

ENDDATA
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