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Abstract

I

n this dissertation, we present an economic framework to study and develop different market-based mechanisms for resource allocation in an
ad-hoc Grid. Such an economic framework helps to understand the impact
of certain choices and explores what are the suitable mechanisms from Grid
user/owner perspectives under given circumstances. We focus on resource allocation in a Grid-based environment in the case where some resources are
lying idle and could be linked with overloaded nodes in a network. In such
networks, the resources are neither necessarily dedicated nor have predictable
availability at any point in time. We call such networks ad-hoc Grids. Selfinterested nodes in ad-hoc Grids are considered as consumers (buyers) and
producers (sellers) of resources within the economic framework. Consumers
and producers of resources are autonomous agents that cooperate through a
simple, single metric namely the price that summarizes the global state of a
network in a number. The price represents all the available information that
may reside at the level of the individual nodes and that is not necessarily
shared among them. A middle agent, named the matchmaker, sets up a mutual agreement between consumer and producer agents based on the price by
employing economic mechanisms such as auctions. The transaction is established when the consumer and producer constraints such as resource quantity,
time, and budget are met. In this dissertation, we study market-based resource allocation mechanisms at macro and micro levels. Macroeconomics
addresses the behavior of an economy at the aggregate level and microeconomics describes the individual behavior. At the macro level, we compare
different economic models as the matchmaking mechanisms. We study the
impact of choosing particular auction mechanisms in the framework. At the
micro-level, we study different pricing mechanisms and investigate the effect
of introducing money and budget constraints. Furthermore, we analyze different bidding strategies that help agents to better achieve their objectives under
varying constraints.
i

Contents
i

Abstract
List of Figures

vi

List of Tables

ix

1

1.1

1.2
1.3
2

.
.
.
.
.
.
.

1
2
3
3
4
4
5
7

.
.
.
.
.
.
.
.

9
10
12
14
14
15
17
19
21

Introduction and Problem Definition

Research Challenges . . . .
1.1.1 Resource Discovery .
1.1.2 Matchmaking . . . .
1.1.3 Self-interested Nodes
1.1.4 Self-organization . .
Research Questions . . . . .
Thesis Overview . . . . . . .

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

Background & Related Research

2.1
2.2
2.3

2.4
2.5
2.6

Grid Systems . . . . . . . . . . . . . . . . . . . .
Grid Applications . . . . . . . . . . . . . . . . . .
Peer-to-Peer Applications & Architectures . . . . .
2.3.1 Purely Decentralized Architecture . . . . .
2.3.2 Hybrid Architecture . . . . . . . . . . . . .
Peer-to-Peer Discovery Mechanisms . . . . . . . .
Resource Discovery Mechanisms in Grids . . . . .
Market-based Resource Allocation in Ad-hoc Grids
iii

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

2.7
2.8
3

3.3

4.2

4.3

4.4

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

39
40
40
43
44
45
45
45
46
47
48
49
50

Framework Components . . . . . . . .
4.1.1 Consumer/Producer Agent . . .
Message Specifications . . . . . . . . .
4.2.1 Request Message . . . . . . . .
4.2.2 Offer Message . . . . . . . . . .
4.2.3 Response Message to Consumer
4.2.4 Response Message to Producer .
Experimental Platform . . . . . . . . .
4.3.1 Assumptions . . . . . . . . . .
4.3.2 Experimental Setup . . . . . . .
4.3.3 Network Conditions . . . . . . .
Conclusions . . . . . . . . . . . . . . .

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

51
52
54
54
57
64
65
66
67
68

Matchmaking Mechanisms

5.1
5.2
5.3
5.4
5.5

5.6
6

Microeconomics . . . . . . . . . . . . . . . . . . . . .
Macroeconomics . . . . . . . . . . . . . . . . . . . .
3.2.1 Auction Mechanisms . . . . . . . . . . . . . .
3.2.2 Commodity Markets Mechanisms . . . . . . .
3.2.3 Comparing Auctions and Commodity Markets .
Conclusions . . . . . . . . . . . . . . . . . . . . . . .

Economic Framework

4.1

5

.
.
.
.
.
.

27
27
31
33
35
36
37

Economic Concepts and Mechanisms

3.1
3.2

4

Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . 23
Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

Market-based Matchmaking . . . . . . . . . . . . . .
Performance Evaluation . . . . . . . . . . . . . . . . .
5.2.1 Criteria to Evaluate Matchmaking Mechanisms
Experimental Results . . . . . . . . . . . . . . . . . .
Results Discussion . . . . . . . . . . . . . . . . . . .
A Non-market Matchmaking Mechanism . . . . . . . .
5.5.1 Balanced Network Condition . . . . . . . . . .
5.5.2 Task/Resource Intensive Network Condition . .
Conclusions . . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

71
Consumer/Producer Pricing Algorithm . . . . . . . . . . . . . 73

A Learning and Adaptive Pricing Mechanism

6.1

.
.
.
.
.
.
.
.
.

iv

6.2
6.3

6.4
6.5
7

7.5

.
.
.
.
.
.
.

.
.
.
.
.
.
.

75
75
76
77
86
87
90

.
.
.
.
.
.
.

91
91
92
92
97
97
98
100

Aggressive Bidding Strategy . . . . . . . . . . . . . .
Conservative Bidding Strategy . . . . . . . . . . . . .
Extension of the λ Pricing Algorithm . . . . . . . . . .
Performance Evaluation . . . . . . . . . . . . . . . . .
7.4.1 Experimental Condition . . . . . . . . . . . . .
7.4.2 Reinforcement Parameters & Transaction Prices
Conclusions . . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

101
102
102
104
105
106
106
107
107
112
114
115

Pricing Mechanisms

8.1
8.2
8.3
8.4
8.5
8.6

8.7
8.8
9

.
.
.
.
.
.
.

Bidding Strategies

7.1
7.2
7.3
7.4

8

Transaction Price . . . . . . . . . . . . . . . . . . . . .
Performance Evaluation . . . . . . . . . . . . . . . . . .
6.3.1 Pricing Behavior in Different Network Conditions
6.3.2 Parameter Regime Analysis . . . . . . . . . . . .
Budget Constraint . . . . . . . . . . . . . . . . . . . . .
6.4.1 Budget influence . . . . . . . . . . . . . . . . .
Conclusions . . . . . . . . . . . . . . . . . . . . . . . .

Zero Intelligence (ZI) . . . . . . . . . . . . . . . . . . . .
Zero Intelligence Plus (ZIP) . . . . . . . . . . . . . . . . .
Gjerstad and Dickhaut (GD) . . . . . . . . . . . . . . . .
Learning and Adaptive Mechanism for Bidding Agents (λ)
Performance Evaluation . . . . . . . . . . . . . . . . . . .
8.5.1 Criteria to Evaluate Pricing Mechanisms . . . . . .
Experimental Results . . . . . . . . . . . . . . . . . . . .
8.6.1 Homogenous Pricing . . . . . . . . . . . . . . . .
8.6.2 Heterogeneous Pricing . . . . . . . . . . . . . . .
Comparing Homogeneous & Heterogenous Pricings . . . .
Conclusions . . . . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.
.
.
.
.
.
.
.

117
Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 120
Future Research Directions . . . . . . . . . . . . . . . . . . . 121

Conclusions and Future Work

9.1
9.2
9.3

Bibliography

125

List of Publications

137
v

Samenvatting

141

Acknowledgments

143

Curriculum Vitae

145

vi

List of Figures
2.1
2.2
2.3
2.4
2.5

. .
. .
. .
. .
an
. .

.
.
.
.

3.1
3.2
3.3
3.4
3.5

Law of demand. . . . . . . . . . . . . . . . . . . . . . . . .
Law of supply. . . . . . . . . . . . . . . . . . . . . . . . . .
Equilibrium price where supply and demand curves intersect.
Indifference curve & Budget Line. . . . . . . . . . . . . . .
Economic Models. . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.
.

4.1
4.2
4.3

Framework Components. . . . . . . . . . . . . . .
Collaboration Diagram. . . . . . . . . . . . . . . .
(a)Request message (b)Offer message (c)Response
to consumer (d)Response message to producer. . .

5.1
5.2

Main components in an auction mechanism. . . . . . . . . .
Task utilization for three auction mechanisms in different network conditions. . . . . . . . . . . . . . . . . . . . . . . . .
Resource utilization for three auction mechanisms in different
network conditions. . . . . . . . . . . . . . . . . . . . . . .
Consumer deadline satisfaction for three auction mechanisms
in different network conditions. . . . . . . . . . . . . . . . .

5.3
5.4

Classification of computer network systems. . . . . . . .
Centralized Indexing. . . . . . . . . . . . . . . . . . . .
Distributed Indexing. . . . . . . . . . . . . . . . . . . .
Resource discovery in Napster. . . . . . . . . . . . . . .
A self-organizing mechanism for resource allocation in
Ad-hoc Grid . . . . . . . . . . . . . . . . . . . . . . . .

vii

10
15
16
17

. 21
28
29
30
30
32

. . . . . . 40
. . . . . . 43
message
. . . . . . 44
. 53
. 57
. 58
. 59

5.5
5.6
5.7
5.8
5.9

Producer deadline satisfaction for three auction mechanisms
in different network conditions. . . . . . . . . . . . . . . . .
Consumer surplus for three auction mechanisms in different
network conditions. . . . . . . . . . . . . . . . . . . . . . .
Producer surplus for three auction mechanisms in different
network conditions. . . . . . . . . . . . . . . . . . . . . . .
Price volatility for three auction mechanisms in different network conditions. . . . . . . . . . . . . . . . . . . . . . . . .
Task utilization at individual consumer agents under a task
intensive condition in FCFS and CDA mechanisms. . . . . .

The agent - environment interaction in a learning mechanism
[89]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
6.2 Transaction price evolution in a Task Intensive Network
(TIN), a Resource Intensive Network (RIN), and a Balanced
Network (BN) with the values of α = 0.8 and β = 0.8 (Logarithmic Y-scale). . . . . . . . . . . . . . . . . . . . . . . .
6.3 Transaction price trends with different values for α and β in a
resource intensive network. . . . . . . . . . . . . . . . . . .
6.4 Average transaction price with various values for α and β in
different network conditions (Logarithmic Y-scale). . . . . .
6.5 Task utilization with various values for α and β in different
network conditions. . . . . . . . . . . . . . . . . . . . . . .
6.6 Resource utilization with various values for α and β in different network conditions. . . . . . . . . . . . . . . . . . . . .
6.7 Average time of finding matches for consumers with various
values of α and β in different network conditions (Logarithmic Y-scale). . . . . . . . . . . . . . . . . . . . . . . . . . .
6.8 Average time of finding matches for producers with various
values of α and β in different network conditions (Logarithmic Y-scale). . . . . . . . . . . . . . . . . . . . . . . . . . .
6.9 Task/resource utilization (with different values of uth in a balanced network (uth =uthT =uthR ). . . . . . . . . . . . . . . .
6.10 Average time of finding matches with different values of uth
in a balanced network (uth =uthT =uthR ). . . . . . . . . . . .

. 59
. 61
. 62
. 63
. 68

6.1

viii

. 72

. 76
. 78
. 79
. 80
. 80

. 82

. 82
. 84
. 84

6.11 Task/resources utilization for lazy/active agents. Node type
A: uthR = 0.9 and uthT = 0.25; Node type B: uthR = 0.25
and uthT = 0.9. . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.12 Transaction price evolution in a Task Intensive network (TIN),
a Resource Intensive network (RIN), and a Balanced Network
(BN) with budget constraint. . . . . . . . . . . . . . . . . . . 88
7.1
7.2
7.3
7.4
8.1
8.2

Reinforcement parameters (α and β) and task/resource utilization. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
The generation rate of tasks and resources. . . . . . . . . . . .
Reinforcement parameters evolving as the network condition
changes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Transaction price evolution in the dynamic network condition.

96
97
98
99

Transaction prices in the homogeneous pricing for different
pricing mechanisms in a balanced network. . . . . . . . . . . 109
Task utilizations at individual consumer agents in the homogeneous pricing for different pricing mechanisms in a balanced network. . . . . . . . . . . . . . . . . . . . . . . . . . 110

ix

x

List of Tables
4.1

Experimental Setup. . . . . . . . . . . . . . . . . . . . . . . . 49

5.1
5.2
5.3
5.4

Design choices. . . . . . . . . . . . . . . . . . . . . . . . .
Comparing FCFS and CDA in a balanced network. . . . . .
Comparing FCFS and CDA in a task intensive network. . . .
Comparing FCFS and CDA in a resource intensive network.

6.1

Budget influence on task/resource utilization and average
transaction price in a balanced network (BN) and a task intensive network (TIN). . . . . . . . . . . . . . . . . . . . . . 89

8.1

Performance of different mechanisms in a homogenous pricing under a balanced network condition. . . . . . . . . . . .
Performance of different mechanisms in a homogenous pricing under a task intensive network condition. . . . . . . . . .
Performance of different mechanisms in a homogenous pricing under a resource intensive network condition. . . . . . .
Performance of different mechanisms in a heterogenous pricing under a balanced network condition. . . . . . . . . . . .
Performance of different mechanisms in a heterogenous pricing under a task intensive network condition. . . . . . . . . .
Performance of different mechanisms in a heterogenous pricing under a resource intensive network condition. . . . . . .

8.2
8.3
8.4
8.5
8.6

xi

.
.
.
.

64
66
67
67

. 108
. 110
. 111
. 112
. 112
. 113

8.7

Performances of heterogenous pricing (Het) and homogeneous pricing (Hom, using λ, ZI, ZIP, and GD) under the
Balanced Network (BN), Task Intensive Network (TIN), and
Resource Intensive Network (RIN). . . . . . . . . . . . . . . . 114

xii

Chapter

1

Introduction and Problem Definition
Back in 1960s and 1970s, computers were rare and expensive and CPU time
was scheduled and billed by millisecond. These days, CPU time is so cheap
that simple screen saver programs, which do not involve computationally
complex tasks, are only stirring up pixels on the display screen. Such programs probably consume most of the world’s computational capacity compared to any other kind of software. At the same time, the digital age allows
to collect terabytes of data on various aspects of our personal lives as well as
on all kinds of business transactions.This thesis looks at the ways to match
the idle computing resources with the increasing need for data mining for
which more computation power is required than can be provided by a single
computer. More specifically, we look at the problem of resource allocation
in a Grid based environment and study how the resources can be found for
specific tasks. We focus on LANs or WANs that can be found in any kind of
organization and that can be restructured to form a computing Grid. In such
networks, the resources are neither necessarily dedicated nor it is predictable
how many resources will be available at a certain time. We call such networks
ad-hoc Grids. The ad-hoc Grid is a type of Grid that aims to harness unused
computational resources inside or across organizations. In an ad-hoc Grid,
any node in the network can spontaneously arise as a resource consumer or
a resource producer at any time. Participating nodes in an ad-hoc Grid may
have different objectives and preferences and they may provide a variety of
resources to the Grid or may have a variety of tasks to perform.

1
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C HAPTER 1. I NTRODUCTION AND P ROBLEM D EFINITION

Conventional resource allocation schemes are based on relatively static models where a centralized controller manages jobs and resources. In fact, they
focus on efficient allocation schedules which can optimize given performance
metrics such as allocation time, resource utilization or system throughput.
These resource allocation mechanisms may work well where resources are
known in advance. However, they may fail to work in dynamic networks
where jobs need to be executed by computing resources whose availability is
difficult to predict. Due to the dynamic nature of ad-hoc Grids, mechanisms
that are based on a system-wide performance metric to allocate resources, are
not suitable. The status of resources and tasks are not known or predictable in
an ad-hoc Grid. Therefore, resource allocation in an ad-hoc Grid needs mechanisms that are both system-centric as well as user-centric and can adapt to
variations in supply and demand. Market-based mechanisms provide promising directions for building such a resource allocation mechanism. One of the
promises, taken from economic theory, is that the fulfillment of individual
self-interest automatically or through an unspecified mechanism called the
Invisible Hand (proposed by Adam Smith [69]), leads to maximal generation
of utility for the entire community. When transposed to the Grid environment,
one can obtain the overall goal, which is the processing of data. This implies
that as long as individual nodes look after themselves, by buying or selling
resources, the overall goal, namely to execute tasks, is also satisfied.
This thesis is not only intended to define a specific resource allocation mechanism but also aims to study different design choices for resource allocation
in ad-hoc Grids considering the existing challenges. We tend to make it clear
that under given conditions, which particular market-based mechanism suits
the best for a Grid user/owner. To accomplish this, we present an economic
framework where we can study different resource allocation mechanisms in
various conditions.

1.1

Research Challenges

A resource allocation mechanism for ad-hoc Grids should address the following challenges:

1.1. R ESEARCH C HALLENGES

1.1.1

3

Resource Discovery

A resource discovery mechanism defines how a node finds appropriate resources to perform its tasks and how it requests for additional tasks when
its task queue is getting empty. In an ad-hoc Grid, resource discovery mechanisms are needed to be scalable and to be able to deal with unpredictable availability of resources. Fully centralized or fully decentralized resource management mechanisms are considered as the two extremes of an architectural
spectrum and each have their own advantages and disadvantages. Centralized
methods with a central server have good throughput for a certain population
size and guarantee that a task finds required resource if it exists and they are
able to find the best match system-wide. At the same time, they have low scalability because of the bottleneck associated with the central server and also
they are not robust, since the whole system may fail when the central server is
no longer available for whatever reason. On the other hand, a completely decentralized and unstructured mechanism is robust but lacks manageability and
may cause a communication bottleneck [72]. Moreover, it does not guarantee
finding a match even if it exists in the network.
Fully decentralized and fully centralized systems are often considered as alternatives to each other, residing on both ends of an infrastructural spectrum. We
consider them to be part of a continuum where the system should be capable
of restructuring itself in either of these states or any intermediate state between
the two extremes. The system should organize itself to adapt to changing the
circumstances such as system workload. We look for mechanisms that can
provide the system level information to facilitate such self-organization.
Economics can be used as a way to provide the restructuring information. In
economics, price can be defined as a simple, single metric that summarizes
the global state of a network in a number.

1.1.2

Matchmaking

A matchmaking mechanism that provides fair access to resources for everyone is another challenge. Matchmaking is the process of finding an appropriate resource for a task request through a middle agent (matchmaker). The
main goal of matchmaking is to establish a mutual agreement between a resource producer and a resource consumer by which a producer agrees to sup-

4
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ply a capability that can be used to perform some tasks on behalf of a consumer.
Economic models can be employed for the matchmaking of consumers and
producers of resources. In such mechanisms price is the main element to settle
an agreement between a consumer and a producer.

1.1.3

Self-interested Nodes

Nodes are considered to be self-interested in ad-hoc Grids. Self-interested
nodes attempt to increase their profit without considering the global profit of
the network. According to the term Invisible Hand by Adam Smith, the collective interest is served through individual self-interested behavior. Therefore, the objective of an ad-hoc Grid which is to process as many tasks as
possible, can be achieved by allowing each node to only consider its own local state (to be self-interested). One way to provide such a facility is to use
market-based mechanisms. In these mechanisms, decision on resource allocation or task assignment can be made by providing the consumers/producers
with a monetary system, and modeling them as buyers and sellers of resources. Each consumer is endowed with money that it uses to purchase
the required resources. Each producer owns a set of resources and charges
consumers for the use of its resources.

1.1.4

Self-organization

Self-organization denotes a self-adaptation mechanism that can automatically
initiate a modification according to changing circumstances within a system.
An ad-hoc Grid in which the resources are not dedicated and their availability
may change frequently, cannot be managed by a single controlling authority.
In fact, a monitoring system or a centralized server to collect all network information is not feasible in such sporadic environments. Therefore, embedding
self-organizing mechanisms inside ad-hoc Grids is necessary.
A self-organizing mechanism in an ad-hoc Grid can embrace two levels of
adaptation namely system level adaptation and node level adaption. In system
level adaptation, the system organizes its structure according to the changing
circumstance such as growing and shrinking the population. For instance, a

1.2. R ESEARCH Q UESTIONS
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self-adaptation mechanism at system level can organize the system structure
in the continuum between fully centralized to fully decentralized by introducing more/less central servers. In the node level adaptation, individuals adapt
to the variations in the network condition such as supply and demand for the
resources. Self-adaptation at the node level can enable for the system level
adaptation since the system level state is provided by state of the individual
nodes. A way of providing self-adaptation at the node level is to learn network
condition through interactions with the environment. Learning from interactions is a basic idea behind nearly all theories of learning and intelligence
[89]. We look for such mechanisms that provide node level adaptation and
through which system level information are obtained.
Microeconomic mechanisms can be used to implement self-adaptation. In
these mechanisms, individuals are able to make decisions based on their own
preferences and according to the condition of the market. Price is the main
concept in these mechanisms based on which decisions are made. Therefore,
a pricing mechanism that can learn the changes in an environment is required
to perform adaptation.

1.2

Research Questions

In this thesis, we aim to study market-based resource allocation mechanisms
in ad-hoc Grids. Considering the above mentioned challenges, the following
research questions have to be addressed:
What is the system architecture based on which a resource allocation mechanism can be built?
Peer-to-peer systems are able to deal with decentralized and dynamic nature
of ad-hoc Grids. Resource discovery in peer-to-peer systems can be conducted from fully centralized to fully decentralized. Different peer-to-peer
architectures based on which a resource allocation mechanism can be built,
are studied in Chapter 2.
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Which market-based mechanisms are suitable for resource allocation in an adhoc Grid?
Spontaneous, heterogenous, and dynamic nature of ad-hoc Grids requires
mechanisms that deal with these challenges. We study economic models in
macro and micro levels and select mechanisms that meet the requirements of
an ad-hoc Grid. These issues are addressed in Chapter 3.
How can the self-interested nodes be presented in an ad-hoc Grid?
The self-interested nodes can be presented by autonomous agents. The autonomous agents make their own decisions according to their budgets, capabilities, goals, and local knowledge without considering the global good of the
entire ad-hoc Grid. The proposed economic framework in Chapter 4, models consumers and producers of resources as self-interested and autonomous
agents. In this framework, money and pricing are introduced as a technique
for coordinating the selfish behavior of the agents.
How do the self-interested nodes in an ad-hoc Grid adapt to varying availability
of resources and tasks?
Due to highly dynamic nature of an ad-hoc Grid, providing global information
about the status of the network is not feasible. Therefore, we look for simple
mechanisms that need the least global information. For this purpose, we use
price as an indicator of global status of the network. Dynamic and learning
pricing mechanisms are therefore required where price of a resource reflects
the resource supply as well as the resource demand. Chapters 6 and 7 present
self-adaptation using such a pricing mechanism.
How can different design choices for market-based resource allocation in adhoc Grids be evaluated?
An economic framework allows us to study different resource allocation
mechanisms. To implement and evaluate these mechanisms, we develop an
experimental simulation platform. In this platform, we compare the performance of the mechanisms from the Grid user and owner perspectives in dif-
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ferent network conditions. Chapters 5 and 8 are devoted to the evaluation of
different design choices.

1.3

Thesis Overview

This dissertation is organized as follows:
• Chapter 2 presents the global context of the research with studying Grid
and peer-to-peer systems. In this chapter, we study resource discovery mechanisms that are based on peer-to-peer architectures. A selforganizing resource discovery mechanism for ad-hoc Grids that can restructure itself based on variability of workloads and resources is discussed. In this chapter, we give an overview of the related market-based
research and highlight the differences of our work with the previous research.
• Chapter 3 discusses economic concepts and models. Behavior of an
economy in the individual level is named microeconomics, and in the
system level is named macroeconomics. In this chapter, we study
market-based mechanisms in the micro and macro levels and discuss
the mechanisms that are suitable for resource allocation in an ad-hoc
Grid.
• Chapter 4 introduces the economic framework. Different framework
components, the interaction between them and their attributes are discussed in this chapter. The framework is used to implement and study
different resource allocation mechanisms. The evaluation of different
mechanisms is performed through simulation. In this chapter, we describe the experimental platform by showing the setup and conditions
in which the experiments are conducted.
• Chapter 5 studies the use of different market-based matchmaking mechanisms within the framework. Among different economic models, we
select those that fulfil the requirements of an ad-hoc Grid. The performance of different mechanisms are evaluated in accordance with the
criteria that are important to both user and owner of the ad-hoc Grid.
• Chapter 6 proposes a learning and adaptive pricing mechanism for resource allocation in an ad-hoc Grid. The performance of the pricing
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mechanism is evaluated in different network conditions. The parameter
regime of pricing mechanism is studied, and the usefulness of a budget
constraint in the pricing mechanism is investigated.
• Chapter 7 introduces two aggressive and conservative bidding strategies
in the pricing mechanism presented in Chapter 6. Based on these bidding strategies, agents become aggressive or conservative to increase
their utilization of the ad-hoc Grid. We study how these strategies are
adopted by agents as the condition of the network changes.
• Chapter 8 studies the impact of different choices for the pricing mechanisms in an ad-hoc Grid. Four pricing mechanisms are implemented
and studied in the framework. Three pricing mechanisms are selected
from the literature and the fourth is one we propose.
• Chapter 9 concludes the thesis by summarizing the chapters and discussing future research directions.

Chapter

2

Background & Related Research
Computer network systems can be classified into centralized and distributed
systems. A distributed system is one in which components located at networked computers, communicate and coordinate their actions only by passing messages. The motivation for constructing and using distributed systems
stems from a desire to share resources. The term resource is a rather abstract one, but it best characterizes the range of peripherals that can be usefully shared in a networked computer system. It extends from hardware components such as storage disks, processing power, and printers to softwaredefined entities such as files, databases and data objects of all kinds. Resources may be managed by servers and accessed by clients or they may be
encapsulated as objects and accessed by other client objects.
Distributed systems can be classified into client-server and peer-to-peer models (Figure 2.1). A client-sever model can be flat where all clients only communicate with a single server (possibly replicated for improved reliability),
or it can be hierarchical for improved scalability. In a hierarchical model, the
servers of one level act as the clients to higher level servers. In the clientserver model, the server is the central registering unit, as well as the only
provider of content and services. A client only requests content or the execution of services, without sharing any of its own services. A peer-to-peer
network is a distributed network composed of a large number of distributed,
heterogeneous, autonomous, and highly dynamic peers. In peer-to-peer networks, participants share a part of their own resources such as processing
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Figure 2.1: Classification of computer network systems.

power, storage capacity, softwares, or files contents. The participants in the
peer-to-peer network can act as a server and a client at the same time. They
are accessible by other nodes directly, without passing through intermediary
entities. The peer-to-peer models can be pure or hybrid [81]. In a pure peerto-peer model, any single, arbitrary chosen terminal entity can be removed
from the network without suffering any loss of network service. Hybrid peerto-peer model allows the existence of central entities in its network to provide
parts of the offered network services.

2.1

Grid Systems

The Grid is a type of distributed system that enables sharing, selection, and
aggregation of geographically distributed autonomous resources dynamically
at runtime depending on their availability, capability, performance, cost, and
users’ quality-of-service requirements [26]. Grid systems interconnect computer clusters, storage systems, instruments, and in general, available infrastructure of large scientific computing centers. Grid enables sharing of existing
resources such as CPU time, storage, equipment, data, and software applications. Most Grid systems are of moderate-size; centrally or hierarchically
administered and there are strict rules governing the availability of the participating resources (i.e., a large percentage of the CPU time of a participating
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cluster should be dedicated for Grid use 24 hours a day). Grids are used for
complex scientific applications which are time critical and restricted by Quality of Service (QoS) rules. By using Grids, users can reduce computation
time, access large databases, access special equipment, or collaborate with
other users. According to user needs, Grid systems are classified into the
followings:
• Distributed supercomputing: These systems use Grids to solve very
large problems that cannot be solved on a single system and need lots
of processing time, memory, etc. Depending on the use of Grid, these
aggregated resources might comprise of the majority of the supercomputers in a country or simply all workstations within a company. One
example of such systems is Distributed Interactive Simulation (DIS)
which is a technique used for training and planning in the military [23].
Another example is the accurate simulation of complex physical processes such as cosmology which can employ coupled supercomputers
to overcome resolution barriers [71].
• High-throughput computing: In high-throughput computing, the Grid
is used to schedule large numbers of loosely coupled or independent
tasks with the goal of utilizing unused processor cycles (often from idle
workstations). Condor [65] is an instance of such kind of systems that
manages pools of hundreds of workstations around the world and allows
the use of idle CPU cycles among them.
• On-demand computing: On-demand computing uses Grid capabilities to meet short-term requirements for resources that cannot be costeffective or conveniently located locally. These resources may be computation, software, data repositories, specialized sensors, and so on. In
contrast to distributed supercomputing, on-demand computing is often
driven by cost-performance concerns rather than absolute performance.
An example is Netsolve [30] which is a client-server system that enables users to solve complex scientific problems remotely. This system allows users to access both hardware and software computational
resources distributed across a network. Cloud computing is also ondemand computing in which dynamically scalable and often virtualized
resources are provided on-demand as a service over the Internet [49].
• Data-intensive computing: In data-intensive computing, the focus is
on synthesizing new information from data that is maintained in geo-
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graphically distributed repositories, digital libraries, and databases. A
good example of a data-intensive computing is the problem of assimilating remote satellite observations into a comprehensive data set that
describes the weather over the entire globe [54].
• Collaborative computing: A Grid may be considered as a set of distributed services that are accessed securely by various remote clients
working in collaboration with each other. Example of such services
include secure remote command execution, file management, database
access, and access to queuing systems.

2.2

Grid Applications

Grids are used mostly for complex scientific applications that are computational intensive, data intensive, or require distributed collaborations. These
applications are deployed in astronomy, biomedicine, climate modeling and
earthquake prediction. There are several projects on Grid that support a wide
range of applications, namely:
• International Grid projects: These projects create international resources and power global science using global computing. EGEE (Enabling Grids for E-sciencE) [5] is the largest multi-disciplinary Grid
infrastructure in the world, bringing together more than 120 organizations to provide scientific computing resources to the European and
global research community. OGF (Open Grid Forum) [13] is an open
community committed to driving the rapid evolution and adoption of
applied distributed computing. The Open Grid Forum is a communityinitiated forum of people interested in distributed computing and Grid
technologies.
• National Grid projects: These projects combine national computing
resources to create powerful Grid computing resources such as D-Grid
[7]. D-Grid started with the goal of developing a distributed, integrated
resource platform for high-performance computing and related services
to enable the processing of large amounts of scientific data and information. DutchGrid [4] is a platform for Grid computing and technology in
the Netherlands open to all institutions for research and test-bed activities; it aims to coordinate various Grid deployment efforts and to offer
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a forum for exchange of experiences on Grid technologies.
• Field-specific Grid projects: These projects have been created to
tackle specific scientific problems. AstroGrid [1] enables astronomers
to explore and bookmark resources from around the world, find data,
store and share files, query databases, plot and manipulate tables, crossmatch catalogues, build and run scripts to automate sequences of tasks.
ESG [6] aims to enable the next generation of climate research, to
power new ways of analyzing and developing knowledge from global
earth system models. The Biomedical Informatics Research Network
(BIRN) [2] is a geographically distributed virtual community aiming to
advance the diagnosis and treatment of human diseases.
• Volunteer computing projects: These projects use the CPU scavenging model. CPU-scavenging or cycle stealing creates a Grid from the
unused resources in a network of participants (whether worldwide or
internal to an organization). Typically this technique uses desktop computer instruction cycles that would otherwise be wasted at night, during
lunch, or even in the scattered seconds throughout the day when the
computer is waiting for user input or slow devices. Any computer can
donate resources and one or a small number of applications can use
such resources. For example, SETI@home [14] which uses volunteer
computers to search for intelligent life outside earth. It is run from the
University of California-Berkeley in the USA. Likewise Climateprediction.net [3] uses idle processor cycles contributed by volunteers to
investigate state-of-the-art climate models; it studies the response of
climate to slight tweaks in the models.
• Middleware projects: These projects provide tools for distributed
application management to use distributed resources. A Middleware
offers services such as remote process management, co-allocation of
resources, storage access, information registration and discovery, security, and aspects of QoS such as resource reservation and trading.
Globus project [8], the UNIform access to COmputing REsources
(UNICORE) [18] are instances of the middleware projects.
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Peer-to-Peer Applications & Architectures

The most popular service provided by peer-to-peer systems is file sharing.
File sharing applications [20, 64, 77] focus on storing information on and retrieving information from various peers in the network. Both Grid and peerto-peer technologies have the same final objectives, pooling and coordinating the use of large set of distributed resources, but are based on different
communities and focus on different requirements. Grid computing addresses
infrastructure but not yet failure, whereas peer-to-peer addresses failure but
not yet infrastructure [41]. It has been argued in the literature that Grid and
peer-to-peer systems will eventually converge [91]. The QoS constraints that
currently govern most Grid applications will loosen up as Grids will move
towards more popular and diverse application scenarios. Strict resource participation rules will be relaxed because participating organizations may need
to have their infrastructure for own use at certain periods and for Grid jobs
at other times, and the use of commodity hardware will be allowed. On the
other hand, peer-to-peer systems will open up to more sophisticated applications and they will have to support more complex queries and different QoS
levels [91].
Decentralization is one of the major concepts of peer-to-peer systems. Based
on the degree of decentralization in a peer-to-peer system, we can classify
them into two categories:

2.3.1

Purely Decentralized Architecture

A pure peer-to-peer system is a distributed system without any centralized
control. In such systems all nodes are equivalent in functionality. In such
networks, nodes are named SERVENT (SERVer+cliENT). The term servent
represents the capability of the nodes in a peer-to-peer network for acting
both as server as well as client. Freenet [32], Chord [86] and CAN [75] are
instances of such systems.
Pure peer-to-peer systems are inherently scalable. Scalability in a system is
usually restricted by the amount of centralized operations necessary, and such
systems largely avoid central instances or servers. Peer-to-peer systems are
inherently fault-tolerant since there is no single point of failure and the loss
of a peer or even a number of peers can easily be compensated. Pure peer-to-
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Figure 2.2: Centralized Indexing.

peer systems lack manageability since every peer is its own controller. Also,
due to the lack of a global view at the system level, it is difficult to predict the
system behavior. On the other hand, these systems present slow information
discovery and there is no guarantee on quality of services. Such systems also
tend to be insecure in the sense that it is easy for a node to join the network
and start publishing malicious data into the network.

2.3.2

Hybrid Architecture

In hybrid peer-to-peer systems [100], there is a central server that maintains
directories of information about registered users to the network in the form of
meta-data. The end-to-end interaction (data exchange) is between two peer
clients. There are two kinds of hybrid systems namely centralized indexing
and decentralized indexing. In centralized indexing, a central server maintains an index of the data or files that are currently being shared by active
peers (see Figure 2.2). Each peer maintains a connection to the central server
through which queries are sent. This architecture is used by Napster[12].
Such systems are simple, and they operate efficiently for information discovery as searches are comprehensive and guaranties provided. On the other
hand, centralized indexing systems may have a single point of failure. Moreover, they are not inherently scalable because a central server can become a
bottleneck that limits scalability.
In decentralized indexing, there can be more than one central server that fa-
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cilitate the discovery process. In these systems, some of the nodes assume
a more important role than the rest of the nodes, and they are called SuperPeers or SuperNodes [100] (see Figure 2.3). SuperPeers maintain the central
indexes for information shared by local peers connected to them, and proxy
search requests on behalf of these peers. Queries are therefore sent to the
SuperPeers, not to other peers. Kazaa [10, 46] and Morpheus [11] are two
similar decentralized indexing systems. In such systems, peers are automatically elected to become SuperPeers if they have sufficient bandwidth and
processing power, while a central server provides new peers with a list of one
or more SuperPeers with which they can connect.
More recent architectures such as Gnutella [9] also use the concept of SuperPeers. When a node with a certain threshold CPU power joins the network,
it immediately becomes a SuperPeer and establishes connections with other
SuperPeers thereby forming a flat unstructured network of SuperPeers. SuperPeer sets the number of clients required for it to remain a SuperPeer. If it
receives at least the required number of connections to client nodes within a
specified time, it remains a SuperPeer otherwise it turns into a regular client
node. If no SuperPeer is available, it tries to become a SuperPeer again for
another probation period.
Decentralized indexing systems reduce the workload on central server but
present slower information discovery in comparison with centralized index-
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Figure 2.4: Resource discovery in Napster.

ing systems. Distributed indexing systems alleviate the drawbacks associated
with centralized indexing such as scalability and single point of failure. Hybrid peer-to-peer systems (centralized & decentralized indexing) solve the
manageability problem of pure peer-to-peer systems such that the control
server(s) acts as a monitoring agent for all the other peers and ensures information coherence.

2.4

Peer-to-Peer Discovery Mechanisms

Peer-to-peer systems often require a discovery mechanism to locate specific
data within the system. Discovery mechanisms in peer-to-peer systems have
evolved from the first generation centralized structures to the second generation flooding-based, and then the third generation based on distributed hash
tables [58]:
• Centralized indexes and repositories
This mechanism is used in hybrid architecture. Based on this mechanism, the peers of the community connect to a centralized directory
server which stores all information regarding location and usage of resources. Upon request from a peer, the central server matches the request with the best peer in its directory that meets the request requirements. The best peer could be the one that is cheapest, fastest, nearest,
or most available, depending on the user needs; then the data exchange
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will occur directly between the two peers. Napster uses this mechanism
[20]. In Napster, a central directory server maintains an index with meta
data (file name, time of creation etc.) of all files in the network, a table of registered user connection information (IP addresses, connection
speeds etc.), and a table listing the files that each user holds and shares
in the network. In the beginning, clients contact the central server and
report a list with the files they maintain. When the server receives a
query from a user, it searches for matches in its index and returns a list
of users that hold the matching file. The user then opens a direct connection with the peer that holds the requested file and downloads the
file (see figure 2.4).
• Flooding broadcast of queries
This mechanism is applied in a pure peer-to-peer architecture. In this
mechanism, no peer maintains any central directory about the shared
contents in the peer-to-peer network. Since no single peer knows about
all resources, peers in need for resources flood an overlay network
queries to discover a resource. Each request from a peer is flooded
(broadcasted) to directly connected peers, which themselves flood it
to their peers, until the request is answered or a maximum number of
flooding steps occurs. Flooding based search networks are built in an
ad-hoc manner, without restricting a priori which nodes can connect
or what type of information they can exchange [36]. Different broadcast policies have been implemented to improve search in peer-to-peer
networks [101, 88, 92]. Although the flooding mechanism might give
optimal results in a network with a small to average number of peers,
it does not scale well. Blind flooding search limits scalability, since a
large number of exchange messages is needed in the large scale systems. Furthermore, accurate discovery of peers is not guaranteed in
flooding mechanisms.
• Routing
The routing mechanism adds structure to the way information about
resources are stored using distributed hash tables. This mechanism provides a mapping between the resource identifier and location in the form
of a distributed routing table so that queries can be efficiently routed to
the node with the desired resource. This mechanism reduces the number of peer-to-peer hops that must be taken to locate a resource. The
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look-up service is implemented by organizing the peers in a structured
overlay network and by routing a message through the overlay to the
responsible peer [42]. In structured networks, the topology is tightly
controlled and data is placed at specific locations. Some instances of
such systems that have implemented distributed peer-to-peer look-up
services are: DKS [17], an infrastructure for building peer-to-peer applications based on routing tables; Freenet [32], a file-storage service;
Chord [86], a decentralized peer-to-peer lookup mechanism that stores
key/value pairs for distributed data items; CAN [75], a distributed infrastructure that provides hash table-like functionality on the internet
like scales; and Pastry [76], an overlay and routing network for the implementation of a distributed hash table similar to Chord. These structured systems can solve scalability limitation. But, the disadvantage of
these models is that it is hard to maintain the structure required for routing in a very transient node population, in which nodes join and leave
at a high rate.

2.5

Resource Discovery Mechanisms in Grids

The limitations of client/server mechanisms for resource allocation have become evident in large scale distributed environments. In such systems, individual resources are concentrated on one or a small number of nodes. In order
to provide access to resources with an acceptable response time, sophisticated
load balancing and fault-tolerant algorithms have to be applied. Limitation on
the network bandwidth adds to the bottleneck problem. These limitations have
motivated researchers to suggest approaches to distribute processing loads
and network bandwidth among all nodes participating in a distributed system.
Peer-to-peer systems offer an alternative to traditional client/server systems
that solve bottleneck problems and improve the Grid scalability.
In the literature, we can find several resource discovery mechanisms in Grids
that adopt peer-to-peer architectures. In the following paragraphs, we provide
a short overview of some of these mechanisms.
Iamnitchi et al. [53] propose a fully decentralized peer-to-peer architecture
for resource discovery in Grid environments. In this architecture, every participant in a Virtual Organization (VO) publishes information on one or more
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local servers, called nodes or peers, which store and provide access to local
resource information. A node may provide information about one resource
(e.g. itself) or multiple resources (e.g. all resources shared by an organization). Users send their requests to some known (typically local) node. The
node responds with a matching resource description if it incorporates them,
otherwise it forwards the requests to another node. Intermediate nodes forward a request until its Time To Live (TTL) expires or matching resources are
found, whichever occurs first.
Mastroianni et al. [68] adopt the SuperPeer model to design a peer-to-peer
based Grid information service. The SuperPeer model is proposed to achieve
a balance between the inherent efficiency of centralized search, and the autonomy, load balancing and fault-tolerant features offered by distributed search
[54]. A SuperPeer node acts as a centralized server for a number of regular
peers, while SuperPeers connect to each other to form an overlay network that
exploits peer-to-peer mechanisms at a higher level.
Puppin et al. [74] propose another Grid information service based on the SuperPeer model. In this work, Grid nodes are grouped into clusters where each
cluster may include one or more SuperPeer nodes. The system defines two
main components namely the Agent and the Aggregator. The Agent works as
an OGSA (Open Grid Services Architecture) compliant Grid Service available at each network node. It publishes all information made available by the
information providers. The information providers periodically query the resources and store the gathered information as Service Data Element (SDE).
When a resource is published, the name of its Service Data is broadcasted to
all the Aggregators in the cluster.
Marzolla et al. [67] propose a system for discovering Grid resources based
on routing indexes. In this system, nodes are organized in a tree-structured
overlay network, where each node maintains information about the set of resources that it manages directly and a condensed description of the resources
present in the sub-trees rooted in each of its neighboring nodes. The data location algorithm exploits those indexes to route queries towards areas where
matches can be found.
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Figure 2.5: A self-organizing mechanism for resource allocation in an Ad-hoc Grid

2.6

Market-based Resource Allocation in Ad-hoc
Grids

Resource allocation is the process of discovering and allocating resources to
requested tasks in a way that satisfy both the application jobs and resource administrators. Different resource discovery mechanisms can be considered for
ad-hoc Grids varying from fully centralized (centralized indexing) to fully decentralized ones (blind flooding). Fully centralized resource discovery mechanisms can be efficient for small scale systems and may take less time in
finding a required resource. The searches are also comprehensive in these
mechanisms. However, these mechanisms are not scalable and the centralized resource broker becomes a performance bottleneck. In contrast, fully
decentralized resource discovery mechanisms do not have a single point of
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failure and are scalable. The drawback is that fully decentralized mechanisms
are computationally expensive and may take more time to find a resource.
Fully decentralized mechanisms do not also guarantee finding a resource.
Fully centralized and fully decentralized can be considered as two ends of
the infrastructural spectrum for resource discovery in ad-hoc Grids. A selforganizing mechanism capable of restructuring itself between these two ends,
can be designed to overcome the shortcomings of theses two mechanisms. In
Figure 2.5, an example of such self-organizing mechanism is depicted. When
there is a relatively low workload, a single centralized matchmaker suffices.
However, in case the workload increases, the load on the matchmaker will also
increase and in order to ensure a timely and appropriate match, the matchmaker may decide to look for support by promoting other nodes to become
matchmaker. This process may be repeated any number of times. In this way,
the system organizes itself starting from a simple centralized state and evolving successively into increasingly distributed ones. One extreme situation,
in the fully decentralized case, would be when every single node in the Grid
becomes a matchmaker. The reverse could happen and nodes are demoted to
turn into ordinary nodes when the workload decreases.
To understand appropriate mechanisms for self-organization in the range from
fully decentralized to fully centralized, the question has to be how can the
system determine what infrastructure, ranging from fully centralized to fully
decentralized, is more appropriate given its current status which is defined in
terms of available and requested resources. The challenge is to find a way to
generate system wide information on the basis of the individual states of the
participating nodes.
Economics may provide one way of doing so. The basic institution in the
economy is the market where producers and consumers can meet. A transaction is completed when both parties reach an agreement on the quantity and
the price of the goods (resources in our case). It is an accepted axiom in economic markets that all the available information which may reside at the level
of the individual nodes and which is not necessarily shared among them, is
consolidated into a simple global metric, named the price. The price is therefore an indicator on the scarcity of a particular good. Such that, if there is a
shortage of resources, its price will go up and vice versa.
Moreover, the market-based mechanisms address the incentives of both users
and suppliers to participate in Grid. As Buyya pointed out [28] , a market-
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based resource allocation mechanism provides the following benefits:
• It helps in building large-scale computational Grid as it motivates resource owners to contribute their idle resources for others to use and
take benefit from them.
• It provides a fair basis to access the Grid resources for every user. The
resource owners charge the consumers according to the amount of resources they consume.
• It helps in regulating demand and supply in the Grid. The transactions
are made in the price where supply and demand converge.
• It helps in building a scalable system as the decision-making process is
distributed across all users and resource owners. Therefore, it removes
the need for a central coordinator for negotiation.
• Resource allocation based on economics is both user-centric and
system-centric. The system-centric mechanisms attempt to maximize
overall throughput of the system. They ignore user-centric requirements. The market-based resource management support user-defined
parameters such as deadlines and budget constraints.
• The dynamics of Grid performance is difficult to model. By formulating
Grid resource usage in market terms, we are able to apply analytical
research from economics for understanding of the behavior of the Grid.

2.7

Related Work

Resource allocation based on economics has been widely studied for distributed systems [33]. In computational Grids, some experiments have been
done based on some popular economic mechanisms, such as auctions and
commodity markets [26, 97, 98]. Several research have attempted to apply the
concept of computational economy for information management, CPU cycles,
storage, and network access. A few systems such as Java Market [19], Popcorn [70], and JaWS [63] have built market-oriented environments to harness
the processing power of a small network of computers on the web-based systems. Spawn [94] is another example of a market-based system that harnesses
idle processor time in a computer network. Tycoon [61] is a market-based distributed resource allocation system based on proportional share, where users
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get resources in proportion to their pre-dened weight. Mungi [51] is a shared
storage management system and Mariposa [87] is a distributed database management system. Some of these systems are based on computational clusters.
For example Libra [82] is an economy-driven cluster scheduler. Nimrod-G
[15, 25] is an economic based scheduler that uses the Globus toolkit services
and can be extended to operate with any other emerging Grid middleware services. It supports economic models such as commodity market, spot market
and contract-net. Wolski et al. [98] uses commodity market mechanism to
allocate two types of resources (CPU and disk storage) in Grids.
In the literature, we can find several computational markets that use auctions
for resource allocation [94, 70, 63]. Most of these works consider only one
type of the auction and compare it with other economic and conventional
models. Gomoluch et al. [45] investigate that under which circumstances
a market-based resource allocation by continuous double auction and by the
proportional share mechanism, outperforms a conventional Round-Robin approach. It is concluded that the continuous double auction performs best for
a cluster of homogeneous resources. However, if the load is low, the differences between three mechanisms are small, and the computationally less
expensive Round-Robin mechanism might be sufficient. For a situation where
there is a choice of resources with different quality of load, as it is the case
in a computational Grid, the results of Round-Robin is worse compared to
the two other market-based mechanisms [45]. The continuous double auction
performs best in most cases[45]. Weng et al. [96] present a periodic double
auction mechanism with uniform price for resource allocation in Grids. In
this work, auction takes place in rounds and all exchanges are performed with
the same price. There are few research that compare different auction models.
Kant et al. [57] compare three different variations of double auction mechanisms from both resource’s and user’s perspectives. Comparison parameters
in [57] are resource utilization, resource profit, and consumed budget. It is
concluded that continuous double auction mechanism outperforms the other
two variations of double auctions regarding the evaluation criteria [57]. Grosu
et al. [48] investigate three types of auction mechanisms; First-Price auction,
Vickrey auction and double auction. Resource utilization, resource profit, and
user payment are measured as the parameters for comparing these mechanisms. Simulation environment consists of limited number of resources with
predefined capabilities, reservation price, and Risk Averse/Risk Neutral users.
Their results show the First-price auction is better from resource’s perspective
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while Vickrey auction is better from user’s perspective. Double Auction favors both resources and users [48]. Assuncao et al. [37] analyze the different
auction models in terms of communication demand for resource allocation in
Grid computing environments. The investigation is done on First-price, English, Dutch and continuous double auctions. Their experiments show that
English auction presents higher communication requirements while continuous double auction presents the least demand of communications.
There are some issues that are not well addressed in the existing market-based
research:
• Most of the market-based research have been done in the context of
conventional Grids [15, 25, 26, 82, 97, 98]. In conventional Grids,
resources are assumed to be dedicated with a fixed number of nodes
which provide services. For instance, Ferguson [39] microeconomic algorithm is one of the earliest examples of applying market-based ideas
to cluster management. In this algorithm, multiple sequential jobs compete for dedicated slices of CPU time on a collection of heterogeneous
machines interconnected by point-to-point links.
• Many of the market-based resource management systems follow a single model for resource trading. In order to use some of these systems,
applications have to be specifically developed for execution on those
systems, which is generally discouraging. For instance, in systems like
Popcorn [70], there is a need for highly specialized access modules.
Popcorn requires each program to be written with the economy in mind
using a special application programming interface.
• Another problem in the current systems is adaptability. There are several research efforts on Grid adaptability using a central monitoring
system. For instance, [31] and [83] assume a centralized network architecture where a centralized server collects environmental conditions
from each component to make replacement decisions. Gounaris et al.
[47] address adaptive query processing on Grid in order to cope with
evolving resource characteristics, such as machine load and availability. Their model supports partitioning and resource allocation in response to the changes in the resource performance and in the resource
pool, respectively with the help of a monitoring information.
• Considering market-based resource allocation in Grid, although the
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market-based resource allocation has attracted considerable attention
[26, 97], but few research have addressed the problem of learning and
adaptation. Most of these systems function just based on a predefined
economic approach and there is no option to change the strategy in
case of changing environment. Preist et al. [73] demonstrate the simple adaptive agents inspired by the ZIP (Zero Intelligence Plus) agent
[35]. ZIP agent consists of a small number of heuristics and a simple
learning rule. These agents learn to trade at an equilibrium price in a
form of a periodic double auction marketplace. Bagnall et al. [21] propose an adaptation of two learning mechanisms (Zero Intelligence Plus
& Gjerstad-Dickhaut [43]) for single sellers in First-price and Vickrey
auctions.

In this thesis, we aim to address resource allocation in ad-hoc Grids based
on market-based mechanisms. We look for the mechanisms that solve the
existing problems in the previous research.

2.8

Conclusions

This chapter presented the research background by studying Grid and peerto-peer systems and applications. We discussed different resource discovery
mechanisms for Grids that are built based on peer-to-peer architectures. A
pure peer-to-peer architecture lacks manageability but it is more fault-tolerant
and has better scalability. A centralized indexing architecture provides manageability, but it is not scalable and has less fault-tolerant because of the single point of failure. Mechanisms that are based on decentralized indexing are
manageable, scalable and fault-tolerant. In this chapter, we described how a
resource discovery mechanism for an ad-hoc Grid can be designed based on
architectures ranging from fully centralized to fully decentralized or having
any intermediate state. We have argued for the use of economics to implement self-organization such that the Grid can adapt itself to changing circumstances and will have an infrastructure which is tuned towards a particular
context. Especially the price of a resource is a crucial element in this view
as the price is a simple metric that, in a synthetic way, represents information
about the entire system’s status. In the subsequent chapters we will present in
more detail this approach.

Chapter

3

Economic Concepts and Mechanisms
In this chapter, we discuss economic concepts and mechanisms in the micro
and macro levels. We want to provide a deeper understanding of the choices
one can make as far as market-based mechanisms for resource allocation are
concerned.

3.1

Microeconomics

Microeconomics is the branch of economics that deals with the behavior of
individual buyers and sellers. It studies how individuals decide how much
of a particular good they need and how much they are willing to pay for it.
Microeconomics examines the impact of supply and demand for resources
on price decisions and price behaviors. In turn, it also explains how prices
influence supply and demand for good - resources in our case. The most
important concepts in microeconomics are [62] [40]:
• Price: The concept of price is central to microeconomics where it is one
of the most important variables in any economic decision. Pricing can
be driven by demand and supply just like in real market environments.
Pricing can also be driven by how much users value the resources. In
this thesis, we will use three kinds of prices:
– Bid price (buyer price) is the price offered by a buyer. Bid price
can be a function of budget, deadline, task complexity, scheduling
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Figure 3.1: Law of demand.

strategy and resource requirements.
– Ask price (seller price) is the price offered by a seller. Ask price
can be a function of current load, resource availability, and resource characteristics.
– Transaction price is the price at which the transaction is executed
between a buyer and a seller. The transaction price can be also
defined as the price at which the market is said clear, which is the
point where supply and demand are equal to each other. Transaction price can be a function of buyer and seller prices or it can be
set by resource or market owner.
• Demand: Demand is the expression of willingness or capability of a
potential buyer to acquire certain quantities of a resource given certain
prices.
– Law of demand: The law of demand states that if supply is held
constant, an increase in demand leads to an increase in transaction
price, while a decrease in demand leads to a decrease in transaction price. As it is shown in Figure 3.1, for instance, when buyers
increase the quantity demanded from Q1 to Q2, the price raises
from P 1 to P 2. Accordingly, a demand curve depicts the relation
between the price of a certain resource, and the resource quantity that buyers are willing or able to purchase at that given price.

Price
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Figure 3.2: Law of supply.

A demand curve usually slopes downward because a lower price
encourages the buyer to purchase more of a resource.
• Supply: Supply is the willingness or capability of sellers or suppliers to
make available different possible quantities of a resource at all relevant
prices.
– Law of supply: The law of supply states that if demand is held
constant, an increase in supply leads to a decrease in transaction
price, while a decrease in supply leads to an increase in transaction price. Figure 3.2 depicts the law of supply. For instance, a
decrease in supply from Q1 to Q2 causes decrease of price from
P 1 to P 2. Accordingly, a supply curve presents the relation between the price of a certain resource and the resource quantity
provided by the sellers. The supply curve usually slopes upward,
since higher prices give the sellers an incentive to supply more in
the hope of making greater revenue.
• Equilibrium: The price and quantity equilibrium refers to where demand and supply intersect. Figure 3.3 shows the an equilibrium point
as demand and supply curves converge.
• Utility Function: utility functions are used to characterize the resource
requirements and the degree of satisfaction of individual users. A utility
function provides the maximal utility for buyers or sellers when faced
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with a given price of the resource. For instance, in commodity markets,
the utility is a function of the price. In these mechanisms, buyers and
sellers update their demand and supply based on the new price decided
by the market to maximize their utility. In auctions, the prices can be
calculated as a function of utility in a way to increase the utility for a
given demand/supply.
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• Indifference Curve & Budget Line: In microeconomics, an indifference curve is a graph showing different combinations of goods, each
measured by quantity, that yield the same level of utility for a consumer. That means at each point on the curve, the consumer has no
preference for one bundle over another. Figure 3.4 shows three indifference curves which provide three different levels of utility (L1, L2,
and L3) for a consumer. Any point on a higher indifference curve is
preferred to any on a lower one. For instance, the point A provides a
higher utility as compared to point V for a consumer. A budget line illustrates all the possible combinations of the goods that can be afforded
by the consumer. In Figure 3.4, a consumer can afford all combination
of goods G1 and G2 in the points below the budget line. The optimal
combination of goods for a consumer is the point on the budget line
where an indifference curve is tangent to the budger line. In Figure 3.4,
the optimal combinations of goods G1 and G2 is shown as point T .

3.2

Macroeconomics

Macroeconomics is the branch of economics that studies the behavior of an
economy at the aggregate level, as opposed to the level of a specific subgroups or individuals, which we discussed in the previous section. Macroeconomics investigates the interaction among individual components of the
system. Based on macroeconomic mechanisms, we identify the following
resource allocation mechanisms which can be classified as either non-price
or price-based [52, 39]. Each of theses two categories is further classified
into different models as Figure 3.5 shows. In the following, we discuss these
economic models:
• Non-price based mechanisms: In these mechanisms, no price is involved and the mechanisms are either selfish or cooperative [50]. In
selfish mechanisms that rely on the game theory [84], each user performs selfish optimization and has its own utility function, independent
of the others [102, 103]. However, unlike selfish mechanisms, the cooperative mechanisms have a global utility function which is known to
all nodes in the system. For instance, Kurose et al. [59] have provided
decentralized algorithms to allocate resources (such as files) in a coop-
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erative and non-competitive manner among agents.
• Price-based mechanisms: In a price-based system, the resources are
priced based on demand, supply, and wealth in the economic system.
One approach is that buyers and sellers determine the quantity of resources they are willing to buy or sell. Then, the price-based mechanism computes the equilibrium price at which supply and demand converge and the market clears. An alternative but related mechanism is
auction. In auctions, buyers and sellers set the price at which they want
to buy or sell resources. The basic philosophy behind auction mechanisms is that the bidder with the highest price always gets the resource,
and the current price for a resource is determined by the buyer and seller
prices.
In price-based mechanisms, the actual price of resources can be a representative of supply and demand conditions in the market. Moreover, the individuals
in a market can express their needs and preferences by the prices they bid. To
build a market-based resource allocation mechanism in ad-hoc Grids, we tend
to use the price as an indicator of the global status of the network as well
as individual’s status. Therefore, among the two mentioned mechanisms, we
choose price-based mechanisms. There are two main classes of price-based
mechanisms namely auctions and commodity markets.
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Auction Mechanisms

Within auction mechanisms, pricing is driven by how much value resources
owners place on the resources, and access to resources is won by the buyer
whose valuation comes closest to that of the resource owner [27]. The most
common auction mechanisms are one-to-many and many-to-many auctions.
In one-to-many auctions, one agent initiates an auction and a number of other
agents can make a bid. The English auction, Dutch auction, First-price auction, and Vickrey auction (Second-price auction) belong to this category. In
many-to-many auctions, several agents initiate an auction and several other
agents can bid. The double auction is the most known auction mechanism for
many-to-many auctions. In this type of auction, buyers and sellers are treated
symmetrically with buyers submitting bids and sellers submitting offers.
Auctions can also be classified into open or close auctions. In open auctions,
bidders know the bid value of other bidders. In closed or sealed bid auctions,
the bids are not disclosed to others.
One-to-Many Auctions
• English Auction: The English auction is a sequential bidding auction
in which buyers take turns publicly to submit increasing bids. The seller
openly announces a minimal price for the resource to be sold. Buyers
decide on a price and quantity depending on the user-defined requirements (mainly deadline and budget that they are willing to invest for
solving the problem). A bidder can have a strategy for a series of bids
as a function of its private value and prior estimation of other bidder’s
valuations. A dominant strategy for a buyer is to bid always a small
amount higher than the current highest bid and to stop when its private
value is reached. The auction continues until only one potential buyer
remains, so that the highest bidder wins the item at the price of its bid.
English auctions often take many rounds to complete and thus can be
inefficient for the time constrained resources.
• Dutch Auction: The Dutch auction is a sequential auction in which the
seller starts with a high price and continuously lowers the price until a
sale is confirmed by the first bidder to indicate acceptance of the price.
The rate of reduction is up to the seller and it has a reservation price
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below which the auction is stopped. The Dutch auction also takes place
in rounds like the English auction and therefore, it is not efficient for
time constrained resources.
• First-price Auction: The First-price auction is a simultaneous bidding
auction in which bidders submit sealed bids. Each bidder submits one
bid without knowing about the others’ bids. The buyer with the highest
bid wins and pays his or her own bid price. For instance, one strategy
is to bid less than the true value of the good and one might still win the
auction, but it all depends on what the others bid.
• Vickrey Auction (Second-price Auction): The Vickrey auction [93]
involves submission of simultaneous sealed bids. Buyers privately submit their own valuations. The winner is the buyer submitting the highest
bid, though the price of the resource is the highest losing bid. If there
is no second-highest bidder, then the price of the good is the average of
the minimum selling price and the buyer’s bid price.

Many-to-Many Auctions
• Double Auction: Double auctions are referred to as two sided auctions
permitting multiple buyers and sellers to bid to exchange a designated
commodity. In double auctions, buy orders (requests) and sell orders
(offers) may be submitted at anytime during the trading period. Buyers and sellers of resources put their requests or offers attached with a
price into the market. There are two types of double auctions namely
Continuous Double Auction (CDA) and periodic double auction. CDA
matches buyers and sellers immediately on detection of compatible
bids. In the other words, if at any time there are open requests and
offers that match or are compatible in terms of price and requirements
(e.g. quantity of resources or shares), a trade is executed immediately.
In CDA, the transaction prices are computed using a discriminatory
pricing policy. In a discriminatory policy, the transaction prices are
set individually for each matched buyer-seller as a function of corresponding seller and buyer prices. A periodic version of the double auction instead collects bids over a specified interval of time, then clears
the market at the expiration of the bidding interval [99][56]. Periodic
double auction is sometimes called SPUD (Sealed bid, Uniform-price,
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Double auction); because the bids are not visible to other participants,
the auction is to be held at intervals and has to support multiple buyers
and sellers at the same time. This type of auction uses a uniform pricing
policy. In a uniform pricing policy, all transactions are concluded at the
same price determined during the auction clearing stage.
• Proportional Share Protocol (PSP): This mechanism is a similar protocol to CDA, as both use a centralized scheduling algorithm. In PSP,
several tasks can execute on a server at a time. The amount of resources
allocated to a task depends on its bid price in relation to the sum of bid
prices of all tasks executing on that server. When a task query object
arrives at the marketplace, all resource offers are checked in order to
find the resource which meets the task’s constraints. PSP is proposed
for the scheduling of tasks in computational clusters [95]. Clustering
involves connecting two or more computers together to take advantage
of combined computational power and resources. An application of this
protocol is Libra [82] which is an economy-driven cluster scheduler.

3.2.2

Commodity Markets Mechanisms

In this economic model, different resources are treated as commodities and
buyers purchase from sellers by paying the cost of the resource. Pricing
scheme in commodity markets can be based on flat fee, usage duration, or
demand and supply based. In the flat fee scheme, buyers will pay a fixed
amount for a certain period irrespective of the resource quality. The second
scheme is based on the usage duration. If the resource is used for one hour
then the buyer will pay for that one hour only. In the final scheme, the prices
will change dynamically based on the supply and demand of the resource.
In the demand and supply based scheme, a buyer indicates a demand by requesting the quantity of a resource and a seller indicates a supply by offering
the quantity of its free resource. The market calculates a price for the resource based on the aggregated demand and supply. Then, buyers and sellers
update their demand and supply based on the new price. This process continuous until an equilibrium price is reached. The equilibrium is achieved when
the demand for resources is equal to the supply of resources [66]. A unique
equilibrium price is guaranteed to exist by the theorem of Debreu [38].
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3.2.3

Comparing Auctions and Commodity Markets

Two main classes of economic models used for Grid resource allocation are
commodity markets and auctions. In the following, we discuss similarities
and differences between theses two models from different aspects:
• In both formulations, buyers and sellers appeal to a trusted third party to
mediate the necessary transactions. The third party is referred as market
in a commodity market setting and is referred as auctioneer in auctions.
• In commodity markets, the market sets a price for a resource and then
queries both buyers and sellers for a willingness to buy and sell respectively at that price. Those wishing to participate agree to transact business at the given price point and an exchange of currency for resource
takes place. The market observes the unsatisfied supply or demand and
uses that information (as well as other inputs) to set a new price. Price
setting and transactions may occur in distinct stages, or may be concurrent or asynchronous. Alternatively in auctions, auctioneer collects
resources requests and offers along with the bid and ask prices from
buyers and sellers. The strategy is to grant resources to the buyers that
bid the highest prices.
• In commodity markets, an attempt is made to satisfy multiple buyers
and sellers at a given price. On the other hand, in auctions, usually one
buyer and one seller are satisfied at a given price.
• Commodity markets treat equivalent resources as interchangeable. A
buyer purchases one of those that are available from a pool of equivalent
choices without the ability to specify which resource will be exactly
purchased. Alternatively, in one-to-many auctions, every buyer bids
for a specific resource provided by a seller. In many-to-many auctions
resources are also interchangeable and buyers purchase resources from
any seller that satisfies their requirements.
• In Commodity markets, the complexity in implementation is high since
the market has to calculate a price based on the supply and demand
functions which are the result of the aggregate behavior of all the buyers and sellers. Auctions require little or no global information, and
therefore are easier to be implemented.

3.3. C ONCLUSIONS

3.3

37

Conclusions

In this chapter, we studied the behavior of an economy at individual and aggregate levels. Resource allocation in ad-hoc Grids is a complex undertaking
as resources are distributed, heterogeneous in nature, owned by different individuals or organizations with their own policies, have different access and
cost models. Moreover, in ad-hoc Grids, buyers and sellers may arise spontaneously at any time with various requirements and availabilities. Considering
these features of ad-hoc Grids, the following issues have to be considered
when designing a resource allocation mechanism. A microeconomic mechanism should support the laws of supply and demand where the supply and
demand in the network are neither known in advance nor predictable. To avoid
the need for global information in such dynamic networks, the price can be
used as a single entity that indicates the global state of supply and demand.
A macroeconomic mechanism should support simultaneous participation of
buyers/sellers and observe time constraints for resources and tasks. It should
accommodate the variations in resources availabilities and avoid global information such as aggregate supply/demand or aggregate utility. According
to the mentioned issues, we can conclude that auction mechanisms are better
choice for market-based resource allocation in ad-hoc Grids. In Chapter 5,
the choice of auction mechanisms is discussed in more detail.

Chapter

4

Economic Framework
There are many design choices for market-based resource allocation in Grids
that use different matchmaking and pricing mechanisms such as commodity
markets and auctions. In this chapter, we present an economic framework
which we will use throughout the thesis to experiment with certain design
choices. The subsequent chapters are devoted to show that economic mechanisms are well suited to deal with the highly dynamic nature of ad-hoc Grids.
Therefore, we first need to introduce the necessary concepts and mechanisms
that will be explored later in the following chapters.
Throughout the thesis, we will use the term market to refer to that environment where buyers and sellers meet. Nodes having a surplus in any computing resource can act as the sellers and nodes in need of finding additional
resources are the buyers. This implies that any node in the ad-hoc Grid can
have two different roles, namely that of a consumer and a producer of resources. Some nodes can also play another role, namely that of matchmaker.
The matchmaker receives all transaction requests from the nodes in the Grid.
A transaction is an agreement between two parties to buy/sell a certain quantity of resources. In this chapter, we present the different components that
allow nodes to become either a consumer or a producer of resources and show
how matchmakers are different from consumer and producer nodes. We also
describe the experimental platform that was used for all our experiments.

39

40

C HAPTER 4. E CONOMIC F RAMEWORK
Matchmaker Agent
Matchmaking
Unit
Offers
Depository
Manager

Requests
Depository
Manager
Communication
Unit

Producer Agent

Resource
Trader

Resource
Manager

Consumer Agent

Communication
Unit

Communication
Unit

Task
Trader

Job
Control

Job
Control

Resource
Manager

Figure 4.1: Framework Components.

4.1

Framework Components

The framework is composed of three types of agents as shown in Figure 4.1,
namely Consumer, Producer and Matchmaker. The framework components
are explained as follows:

4.1.1

Consumer/Producer Agent

Every node in the ad-hoc Grid can play two different roles either as a consumer or as a producer of resources. A node is a consumer whenever it requests some resources from the Grid, and it is a producer whenever it offers
some resources to the Grid. In the framework, a consumer/producer agent is
a representative of a consumer/producer node. Therefore, there are one con-
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sumer agent and one producer agent per node. A consumer/producer agent
controls the process of buying/selling resources. It estimates the execution
time for tasks or availability time for resources, computes the quantity of
required or available resources, and calculates the price that a consumer is
willing to pay or a producer is willing to receive for a unit of resource. Based
on this information, it generates and submits a request/offer.
Matchmaker Agent
The matchmaker agent is a middle agent between consumer and producer
agents. It controls assigning resources to tasks in the network using a matchmaking mechanism. A matchmaking mechanism works in the following simple manner: consumers and producers announce their desire to buy or sell
resources to the matchmaker. The Matchmaker keeps requests and offers in
its depositories and finds matches between them. A request is matched with
an offer if the offered resource meets the request requirements such as quantity, time, and price constraints.
Agent Attributes
Every agent consists of some components as depicted in Figure 4.1, some of
which are common to all agents and some are specific to a particular agent.
The common component in all three agents is:
• Communication Unit: This unit is responsible for exchanging messages
between consumers, producers, and matchmaker agents.
Common attributes between consumer and producer agents are:
• Resource Manager: This component decides whether a node needs additional resources or it has free resources. The decision is made considering task queue and available resources of the node.
• Job Controller: This component is responsible for transferring tasks
between consumer and producer agents. Shepherding tasks through the
network, accepting, deploying, and launching tasks are controlled by
this component.
The only attribute which is different when considering a consumer or a producer agent, is:
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• Task/Resource Trader: This component decides the price in which a
consumer or a producer buys or sells a unit of resource.

A matchmaker agent consists of the following components:
• Requests/Offers Depository Manager: This component is responsible for managing all requests/offers received from consumer/producer
agents. Updating, sorting, inserting messages, and deleting expired
ones are the responsibilities of this component. Requests and offers are
kept in the depositories while their Time To Live (TTL) is not expired.
• Matchmaking Unit: This unit is the core unit of a matchmaker that finds
matches between requests and offers. The matchmaker discovers the
best available match based on a matchmaking mechanism. Whenever
the matchmaker finds a match between a request and an offer, it informs the corresponding consumer and producer agents. An offer from
a producer is matched with a request from a consumer if the following
conditions are met:
– The price bided by the consumer is higher than or equal with the
price offered by the producer.
– The producer has the quantity of the resource requested by the
consumer.
– The producer is able to provide the resource within the time specified by the consumer.
In this thesis, we do not consider task exchange between consumer and producer agents. Therefore, a job control component is not implemented. The
interaction between the different components is depicted in Figure 4.2. In
this collaboration diagram, the messages labeled by a, b, and c are independent and can be sent in parallel. Consumer and producer agents send the task
or resource attributes to the task/resource trader component through the resource manager component. The task/resource trader component computes a
price for requested/offered resource, and sends a request/offer message to the
matchmaker through the communication unit component. Request messages
are sent to the requests depository manager component and offer messages
are sent to the offers depository manager component. These two components
are responsible for inserting and updating messages as well as providing messages to matchmaking unit component. The matchmaking unit component
finds the matches between request and offer messages, and sends the response
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Figure 4.2: Collaboration Diagram.

messages back to the consumer and producer agents through the communication unit component.

4.2

Message Specifications

Each request/offer submitted by consumer/producer agents contains the consumer/producer identifications, resource requirements and attributes, and time
and cost constraints. The messages submitted from the matchmaker to a consumer/producer agent hold the information of the matched pairs such as identification, deadline, and cost. There are four type of messages in the framework. In the following section, the message specifications are discussed.
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4.2.1

Request Message

This message is sent from a consumer agent to the matchmaker agent (Figure
4.3(a)).
• Consumer Id identifies the consumer node (e.g. IP address).
• Request Id is a unique number for each request to distinguish between
different requests from a consumer.
• Resource Type is the type of resource that is required such as CPU time
(cycle), memory, and storage.
• Resource Quantity is the quantity of the requested resource.
• Request TTL is the time-to-live for the request. For instance, the time
in which the task has to be completed.
• Bid Price is the maximum price that the consumer is willing to pay for
each unit of the resource.
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Offer Message

This message is sent from a producer agent to the matchmaker agent (Figure
4.3(b)).
• Producer Id identifies the producer node (e.g. IP address).
• Offer Id is a unique number for each submitted offer to distinguish between different offers from one producer.
• Resource Type is the type of resource that is offered such as CPU time
(cycle), memory, storage.
• Resource Quantity is the quantity of the offered resource.
• Offer TTL is the time during which the offer is valid. In other words, it
is the time that the resource is available.
• Ask Price is the minimum price that the producer is willing to receive
for each unit of the resource.

4.2.3

Response Message to Consumer

This message is sent from the matchmaker agent to a consumer agent (Figure
4.3(c)).
• Producer Id marks the producer from which to buy the requested resource.
• Request Id serves to match a response with the corresponding request
that was previously submitted.
• Offer TTL is the remaining time during which the offered resource is
available.
• Transaction Price is the price that the consumer has to pay to the producer for each unit of the resource.

4.2.4

Response Message to Producer

This message is sent from the matchmaker agent to a producer agent (Figure
4.3(d)).
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• Consumer Id is used by the receiving producer to establish a contact
with the consumer to sell its resource.
• Offer Id serves to establish correspondence between the offer and a
matching request.
• Request TTL is the remaining time by which the request has to be executed. For instance, it can be the remaining time to complete a task.
• Transaction Price is the price that the producer receives for each unit
of the resource.

4.3

Experimental Platform

The framework allows us to study different pricing and matchmaking mechanisms. These mechanisms have to be evaluated experimentally to investigate
their efficiency. Evaluation of any proposed mechanism can be empirical or
analytical. For complex systems like Grids, a theoretical analysis is almost
infeasible. Empirical evaluation can be performed by real-world experiments
or by simulation. The real-world experiments guarantee that there exist all
factors that impact the performance and behavior of the system. However,
these models have some disadvantages such as the fact that in the real-world
experiments, researchers do not have control over the system setting. Therefore, it is difficult to study the system in different settings and compare different mechanisms with each other. The simulation model that imitates the
operation of a real-world system deals with the mentioned disadvantages of
real-world experiments. Simulation models are more flexible in this regard
and they can compress time and allow faster execution of experiments. However, they can not resemble the real-world completely and some assumptions
have to be made. Over the years, modeling and simulation have emerged as
important disciplines in Grid systems and many simulation platforms have
been built such as Bricks [16], MicroGrid [85], GridSim [24], jCase [79],
and so on. A small number of the existing simulation platforms supports
market-based resource management systems. GridSim [24] and jCase [79]
are two instances of these simulators. The GridSim Toolkit is used to create
a resource broker that simulates Nimrod-G [15] for the design and evaluation
of deadline and budget constrained scheduling algorithms with cost and time
optimizations. It is also used to simulate a market-based cluster scheduling
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system in a cooperative economy environment. jCase is a tool for evaluating
combinatorial auctions [80]. These toolkits model the resources as they have
to be defined with specific availability and capability. None of these toolkits
support simulation of tasks and resources in a dynamic ad-hoc Grid.
For our purposes, we constructed a simulation platform in which consumer
and producer nodes interact with each other. We chose the simulation approach because we want to study the impact of making certain design choices
when all other things are equal. This ceteris paribus approach allows to isolate
and understand the effect of the choices one makes in constructing a marketbased resource allocation mechanism. To this end, we implemented a Javabased platform that considers the LAN as the Grid thereby assuming that multiple nodes can be mapped on a single computer in the network. We developed
our test-bed using J2EE and Enterprise Java beans. J2EE was used to program
the client side architecture, and Enterprise Java beans was used to program the
sever side architecture. A JBOSS application server was used to implement a
matchmaker. JBOSS acts as an application server which hosts the server side
beans and communicates with the clients. Producers and consumers are the
clients in our market place. The clients and the server communicate with each
other using JMS (Java Message Service). For inspection and analysis purpose
of all experimental data, we set up a database to store all the results of the
simulations using MySQL.

4.3.1

Assumptions

The following simplifying assumptions are made:
• Each consumer/producer agent is directly connected to the matchmaker
with the same average latency. The cost for this connection is the same
for all agents.
• Tasks are atomic by nature and cannot be divided.
• Consumer/producer agents are honest. Therefore, we are not concerned
about security issues.
• Every node is assigned a limited budget when joining the network. No
budget is injected during a simulation period. It should be taken into
account that in a node, when the consumer agent buys a resource, it
spends from the node’s budget, and when the producer agent sells a
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resource, it increases the amount of the same budget. The scenarios of
considering a limited budget or an unlimited budget (with or without
budget constraint) will be studied in Chapter 6.

4.3.2

Experimental Setup

In the experimental environment, there are N nodes each having one consumer agent and one producer agent. Therefore, there exist 2 ∗ N agents.
Some of these agents, called consumers, have tasks to perform for which they
are looking for additional resources while others called producers have resources to sell. In our experiments, N is considered a number between 40 and
60, and durations of the experiments are considered between 20 to 40 minutes. During the experiments, every node creates a number of requests and
offers in a random order. A node either creates a task request and activates
a consumer agent or creates a resource offer and activates a producer agent
depending on its workload or its idle resources. For each request or offer, a
message is sent to the matchmaker. On the other hand, a message is sent to
a consumer/producer agent from the matchmaker whenever a match is found.
We already discussed the message specifications in Section 4.2. Here, we
present the types and values of different fields in the messages. The values
are generated by a uniform random distribution function between a maximum
and a minimum with a step value. The maximum, the minimum, and the step
values for each message field are shown in Table 4.1.
Every node has a unique IP Address which is used to specify the corresponding consumer/producer agent in that node. CPU time is considered as the
resource in our experiments. For simplicity, we consider a reference 1.4GHz
CPU based on that each consumer/producer agent indicates the quantity of its
required/offered resource. This is the same as presenting resources based on
CPU cycles. The experiments are performed in an environment with nodes
having various CPU speeds. Resource type filed in an offer/request determines the CPU speed. Consumer/producer agents assign a unique number as
Id number to every request/offer when generating them. To distinguish between requests and offers, requests are assigned positive Id numbers whereas
offers are assigned negative Id numbers. For a request, resource quantity is indicated in terms of CPU time required to execute a task on the reference CPU.
Request TTL is the time by which task has to be executed after submitting a
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Consumer/Producer Id
Request Id
Offer Id
Resource Type
Res. Quantity (Request)
Res. Quantity (Offer)
Request TTL
Offer TTL
Budget
Bid/Ask Price

Type
IP Address
Id number
Id number
CPU speed
Task execution time
Available CPU time
Request deadline
Available CPU time
Grid$
Grid$
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Min.
1
700 MHz
1000
10000
6000
10000
-

Max.
-1
4 GHz
4000
15000
10000
15000
-

Step
1
-1
100 MHz
100
100
100
100
-

Table 4.1: Experimental Setup.

request. For an offer, resource quantity and offer TTL are the same and they
represent the time during which the CPU is available. In case of considering
budget, all nodes in the network are assigned a limited and equal amount of
budget, for instance 240000 Grid$. Bid and ask prices and their maximum
and minimum values are determined by the pricing mechanism adopted by
consumers and producers.

4.3.3

Network Conditions

We consider three different network conditions under which experiments are
performed. These conditions are defined based on the distribution of tasks
and resources generated in the network. These conditions are:
• Balanced Network (BN): This is the type of a network where there are
more or less an equal number of tasks and resources. In this condition,
tasks and resources are generated with a 50%-50% probability.
• Task Intensive Network (TIN): This is a network where there are more
tasks than resources. The probability of task and resource generation in
such condition is 80%-20%.
• Resource Intensive Network (RIN): This is a network where there are
more resources than tasks. Tasks and resources are generated with a
20%-80% probability.
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Conclusions

In this chapter, we introduced an economic framework by describing the
framework components and interaction between them. The proposed framework allows us to study different matchmaking and pricing mechanisms. The
evaluation of the mechanisms is considered to be performed through simulation. To this purpose, we presented an experimental platform. We also
highlighted the simplifying assumptions we have made for executing the empirical validation. The following chapters study the performance of different
matchmaking and pricing mechanisms within the framework under different
network conditions.

Chapter

5

Matchmaking Mechanisms
This chapter is devoted to the study of the basic mechanisms that can be
used for matchmaking between consumer and producer agents in an ad-hoc
Grid. As explained earlier, we are looking at market-based mechanisms where
nodes in the Grid can find the resources they want to sell or buy. This way, we
want to exploit the Invisible Hand principle which states that through local,
individual (and possibly selfish) behavior, the system interest is also maximally taken into account.
We first present the different possible market-based mechanisms that we will
study, and we define a set of criteria to evaluate these mechanisms. On the basis of the criteria, we experimentally compare different market mechanisms
given different workloads. This study helps us to assess the usefulness of
any particular mechanism under different network conditions from a Grid
user/owner perspective. We also compare a market-based mechanism with
a non-market mechanism in which no price is involved. We investigate the
impact of using a market-based mechanism on the performance and also on
the fairness of access to tasks/resources in an ad-hoc Grid in compared to a
non-market mechanism.
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Market-based Matchmaking

For matchmaking in an ad-hoc Grid, we need a mechanism that supports simultaneous participation of producers/consumers, observes resource/request
deadlines, and can accommodate variations in resource availability. As discussed in Chapter 3, two main types of the economic mechanisms are commodity markets and auctions. In commodity markets, resource prices are
decided from the overall demand and supply in the network. The market
gathers all the supply and demand information about the commodities from
consumers and producers to generate a set of equilibrium prices. This type of
market attempts to satisfy consumers and producers in a given price (equilibrium price) within a given time frame. In commodity markets, a single price
(equilibrium price) is supposed to take into account all the preferences from
the individual nodes. However, even though the concept is very appealing,
they assume perfect information and are essentially static in nature. Given
the highly dynamic nature of the ad-hoc Grids, this approach is not chosen.
Moreover, the complexity of implementing a centralized market which relies
on the aggregate supply and demand becomes very high in a dynamic ad-hoc
Grid.
The competitive and decentralized nature of auction models make them an
appropriate choice for resource allocation in ad-hoc Grids. Examples of such
auction models are Dutch auction, English auction, First-price auction, Vickrey auction, and Continuous Double Auction (CDA) which we already studied
in Chapter 3. English auction and Dutch auction are sequential and are based
on open-cry. In open-cry auctions, each bid has to be broadcasted to all participants. This becomes a considerable communication overhead in the context
of ad-hoc Grids. Moreover, these types of auctions are sequential. Therefore,
they are not able to observe time deadlines, and they do not support simultaneous participation of producers and consumers. Hence, English auction and
Dutch auction are not suitable for resource allocation in ad-hoc Grids.
First-price auction, Vickrey auction, and CDA are simultaneous and close
bid auctions. We choose and implement these auctions as the matchmaking
mechanisms in the framework. To support simultaneous participation of both
consumer and producer agents in an ad-hoc Grid, these mechanisms have to
be implemented in a many-to-many method where both consumer and producer agents can initiate an auction. In an auction mechanism, the main com-
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Figure 5.1: Main components in an auction mechanism.

ponents are consumers, producers, and a third party that acts as a mediator
between consumers and producers called auctioneer. Figure 5.1 shows these
components in an abstract form of the framework. The auctioneer plays the
role of the matchmaker. In the following, we explain how the three auction
mechanisms are implemented:
• First-price Auction: In this mechanism, producers submit their offers
for a resource along with a minimum price below which they do not
sell their resources. Consumers submit their requests together with a
bid price. Consumer agents decide their bid prices using a dynamic
pricing mechanism (to be introduced in Chapters 6 and 7) and producer
agents have a fixed minimum ask price. The auctioneer sets up a Firstprice auction for each received offer. The requests are kept sorted from
the highest price to lowest price. The request with the highest bid price
wins the auction if the bid price is bigger than the producer’s minimum
price and offered resource satisfies task’s constraints (such as resource
quantity, price, and time frame). In this mechanism, transaction price
in which a trade is executed, is equal to the bid price.
• Vickrey Auction (Second-price Auction): This mechanism is similar
to the First-price auction except that the transaction price is the second
highest bid price. In fact, the winner pays bid price of the first looser.
If there is no second highest bidder then the transaction price will be
the average of bid and ask prices. Similar to the First-price auction,
consumer agents use a dynamic pricing mechanism (to be introduced in
Chapters 6 and 7) to define their bid prices and producer agents have a
fixed minimum ask price.

54

C HAPTER 5. M ATCHMAKING M ECHANISMS
• Continuous Double Auction (CDA): In this mechanism, consumer
and producer agents announce their desire to buy or sell resources to
the auctioneer along with the bid and ask prices. Requests are sorted
from the highest price to the lowest price and offers are sorted from
the lowest price to the highest price by the auctioneer. The auctioneer
finds matches between consumers and producers by matching requests
(starting with highest price and moving down) with offers (starting with
lowest price and moving up). When a task request arrives at the market
place, the mechanism searches all available resource offers and returns
the best match which satisfies the task’s constraints. When a resource
becomes available and several tasks are waiting, the one with the highest bid price is processed first. The transaction price is calculated as the
average of ask price and bid price. In CDA, both consumer and producer agents decide their bid/ask prices using a dynamic pricing mechanism (to be introduced in Chapters 6 and 7).

For all the auction mechanisms, we assumed that nodes are given an equal
amount of budget when joining the network. Therefore, consumer agents can
not bid beyond their limited budget.

5.2

Performance Evaluation

In this section, we study the performance of the three auction mechanisms
in three types of network conditions namely balanced, task intensive, and
resource intensive. First, we define the evaluation criteria which is used to
compare the different auctions.

5.2.1

Criteria to Evaluate Matchmaking Mechanisms

To evaluate the performance of different auction mechanisms, we consider the
criteria that represent Grid owner and user objectives. We study the overall
performance of the network in each mechanism by considering the individual
performances using the following criteria:
• Throughput: Throughput is defined in terms of task and resource utilizations. Task utilization is the ratio of allocated tasks to all submitted
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resource requests, and resource utilization is the ratio of allocated resources to all submitted resource offers in a network.
T askU tilization =

P
Nr

ResourceU tilization =

S
No

(5.1)

(5.2)

where Nr and No are respectively the total number of submitted requests and offers. The number of purchased and sold resources are
shown by P and S respectively.
• Consumer/producer deadline satisfaction: Consumer/producer deadline
satisfaction is a measure of satisfaction for consumers/producers regarding the time by which they receive a response after submitting a
request/offer. It shows how fast consumer/producer agents find the
matches within their deadline. The deadline for consumer/producer
agents is the TTL (Time To Live) in which a request or offer is valid.
We define the deadline satisfaction for a consumer/producer agent as
follows:
DedLinSaf =

N
X

((T T Li − ResponseT imei )/T T Li)/N

(5.3)

i=0

where T T Li is the deadline for ith submitted request/offer. N is the total number of submitted requests/offers at the consumer/producer agent.
ResponseT ime is the time taken to receive a response from the matchmaker after submitting a request/offer. For unmatched request/offers,
the level of satisfaction is zero. Because in this case the response time is
equal to or greater than the TTL. In the ideal case, the highest deadline
satisfaction is obtained when response time is zero. The average consumer/producer deadline satisfaction in a network is calculated by the
averaging the values of deadline satisfactions in the individual agents in
the network.
• Consumer surplus: Consumer surplus represents the amount that a consumer benefits by buying a resource at the price lower than the consumer bid price. Consumer surplus is calculated as the difference be-
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tween the price that consumers are willing to pay (bid price) and the
actual price (transaction price):
ConsumerSurplus = pb − tp

(5.4)

where pb is the bid price of the consumer agent and tp is the price in
which the deal is made.
• Producer surplus: Producer surplus is the amount that a producer benefits by selling a resource at the price higher than the price a producer
is willing to sell. The producer surplus is calculated as the difference
between transaction price and ask price.
P roducerSurplus = tp − pa

(5.5)

where pa is the ask price of the producer agent and tp is the price in
which the deal is made.
• Price volatility: Price volatility is a measure of uncertainty in a market.
This metric is inspired by the need of economic agents to be able to
understand the future evolution of a price (of any good) in order to make
a rational decision about whether or not to make an offer. Especially
in financial markets, such a measure is important as the expected gain
depends on the future price. Even though one could envision that at
some point the nodes in our network would adopt a similar, speculative
behavior and start anticipating future price evolutions for resources, we
assume that in our current setting, we prefer stable and more predictable
price evolutions rather than highly uncertain ones. What we aim for is
to allow nodes to find the resources/tasks they need and not financial
gain in itself - which would be the same as maximizing the budget. In
the economic literature, this uncertainty or price volatility is measured
through the standard deviation of transaction prices which is given in
Equation 5.6:
v
u N
uX
P riceV olatility = t (mean − tpi )2 /N

(5.6)

i=1

where mean is the average of transaction prices in the network which
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Figure 5.2: Task utilization for three auction mechanisms in different network conditions.

is defined as:
mean =

N
X

tpi /N

(5.7)

i=1

N is the total number of transactions in the network and tpi is the ith
transaction price.

5.3

Experimental Results

The experiments are performed in a local ad-hoc Grid with 60 nodes given
different network conditions. The following abbreviations will be used: we
refer to a balanced network condition as BN , a resource intensive network
condition as RIN , and a task intensive network condition as T IN . We also
use the abbreviation terms CDA and F P A and V A respectively for Continuous Double Auction, First-price auction, and Vickrey auction.
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Figure 5.3: Resource utilization for three auction mechanisms in different network
conditions.

Throughput
Throughput of the network is measured in terms of task and resource utilizations. We measure task and resource utilizations for each auction mechanism
in different network conditions. The results are shown in Figures 5.2 and 5.3
in the form of percentages. We can observe that the three auction mechanisms
show more or less the same level of task/resource utilization in different conditions. In the balanced condition, the Vickrey and First-price auctions show
around 3% to 4% more throughput over the CDA. This can perhaps be the side
effect of the simulation. Based on these observations, we can conclude that
three auction mechanisms are interchangeable concerning the overall throughput of the network in any network condition.
Consumer/Producer Deadline Satisfaction
Figures 5.4 and 5.5 depict the average deadline satisfaction respectively for
consumer and producer agents in different network conditions in the form
of percentages. The results show that the level of satisfaction for consumer
agents is more or less equal in the three auction mechanisms at any network
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Figure 5.4: Consumer deadline satisfaction for three auction mechanisms in different
network conditions.
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Figure 5.5: Producer deadline satisfaction for three auction mechanisms in different
network conditions.
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condition. This observation is due to the fact that the auctioneer responds to
consumers in the same way in the three auction mechanisms, and that is based
on giving the highest priority to the request with the highest bid price. For producer agents, the level of deadline satisfaction is higher in CDA compared to
First-price auction and Vickrey auction in the balanced and resource intensive
conditions. This implies that producer agents find their matches faster during
the lifetime of their offer (TTL) when CDA mechanism is used compared to
when First-price auction or Vickrey auction is used. This is due to the way
that offers are processed in different auction mechanisms. In CDA, an offer
with the lowest ask price has the highest priority. In First-price auction or
Vickrey auction, offers are processed based on the time they are received by
the auctioneer. The first one to arrive has the highest priority to be processed.
By giving priority to the offers with lower ask prices in CDA, the offers which
have more chance in finding a match, are processed first. Therefore, the speed
of finding matches is increased and in consequence there will be shorter response time and higher deadline satisfaction for producers. In a task intensive
condition, demand is high and producers find their matches very quickly in
this condition. Therefore, the consumer deadline satisfaction has a high value
(around 99%) in all the three auction mechanisms.
From these observations, we can conclude that CDA is the best choice for
producers regarding deadline satisfaction in any network condition. From a
consumer point of view, the three mechanisms are interchangeable.
Consumer Surplus
The average consumer surplus is calculated for matched consumers in the
three mechanisms within different network conditions (Figure 5.6). The
matched consumers are the consumers which have found matches for their
requests. As expected, the consumer surplus for First-price auction is equal
to zero. Because in this auction, the transaction price is equal to the consumer
price (bid price). In CDA and Vickrey auction, consumers pay less than what
they bid. Therefore, these auctions favor the consumers. Figure 5.6 shows
that consumer surplus is higher in CDA compared to Vickrey auction. Higher
consumer surplus in CDA is because of the higher difference between bid
prices and transaction prices in CDA compared to the other auction mechanisms. In CDA and Vickrey auction, consumer surplus has its highest value
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Figure 5.6: Consumer surplus for three auction mechanisms in different network
conditions.

in the task intensive condition and its lowest value in the resource intensive
condition. This observation is explained as follows. In the task intensive
condition, consumers increase their bid prices to outbid their competitors and
in consequence the difference between transaction prices and bid prices increases. On the other hand, due to the abundance of resources in a resource
intensive condition, consumers bid the low prices which are close to the ask
prices.
By comparing the three auction mechanisms regarding consumer surplus, we
can observe that FPA provides no surplus for consumers. Between VA and
CDA mechanisms, CDA provides a higher surplus for consumers in a task
intensive condition compared to VA. In the balanced and resource intensive
conditions, CDA and VA are interchangeable when consumer surplus is concerned.
Producer Surplus
We compute the average producer surplus for matched producers in the three
mechanisms within different network conditions. The matched producers are
the producers which have found matches for their offers. The results depicted
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Figure 5.7: Producer surplus for three auction mechanisms in different network conditions.

in Figure 5.7 show that the Vickrey auction provides a higher producer surplus
as compared to the other two auction mechanisms in the task intensive condition. In the resource intensive and balanced network conditions, producer
surplus is approximately equivalent in the three auction mechanisms. The
higher producer surplus in the case of a task intensive condition and lower
producer surplus values in the other two network conditions can be explained
with the same reasoning as we already discussed for consumer surplus.
As consumers pay the first highest price in the First-price auction and pay the
second highest price in the Vickrey auction, it can be expected that producer
surplus should be higher in the First-price auction as compared to the Vickrey
auction. This interpretation can be justified in the following way. Consumers
pay higher prices in the First-price auction. Therefore, they may run out of
their budget more quickly compared to the Vickrey auction in a task intensive
condition.
We conclude that when the producer surplus is the selection criterion, the
three auction mechanisms are interchangeable in the balanced and resource
intensive conditions. Under a task intensive conditions, Vickrey auction is the
best option.
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Figure 5.8: Price volatility for three auction mechanisms in different network conditions.

Price Volatility
We consider price volatility in our analysis as it is a measure of uncertainty
with respect to the likelihood to conclude a transaction in the market. The
price volatility is measured by the standard deviation of transaction prices.
Figure 5.8 depicts the price volatility in the three auction mechanisms under
different network conditions. From Figure 5.8, we can make the following
observations. The volatility is highest in the task intensive case which is explainable by the fact that nodes will have to make more aggressive bids in
order to obtain the resources they need. It is lowest in the resource intensive
case where automatically the price for a resource is low. For both resource
and task intensive conditions, CDA always has the lowest volatility. The only
exception is the balanced case where CDA has a higher volatility compared
to FPA and VA. This can be explained as follows. In CDA, both consumer
and producer prices are dynamic (they are defined through a dynamic pricing
mechanism) while in FPA and VA, consumer prices are dynamic but producer
prices are static (every producer has a fixed minimum price). Therefore, we
observe slightly higher variation in transaction prices when CDA is used in a
balanced condition where there is no competition between agents.
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BN
TIN
RIN

Throughput

Consumer

Producer

Price

Interchangeable

Con. Deadline

Pro. Deadline

Surplus

Surplus

CDA, VA

Interchangeable

volatility

Satisfaction

Satisfaction

VA

Interchangeable

CDA

Interchangeable

CDA

VA

CDA

Interchangeable

Interchangeable

Interchangeable

CDA, VA

Interchangeable

CDA

Interchangeable

CDA

Table 5.1: Design choices.

In the task and resource intensive conditions, CDA shows the lowest price
volatility despite the dynamic bid and ask prices in this mechanism. We can
conclude that CDA mechanism is a better choice when resources/tasks are
scarce since a node can be more certain about the acceptance of its price and
in consequence finding a task or a resource. In a balanced condition, VA can
perform slightly better in this concern.

5.4

Results Discussion

One of the main objectives of this research is to assist Grid users/owners to
decide which auction mechanism is most suitable for a particular network
condition. We consider different Grid and user objectives namely throughput,
deadline satisfaction, consumer surplus, producer surplus, and price volatility
to evaluate various auction mechanisms.
The results show that the network throughput in terms of task and resource
utilizations is approximately the same in the three auction mechanisms. As
a result, these mechanisms are interchangeable in this regard. Considering
deadline satisfaction, CDA favors producers with providing lower response
time in any network condition compared to the other two mechanisms. Any
mechanism can be chosen considering consumer deadline satisfaction.
CDA increases the economic benefit of the Grid consumers in a task intensive
condition. On the other hand, Vickrey auction favors producers in the task
intensive condition as it gives higher producer surplus. In the balanced and
resource intensive conditions, CDA and Vickrey auction are interchangeable
regarding consumer surplus. Regarding producer surplus, any mechanism can
be selected in the balanced and resource intensive conditions.
We also observe that VA can be chosen in a balanced condition when the price
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volatility is concerned. In the task and resource intensive conditions, CDA
presents the lowest price volatility as compared to the other two mechanisms.
Therefore, CDA mechanism is the best choice in this concern since a node can
be more certain about the acceptance of its price and in consequence finding
a task or a resource when they are scarce. Table 5.1 summarizes the choices
of auction mechanisms in the three network conditions.

5.5

A Non-market Matchmaking Mechanism

The economic framework presented in this thesis can be also used for implementing non-market mechanisms. In this section, we study the performance of a non-market mechanism for resource allocation in ad-hoc
Grids. Among different non-market mechanisms, we choose First-ComeFirst-Served (FCFS) mechanism as it has shown a good performance compared to the matchmaking mechanisms such as STF (Shorter Tasks First) and
Min Distance [22]. FCFS is a non-market mechanism in which there is no
price constraint for matchmaking between requests and offers. In this mechanism, the matchmaking is accomplished on the basis of the time of arrival and
no sorting or any other manipulations are done to find the matches.
We compare the performance of FCFS mechanism with CDA mechanism in
three network conditions namely balanced, task intensive, and resource intensive. Comparison is done based on the criteria task/resource utilization,
deadline satisfaction, and also two new criteria namely load balancing and
resource balancing. We introduce the new criteria since in FCFS no price is
involved, and we can not evaluate it by price-based or budget-based criteria.
On the other hand, the fairness of market-based mechanisms in providing access to resources and tasks is one of the claims we made when discussing the
benefits of these mechanisms. To prove this claim, we measure load/resource
balancing. Load and resource balancing assess the distribution of tasks among
producers of resources and the distribution of resources among consumers of
resources respectively.
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CDA
FCFS

Average

Resource

Load

Average cons.

Average prod.

Task/Resource Util.

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

92%
95%

96%
98%

98%
98%

90%
87%

81%
65%

Table 5.2: Comparing FCFS and CDA in a balanced network.

Load/resource Balancing
Load balancing shows how evenly tasks are distributed among producers of
resources. This can be detected by measuring the variation in resource utilizations among individual producers. The lower this variation, the higher load
balancing is. On the other hand, resource balancing is a measure of fairness
for access to resource by consumers. Variation in task utilizations among individual consumers shows the level of resource balancing. We use Relative
Standard Deviation (RSD) to measure the variation in task/resource utilizations. The percentage of RSD is defined as:
RSD = (stdev/mean) ∗ 100%

(5.8)

where mean is the average task/resource utilization in the network and stdev
is the standard deviation of task/resource utilization among different consumer/producer agents. Now, we define the level of resource/load balancing
using RSD as follows [29]:
η = (100% − RSD)

(5.9)

The most effective resource/load balancing is achieved when η = 100% that
is obtained when stdev = 0.
In the following, we study the performance of FCFS in different network
conditions and compare it with CDA.

5.5.1

Balanced Network Condition

Table 5.2 presents the results of comparing FCFS and CDA in a balanced
condition. The results show that the market-based mechanism is as efficient
as a blind and simple FCFS mechanism in terms of task/resource utilization.
Regarding load/resource balancing both mechanisms present more or less the
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CDA
FCFS
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Average

Average

Resource

Load

Average cons.

Average prod.

Task Util.

Res. Util.

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

24%
25%

95%
100%

82%
58%

94%
100%

19%
6%

94%
99%

Table 5.3: Comparing FCFS and CDA in a task intensive network.

CDA
FCFS

Average

Average

Resource

Load

Average cons.

Average prod.

Task Util.

Res. Util.

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

99%
100%

26%
26%

96%
100%

81%
62%

99%
99%

18%
20%

Table 5.4: Comparing FCFS and CDA in a resource intensive network.

same performance in a balanced condition. Therefore, both mechanisms provide a fair access to resources and tasks in a balanced condition. The average
deadline satisfaction for consumers and producers is higher in CDA mechanism compared to FCFS mechanism.

5.5.2

Task/Resource Intensive Network Condition

Table 5.3 presents results of comparing the two mechanisms in a task intensive network condition. The results show when resources are scarce, both
mechanisms give the same throughput regarding the task and resource utilizations. Considering load balancing, both mechanisms show a high level
of load balancing. Because in a task intensive condition that resources are
scarce, tasks are distributed evenly among the few resources. While considering resource balancing, CDA mechanism shows a higher level of resource
balancing compared to FCFS in a task intensive condition. This implies that
CDA provides a fair access to resources for consumer agents when the resources are scarce. Average consumer deadline satisfaction is higher in CDA
compared to FCFS mechanism. For producers, average deadline satisfaction
is high in both mechanisms because of abundant tasks in this condition.
Results of comparison of two mechanisms in a resource intensive condition
are shown in Table 5.4. In this condition, the two mechanisms perform more
or less similar regarding all criteria expect for load balancing. CDA mechanism shows higher level of load balancing compared to FCFS mechanism.
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Figure 5.9: Task utilization at individual consumer agents under a task intensive
condition in FCFS and CDA mechanisms.

This shows that a CDA mechanism distributes tasks among producer agents
more evenly compared to a FCFS mechanism when tasks are scarce.
Furthermore, we also measure task utilization in individual consumer agents
to explain the resource balancing in a task intensive condition. Figure 5.9
depicts the task utilizations in 60 consumer agents. As it can be seen from the
figure, the task utilization fluctuates much less in CDA mechanism compared
to FCFS mechanism. It is observed that in FCFS, some consumer agents
receive a high level of task utilization while some others receive a very low
utilization. In CDA mechanism, the task utilization is spread almost equally
between all agents. This implies that access to the Grid resources is fairly
distributed among all consumer agents when CDA is used.

5.6

Conclusions

The market-based framework enabled us to analyze different auction mechanisms (First-price auction, Vickrey auction, and CDA) as the matchmaking
mechanisms. We considered the assessment criteria based on system as well
as user preferences such as throughput, deadline satisfaction, consumer sur-
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plus, producer surplus, and price volatility. These criteria were measured
under three different network conditions. Based on our experimental results,
different design choices were discussed. According to the results presented in
Table 5.1 and the discussion in Section 5.4, we conclude that CDA seems to
be the best choice given the different proposed evaluation criteria.
We also compared CDA mechanism with a non-market FCFS mechanism.
The result showed that CDA and FCFS are similar in performance despite
the FCFS has no price constraint. Nevertheless, CDA offers a number of additional advantages compared to FCFS. CDA with a high level of resource
balancing provides a fair basis for access to Grid resources for the consumer
agents in a task intensive condition while FCFS gives a low level of resource
balancing in this condition. CDA also provides a higher level of load balancing compared to FCFS in a resource intensive condition. Load/resource
balancing indicates how evenly the tasks/resources are distributed among producer/consumer agents. Therefore, we can conclude that CDA as a marketbased mechanism provides a fair access to resources and tasks for consumer
and producer agents in comparison to a non-market FCFS mechanism. Furthermore, a market-based mechanism allows to have the condensed global
system information into one metric namely the price. In the next chapters, we
will study pricing mechanisms and show how the price indicates this information.

Chapter

6

A Learning and Adaptive Pricing
Mechanism
In the previous chapter, we studied the use of both market and non-market
matchmaking mechanisms. As explained in that chapter, the difference between the two approaches is the use of money, or put differently, the existence of a price for a resource. As stated before, the price for a resource is a
very synthetic metric summarizing a global system state aspect, the need for
a particular resource. Through the use of the mechanisms explained in the
previous chapter, the different nodes in the Grid contribute to this price by expressing their needs at the individual level. Moreover, money and budget are
also interesting concepts for real world commercially exploited Grids where
real money will have to be used.
In a dynamic ad-hoc Grid, we expect that it will be difficult to manually set
prices that lead to a stable and healthy economy. Therefore, a dynamic pricing
strategy that allows adapting to changes of supply and demand in the network
is important. Moreover, setting prices based on gathering global information
about supply and demand is not feasible in such dynamic networks. A way
to learn about the supply/demand condition is through interaction with the
environment. Learning from the interaction is a fundamental idea underlying
nearly all theories of learning and intelligence [89]. As depicted in Figure
6.1, agents can learn the condition of the network using the reward they get
from the environment for subsequently taking a proper action. For instance,
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Agent
reward
r(t)

action
a(t+1)

Environment

Figure 6.1: The agent - environment interaction in a learning mechanism [89].

the reward can be their utilization from the Grid, and the action can be setting
the new prices.
In this chapter, we study how exactly nodes can make a bid, which means
determining the price that nodes are willing to pay or want to receive in return
for resources. We propose a dynamic and learning pricing mechanism for
resource allocation in ad-hoc Grids. We name our pricing mechanism λ that
stands for Learning and Adaptive Mechanism for Bidding Agents. This pricing mechanism is inspired from the pricing functions presented by Kuwabara
et al. [60]. The essence of our λ pricing mechanism is that it takes into account how successful an agent has been in closing a transaction. When an
agent is systematically bidding too low a price for resources, it will not succeed in actually finding the wanted resources. The λ pricing mechanism is
constructed in such a way that the next bid will take this experience into account. A similar explanation holds for the case where a producer would systematically ask too high a price for its resources. We study the behavior of our
λ pricing mechanism and its parameter regime under different network conditions. We will also introduce a budget constraint to avoid exuberant prices
being asked or paid for. By applying the budget constraint, we want to study
the performance of our pricing mechanism when creating a scenario of real
markets. In the real markets, the buyers are always restricted by their budget
when bidding a price. The pricing mechanism will therefore be extended to
take such a constraint into account.

6.1. C ONSUMER /P RODUCER P RICING A LGORITHM

6.1
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Consumer/Producer Pricing Algorithm

In a market, the objective of a seller is to maximize its earning as much as
possible and the objective of a buyer is to spend as little money as possible.
Based on these objectives, and following the laws of supply and demand, the
strategy of producers of resources is to raise the price when the demand for the
associated resource is high and to lower the price when the demand is low. On
the contrary, the strategy of consumers of the resources is to lower the price
when the supply is high and to raise the price when the supply is low. Based
on these strategies, we define consumer and producer pricing functions.
The price is defined as the value of each unit of resource in which the consumer and producer agents are willing to buy or sell. Consumer/producer
agents join the network with an initial bid/ask price and dynamically update it
over the time using the pricing functions presented below. Ask and bid prices
are defined respectively for producers and consumers as follows:
pa (t) = pa (t − 1) + ∆pa (t)

(6.1)

pb (t) = pb (t − 1) + ∆pb (t)

(6.2)

Where p(t) is the new price and p(t−1) is the previous price. The value of ∆p
determines whether the price is increasing or decreasing. The agents perceive
the supply and demand of the resources through their previous resource and
task utilizations and set the ∆p accordingly. ∆p is calculated for a seller and
a buyer respectively based on Equations 6.3 and 6.4 as seen below:
∆pa (t) = α(ru(t) − uthR )pa (t − 1)

(6.3)

∆pb (t) = β(uthT − tu(t))pb (t − 1)

(6.4)

so that,
α, β ∈ [0, 1]

and

uthT , uthR ∈ [0, 1]

α and β are the coefficients that control the rate of changing the price. In
this version of the pricing mechanism, α and β are constant values set by
producer and consumer agents respectively. Producers and consumers can
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speed up or slow down the rate of increasing/decreasing their ask and bid
prices by modifying the values of α and β.
ru(t) and tu(t) are respectively the resource utilization and the task utilization
at the time t. Each consumer or producer agent keeps a history of its previous
experiences in buying or selling resource. Task/resource utilization represent
this history. For a given agent, we define the task utilization as the ratio of
allocated tasks to all submitted requests, and the resource utilization as the
ratio of allocated resources to all submitted offers. The resource utilization
is formally defined by Equation (6.5), and the task utilization is specified by
Equation (6.6).
S(t)
(6.5)
ru(t) =
No
tu(t) =

P (t)
Nr

(6.6)

where S(t) and P (t) are respectively the numbers of sold and purchased resources at the time t. No and Nr show respectively the number of submitted
offers and requests. No and Nr represent the length of the history of the pricing mechanism. For instance, if Nr = 10, it means that we have considered
10 recent submitted requests and then P (t) is the number of purchased resources out of 10 submitted requests. Based on these definitions, ru and tu
have always the values between 0 and 1.
uthT and uthR are the threshold values below which respectively the task utilization and the resource utilization should not go. These values are constant
and set by the consumer and producer agents. uthT and uthR could be interpreted as the degree of an agent activity. Low activity implies that the agent
is satisfied with a low usage of its resources or a low completion rate of its
tasks. High activity means the agent is more demanding by imposing higher
satisfaction thresholds.
In the current version of our λ pricing algorithm, we do not consider any
budget constraint. It means that buyers can spend as much money as they
want. Therefore, there is no upper limit for prices. Of course, the lower limit
for prices is zero.

6.2. T RANSACTION P RICE

6.2
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Transaction Price

The transaction price is the price in which a deal is made. We use a discriminatory pricing policy in Continuous Double Auction (CDA) mechanism to
set transaction prices (see Chapter 3, Section 3.2.1). In a discriminatory pricing policy, the transaction price can be defined using the common k-double
auction pricing rule [78] as follows:
p = k.pa + (1 − k)pb

(6.7)

where pa and pb are ask and bid prices respectively. Considering k = 0.5, the
transaction price is the average of bid and ask prices.

6.3

Performance Evaluation

To evaluate the proposed pricing mechanism, we use CDA with the discriminatory pricing policy for matchmaking between consumers and producers.
The CDA mechanism is selected based on the results of the previous chapter where we studied different matchmaking mechanisms. From the previous
discussion, we observed that CDA could be the best choice for a matchmaking mechanism under different network conditions. In CDA, consumers and
producers submit their prices along with the quantities of the requested or offered resources to the auctioneer. The auctioneer finds the requests and offers
that are matched in terms of price, quantity, and TTL. A trade between each
matched pair is made at the average of the corresponding consumer and producer prices (bid and ask prices). In this section, we study the pricing behavior
under different network conditions with varying supply and demand. Three
network conditions namely balanced, task intensive, and resource intensive
are considered for performance evaluation. We study the parameter regime of
the pricing functions and show the impact of different pricing parameters on
the price values, the throughput, and the response time in different network
conditions. At the end, we apply budget constraint to our pricing mechanism
and study its influence.
In the experiments presented in this chapter, we have considered 50 nodes.
Therefore there are 50 consumer agents and 50 producer agents in the network. Consumer and producer agents start in the ad-hoc Grid with an initial
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Figure 6.2: Transaction price evolution in a Task Intensive Network (TIN), a Resource Intensive Network (RIN), and a Balanced Network (BN) with the values of
α = 0.8 and β = 0.8 (Logarithmic Y-scale).

random price between 10 and 30. In these experiments, we assume that agents
consider a history with the length equal to 10 that means the agents compute
the prices considering a history of 10 previous submitted requests or offers.

6.3.1

Pricing Behavior in Different Network Conditions

The pricing behavior is studied by presenting the transaction price evolution
in different network conditions. For this set of experiments, the following
parameter values have been considered : uthR = uthT = 0.9 and α = β = 0.8.
In this section, we aim to show the pricing behavior, and the parameters values
are not of our concern. Later in this chapter, we will examine the pricing
parameters with different values. Figure 6.2 shows the transaction price in
three network conditions. By examining the three trends in each network
condition, the following observations have been made:
• Balanced Network: This condition is similar to a balanced market
where supply and demand are equal. In this type of market, we do
not expect to see any noticeable upward or downward trend of prices.
As observed in Figure 6.2, the price indeed fluctuates around a level of
25, which is the average price chosen as the starting price for the agents.
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It should be noticed that an agent’s initial price is between 10 and 30.
• Task Intensive Network: This type of network is similar to what is
called a sellers market which has more buyers than sellers. High prices
in this market, are the result of exceedance of demand over supply. Buyers compete with each other in order to obtain scarce resources by increasing their bid prices. When resources are scarce, sellers are also
willing to increase their ask prices to earn more. This creates an upward trend of the transaction price. It should be noticed that there is no
upper limitation for the buyer price in this set of experiments.
• Resource Intensive Network: The third scenario involves a buyers market. In a buyers market, there are more sellers than buyers and low
prices result from the exceedance of supply over demand. Similar to
the sellers market, sellers compete in order to find tasks for their resources by decreasing their ask prices. Under this condition, there is
hardly any competition between buyers, and buyers also decrease their
bid prices to spend less money. A downward trend of the transaction
price is apparent as a result.

6.3.2

Parameter Regime Analysis

The values of the pricing parameters α, β, uthT , and uthR can be chosen by
consumer and producer agents. It is important to understand the impact of
such choices on the overall system behavior. The parameters α and β are
used to define the rate of changing ask and bid prices. The parameters uthT
and uthR define critical values for task or resource utilization which determine
the activity of consumer/producer agents by their satisfaction level. We study
the parameter regime of the pricing mechanism in three network conditions.
α and β parameters
In this section, we study transaction prices when different values of α and β
are applied. We also measure throughput of the network in terms of task and
resource utilizations; and we compute the average time of finding matches for
consumer/producer agents with varying values of α and β. To study α and β
parameters, we consider fixed values for parameters uthT and uthR to avoid the
impacts of changing their values on these experiments. Parameters uthT and
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Figure 6.3: Transaction price trends with different values for α and β in a resource
intensive network.

uthR can have a value between 0 and 1. we set the values uthT = uthR = 0.9
for all agents which give them a high satisfaction threshold.
• Transaction price: In the previous section, we studied the transaction
price trends in three network conditions. In this section, we show the
impact of the parameters α and β on the transaction price. Producers
increase or decrease the ask prices at a rate of α, and consumers increase or decrease the bid prices at a rate of β. According to Equations
6.3 and 6.4, the higher the value for α and β, the higher ∆p is. And
consequently, a higher ∆p leads to higher price changes. Considering
for instance a resource intensive condition, we expect a downward trend
of prices. Figure 6.3 shows the transaction price trend in a resource intensive network with different values for α and β. Once, we consider
α = 0.01 and β = 0.01 and another time we consider α = 0.8 and
β = 0.8. In a resource intensive condition, higher values of α and β
speed up the rate of decreasing ask and bid prices and in consequence
it speeds up the rate of decreasing the transaction prices. As seen from
Figure 6.3, the rate of decreasing transaction prices is higher when the
values of α and β are higher.
To study different cases, the average transaction price is measured in
three network conditions with various values for α and β. As it can be
seen in Figure 6.4, the lowest prices in the resource intensive condition
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Figure 6.4: Average transaction price with various values for α and β in different
network conditions (Logarithmic Y-scale).

and the highest prices in the task intensive condition are observed. In
a balanced condition, high or low prices are not expected. The average
transaction price in the task intensive condition is higher when β is
higher. On the other hand, the average transaction price in the resource
intensive condition is lower when α is higher. These observations are
expected, as in the task intensive condition, resources are scarce and
consumers increase their bid prices in a competitive way with the rate
of β. Therefore, high values for β speed up the price increase and lead
to higher transaction prices. The same reasoning holds for the resource
intensive condition when the producers decrease their prices at a rate of
α.
• Task/Resource utilization: Task/resource utilization is defined as
the ratio of allocated tasks/resources to all submitted resource requests/offers in the network. Figures 6.5 and 6.6 show the task and
resource utilizations under different network conditions with different
values for α and β. Task and resource utilizations are shown in the form
of percentages. As Figures 6.5 and 6.6 show, task and resource utilizations in a balanced condition for all values of α and β are around 90%
except when α and β have very low values (α = 0.01 and β = 0.01).
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Figure 6.5: Task utilization with various values for α and β in different network
conditions.
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Figure 6.6: Resource utilization with various values for α and β in different network
conditions.
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In the case of α = 0.01 and β = 0.01, task and resource utilizations are around 75% in the balanced condition. With low values for
α and β, producer and consumer update their prices at a slower rate
that leads to a lower utilization of tasks and resources. In a resource
intensive condition, a global observation is apparent from Figures 6.5
and 6.6 as the task completion is close to 100% in most cases while
only around 25% of the available resources are used. This is expected
since we are now looking at an ad-hoc Grid condition where there are
abundant resources. In such a condition, the highest task/resource utilization is obtained when α = 0.8 and, β = 0.01 or β = 0.8. Since in
a resource intensive condition there is a high competition between producers, decreasing ask prices at a higher rate gives the producers more
chance in selling their resources. A global view on the task/resource
utilization in a task intensive condition determines a utilization close
to 100% for resources and 25% for allocated tasks. These results are
a consequence of the higher number of tasks compared to resources.
The highest task/resource utilization in this condition is obtained when
β = 0.8 and, α = 0.01 or α = 0.8. A higher rate in increasing bid price
helps competitive consumers to find more matches which leads to more
task/resource utilization.
• Average time of finding matches: We measure the average time that it
takes for consumers and producers to find their required matches after
submitting their requests or offers. In CDA, auctioneer sorts requests
in a decreasing and offers in an increasing price order, and finds the
matches by comparing requests with available offers regarding resource
quantity, time, and price. The search in offer list is stopped when reaching a ask price that is higher than the bid price.
Figures 6.7 and 6.8 show the average time of finding matches with different values for α and β under different network conditions. In a resource intensive condition where the resources are abundant, we expect that consumers find matches for their requests in a short time. As
shown in Figure 6.7, we can observe that the average time of finding
matches for consumers is much higher when α = 0.01 compared to
when α = 0.8 in a resource intensive condition. This can be explained
as follows. When α is low in a resource intensive condition, the producers reduce their prices in a low rate and in consequence it takes more
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Figure 6.7: Average time of finding matches for consumers with various values of α
and β in different network conditions (Logarithmic Y-scale).
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Figure 6.8: Average time of finding matches for producers with various values of α
and β in different network conditions (Logarithmic Y-scale).
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time for consumers to find a resource that has an ask price lower than
or equal to their bid price. The same reasoning is applied for producers
in a task intensive condition when β has a low value (Figure 6.8). In
that case, consumers increase their bid prices in a low rate and it causes
producers to spend more time on finding a consumer that bids a price
higher than or equal to their ask price. The lowest consumer matching
time in a resource intensive condition is obtained when α = 0.8; and the
lowest producer matching time in a task intensive condition is obtained
when β = 0.8.
In a balanced condition, we do not see much difference in the average
matching time of consumers and producers. However, the matching
time is slightly higher for both consumers and producers when α =
0.01 and β = 0.01. This is again because of a slower rate of updating
producer and consumer prices that results in a longer time for finding
proper matches.
uthT and uthR parameters
uthT ,uthR determine task and resource utilizations thresholds respectively for
consumer and producer agents. These parameters determine the activeness
of the agents in an ad-hoc Grid. If uthT or uthR is low, it implies that the
consumer/producer agent is contributing with a low usage of its resources
or is demanding a low completion rate of its tasks. If it is high, the consumer/producer agent is contributing to the Grid by offering more resources
or is demanding more resources from the Grid. We consider the agents with a
low value of task/resource utilization threshold as lazy agents and the agents
with a high value of task/resource utilization threshold as active agents.
In this set of experiments, we study the impact of varying uthT and uthR on
the task/resource utilization and the average time of finding matches. From
previous discussion on parameters α and β, we observed that a higher value of
task/resource utilization and also a lower average time of finding matches are
obtained when these parameters have higher values. Therefore, we consider
a high value of 0.8 for both α and β (α = β = 0.8) when studying uthT and
uthR parameters. We also assume that the task utilization threshold uthT is
equal to the resource utilization threshold uthR for all consumer and producer
agents (uth =uthT = uthR ). The experiments are performed in a balanced
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Figure 6.9: Task/resource utilization (with different values of uth in a balanced network (uth =uthT =uthR ).
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Figure 6.10: Average time of finding matches with different values of uth in a balanced network (uth =uthT =uthR ).

condition.
• Task/resource utilization: We measure the task and resource utilizations considering different values for uth . The results are shown in Figure 6.9. It can be deduced from the figure that the task and resource
utilizations are linearly proportional to the threshold value uth . As it
can be seen in Figure 6.9, the tasks and resource utilizations increase

6.3. P ERFORMANCE E VALUATION

85

Task utilization

Resource Utilization

Node A

Node B

100%
80%
60%
40%
20%
0%

Figure 6.11: Task/resources utilization for lazy/active agents. Node type A: uthR =
0.9 and uthT = 0.25; Node type B: uthR = 0.25 and uthT = 0.9.

when uth is increased since in this case the agents become more active.
• Average time of finding matches: In the same experiments, the average time taken to find a match is measured for both consumer and
producer agents. With increasing uth , agents become more active in
ad-hoc Grid and in consequence the time to find a match decreases. As
seen in Figure 6.10, consumer and producer agents with higher values
of uth spend less time to find matches compared to the agents that have
lower values of uth .
Lazy/active agents
To show in a Grid how consumer and producer agents can become lazy or
active by modifying uthT and uthR parameters, we undertake one other experiment. Assume that in a Grid some nodes have heavy workloads and need
extra resources. These kinds of nodes prefer to complete their tasks rather
than offering their resources, so these nodes can be regarded as lazy producers but active consumers. Other nodes are more willing to contribute their
resources as they have idle resources or low workloads. That means that these
nodes are active producers but lazy consumers. In this experiment, we consider 40 nodes in the network. The values of uthR = 0.9 and uthT = 0.25
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are set for 20 nodes which are assumed to be active producers and lazy consumers. Other half of the nodes have values that are set to uthR = 0.25 and
uthT = 0.9 to create active consumers and lazy producers. We consider a
balanced condition where each node generates more or less the same number
of tasks and resources during the experiment. We study the task and resource
utilizations of the individual nodes from these two categories. Figure 6.11
shows the average of resource and task utilizations of two typical nodes from
each category. Node A is an instance of the first category with low workloads
which has more idle resources, and Node B is an instance of the nodes with
high workloads. As seen in Figure 6.11, nodes of type A contribute more as
producers than as consumers and Grid utilizes more resources (93%) from
this group compared to the tasks (56%). On the other hand, more tasks are
utilized from the nodes of type B compared to the resources, which is 96% for
the tasks and 59% for the resources. These nodes contribute to Grid more as
consumers than as producers. Therefore, consumer and producer agents can
decide on their task usage and resource contribution to Grid individually by
setting the parameters uthT and uthR .

6.4

Budget Constraint

In absence of a budget constraint for bidding agents, the bid prices and in consequence the transaction prices may grow infinitely. We observed very high
prices in a task intensive condition when studying pricing behavior in Section
6.3.1. If we want to apply real money in a resource allocation mechanism
then we have to avoid such excessively high prices, since these prices do not
exist in real markets. We limit bid prices by applying a budget constraint in
the pricing mechanism. To compute the bid prices with a budget constraint,
we change Equation 6.4 as below:
pb (t) ← min{maxb , β(uthT − tu(t))pb (t − 1)}

(6.8)

where maxb is the maximum bid price that a consumer can afford with its
limited budget. This means that consumers are subject to a budget limitation
and can not bid a price beyond their budget. A minimum price can also be
considered for ask prices below which producers do not sell their resources.
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Hence, Equation 6.3 is changed to:
pa (t) ← max{mina , α(u(t) − uthR )pa (t − 1)}

(6.9)

In this section, we study the impact of budget constraint on the boundness
of transaction prices and we also study its impact on the overall throughput
of an ad-hoc Grid. Throughput is computed based on the task and resource
utilizations.
Furthermore, we are going to investigate the case where consumer agents
restrict their budget for each transaction. This means that a consumer may
consider the whole amount of their budget or a part of it for buying a resource.
As maximum bid prices are limited by the budget (Equation 6.8), therefore we
expect higher upper limits for bid prices when spending higher budget. We
study the influence on transaction prices and throughput when a consumer
considers different amount of its budget for one transaction.

6.4.1

Budget influence

We study the budget influence using the following criteria:
• Boundness of transaction price: The price at which a transaction is concluded is computed as the average of consumer and producer prices.
The boundness of transaction price defines the upper limit for a transaction price.
• Throughput: Throughput is calculated based on the overall task and
resource utilizations. Task utilization is the ratio of allocated tasks to
all submitted requests and resource utilization is the ratio of allocated
resources to all submitted offers.
Figures 6.12 and 6.2 show the boundness of transaction price in different network conditions respectively with and without budget constraint. As we already observed in Figure 6.2, the transaction prices are growing infinitely in a
task intensive condition when there is no budget constraint. Applying budget
constraint prevents infinite prices and puts an upper limit for consumer prices.
We can observe in Figure 6.12 that prices are limited in the case of task intensive condition. In the balanced and resource intensive conditions, the prices
are not growing to high values.
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Figure 6.12: Transaction price evolution in a Task Intensive network (TIN), a Resource Intensive network (RIN), and a Balanced Network (BN) with budget constraint.

We also study the throughput of the network in three network conditions with
and without budget constraint. The throughput of the network in different
network conditions when a budget constraint is applied is presented in Table
6.1. Our experiments without a budget constraint show the same throughput
in the three network conditions. To avoid repetition of the results, we do not
present these results.
Furthermore, we study the impact of restriction budget for each transaction.
When a budget constraint is applied, consumers are restricted to a price to
spend below or equal to their budget in each transaction. A consumer may
consider the whole amount of its budget or a part of it for a transaction. We
want to know what is the affect of considering different percentages of the
budget. We study two cases: one is when consumers consider their entire
budget and another is when consumers consider 50% of their budget for buying a resource in each transaction. It should be noticed that the maximum
budget is spent only when a bid price reaches its maximum value. For each
of the two cases, throughput and average transaction price are measured in
the balanced and task intensive conditions. We do not take resource intensive
condition into account since in this condition, bid prices are low and they are
far below their maximum values. The results of the two cases are shown in
Table 6.1. As we can see from the results, the average transaction price in
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BN, 100% budget
BN, 50% budget
TIN, 100% budget
TIN, 50% budget
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Task Utili.

Resource Util.

Ave. trans. Price

93%
92%
24%
24%

93%
92%
95%
95%

12
11
99
52

Table 6.1: Budget influence on task/resource utilization and average transaction
price in a balanced network (BN) and a task intensive network (TIN).

a balanced condition is more or less the same in the two cases. This is because the prices are more stable and hardly reach their maximum values in
a balanced condition. In a task intensive condition, the average transaction
price decreases to almost half when 50% of the budget is considered. In this
condition, prices grow and they may reach their maximum values. Therefore,
considering a lower budget in this condition lowers the maximum prices.
Regarding throughput of the network, it can be seen from the results that the
task and resource utilizations do not depend on the amount of budget that a
consumer considers in each transaction. It could be expected that in case of
considering total budget, a consumer may spend its entire budget in one transaction and in consequence lower task/resource utilization may occur. This is
explained as follows. In a balanced condition that the prices are not growing
and hardly reach their maximum values, the probability of spending the total
budget in one transaction is low. This reasoning also applies to the resource
intensive condition. As in this condition, the prices are even lower than in
the balanced condition. In a task intensive condition which is a competitive
condition for consumer agents, the prices may reach their maximum values.
In such a condition, there is a tradeoff between bidding higher prices (spending more budget) and higher chance of getting resources. The agents that
bid higher prices have more chance of winning. Remembering the fact that
a node can switch its role between consumer agent and producer agent, then
even if bidding higher prices reduces the consumer budget but also increases
the producer income which can be a consumer budget at some other time.
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Conclusions

In this chapter, we introduced a dynamic pricing mechanism, so called λ,
which enables the nodes to make sensible bids. The λ pricing mechanism
defines a price purely on the basis of local information but taking into account how successful one has been in the previous requests. By empirical
evaluation, we showed that this mechanism helps in regulating the supply
and demand in the ad-hoc Grid. For instance, if the demand for resources
is high, prices start to increase as to discourage consumers from demanding
the resources and to maintain equilibrium of supply and demand of resources.
One important conclusion we can draw from the experiments discussed in this
chapter is that the price indeed reflects the scarcity of a resource in the Grid.
There will be a clear trend in the price evolution given different network conditions, which is the result of individual and local decision making and not of
any global entity processing all available information.
We studied the parameter regime of the pricing functions under different network conditions. There are four parameters that can be manipulated by the
consumer and producer agents: α, β, uthT and uthR . The α and β are parameters through which the rate of increasing/decreasing ask and bid prices are
defined. The uthT and uthR determine the activeness of the agents in the adhoc Grid. Our experiments showed that a resource intensive network is more
influenced by α parameter while a task intensive network is more influenced
by β. In a balanced network, both α and β parameters have the same affect.
Moreover, producers and consumers can change the degree of their activity
in the ad-hoc Grid using uthR and uthT parameters. In fact, producers and
consumers can decide on their level of contribution to the ad-hoc Grid considering their capabilities and their workloads. They become less/more active
by decreasing/increasing these values.
We also observed that prices may grow infinitely when there is no upper limit
for bid prices. To avoid unlimited prices and to be consistent with real markets, we applied a budget constraint for consumer agents. Higher/lower the
considered budget for each transaction, higher/lower is the maximum price
that a consumer is able to pay in one transaction.

Chapter

7

Bidding Strategies
In an ad-hoc Grid where tasks and resources are not dedicated and their availability changes frequently, it is not feasible to have a central monitoring entity that assembles all available information. The question is then how can
an agent recognize the current network condition for taking a proper action.
In this chapter, we will show that an agent can sense the condition through
the way its utilization of the ad-hoc Grid is evolving. For instance, when the
utilization is decreasing, an agent has to adapt its bidding strategy to become
more aggressive. On the other hand, when the utilization is increasing, the
agent continues its way of bidding conservatively.
In Chapter 6, we introduced λ pricing mechanism in which agents learn from
their previous utilizations of an ad-hoc Grid and accordingly define their
prices. This chapter is complementary to Chapter 6 and introduces a new
version of the λ pricing mechanism. In this mechanism, two aggressive and
conservative bidding strategies are applied by adjusting pricing parameters
automatically as the network condition changes.

7.1

Aggressive Bidding Strategy

Aggressive bidding is defined as a strategy where agents increase or decrease
their prices in a high rate. Aggressive bidding strategy is adopted by consumer
agents when there is a high competition between these agents due to the high
91
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demand for resources in a network. On the other hand, producers adopt an
aggressive bidding strategy when there is a high competition between producers due to a high supply in a network. By adopting aggressive bidding,
consumers and producers respectively speed up increasing or decreasing their
prices to outbid their competitors.

7.2

Conservative Bidding Strategy

A bidding is called conservative when agents change their prices in a low rate.
Consumers use a conservative bidding strategy when the supply of resources
in the network is high. In this case, consumers decrease their bid prices to reduce their spending. They decrease the bid prices in a low rate conservatively
not to lose the competition. In the same way, when demand for resources
is high, producers increase their ask prices to increase their credits. They
increase their ask prices conservatively in a low rate not to be surpassed by
other producers. The aggressive and conservative bidding strategies are taken
when there is no balance between supply and demand in the network. In such
a condition, when one of the consumers or producers parties employs an aggressive or a conservative strategy, the other party reacts in the other way by
taking respectively a conservative or an aggressive strategy.
In the following section, we present an extension of the pricing algorithm
introduced in Chapter 6, Section 6.1 in which aggressive and conservative
bidding strategies are introduced.

7.3

Extension of the λ Pricing Algorithm

The agents in an ad-hoc Grid choose a bidding strategy through the way that
their utilization of Grid changes. For instance, when the task utilization is decreasing, a consumer agent discovers that the resources are becoming scarce.
Therefore, it has to adapt its bidding strategy to become more aggressive in
order to increase its bid price faster. Similarly, when the resource utilization is decreasing, it shows a low demand for resources. Then, a producer
agent bidding strategy should switch to an aggressive strategy to decrease its
ask price rapidly. The faster decreasing the task or resource utilization, the
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more aggressive a strategy is required. On the other hand, increment in the
task or resource utilization shows respectively supply or demand is high. In
this case, consumers should decrease their bid prices and producers should
increase their ask prices which is called a conservative strategy. The faster
the task or resource utilization increases, the less conservative the bidding
strategy needs to be. This method of adaptation is applied in the following
proposed pricing mechanism which is an extension of the pricing mechanism
presented in Chapter 6. In this version, the rate of increasing or decreasing
prices is adjusted automatically and there is no need for setting these parameters manually.
We consider a budget constraint and assume that nodes are assigned a limited
budget when joining the network. Consumers spend their budget when buying
resources and producers earn credits when devoting their idle computational
resources.
Let us denote by pb (t) the bid price of a consumer agent and by pa (t) the ask
price of a producer agent at time t. We assume that:
1. Each consumer agent has a maximum bid price, denoted by maxb , for
a resource unit. This maximum price is limited by the node’s budget.
2. Each producer agent has a minimum ask price, denoted by mina , below
which the producer is not willing to sell a unit of resource.
More formally, we have:
∀t,

pa (t) ≥ mina and
pb (t) ≤ maxb

(7.1)

In our pricing algorithm, agents update their ask (respectively bid) prices using the utilizations they gained from Grid in their previous experiences.
Informally, the idea is as follows. If an agent has been unsuccessful in buying
resources, it updates its bid price in a way that tends to increase its chance to
buy resources in the future. On the other hand, if an agent has been successful,
it conservatively continues to bid in a similar way that ensures its chance of
buying resources in the future.
A seller agent behaves in a similar manner. If it has not been successful in
selling resources, it updates its ask price in a way that increases its chance
of selling its resources in the future. Otherwise, it behaves in a conservative
manner.
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Formally, the ask price of a producer agent at time t is computed according to
Equation 7.2, while the bid price for a consumer agent is given by Equation
7.3.
pa (t) ← max{mina , pa (t − 1) + α.pa (t − 1)}
(7.2)
pb (t) ← min{maxb , pb (t − 1) + β.pb (t − 1)}

(7.3)

where α and β are coefficients that determine the rate at which the price is increasing or decreasing. We name these parameters reinforcement parameters,
because they reinforce the learning and apply two aggressive and conservative
bidding strategies. These parameters are set according to variations in the task
or resource utilization at each individual agent over a specific time period.
For a given agent, we define the task utilization as the ratio of allocated tasks
to all submitted requests and the resource utilization as the ratio of allocated
resources to all submitted offers. ru(t) and tu(t) represent respectively the
resource and task utilizations at the time t. We already defined these values in
Chapter 6, Section 6.1.
We now define variations in resource and task utilizations. To this end, let
T1 = [s1 , e1 ] and T2 = [s2 , e2 ] be two consecutive time periods such that
e1 = s2 where e2 is the current time.
We capture variations in resource (respectively task) utilization from period
T1 to T2 by the following equations.
∆ru(e1 →e2 ) = ru(e2 ) − ru(e1 )

(7.4)

∆tu(e1 →e2 ) = tu(e2 ) − tu(e1 )

(7.5)

If we consider the length of the history in our pricing mechanism N , then T1
and T2 are the time periods in each N/2 requests or offers are submitted. We
now define the reinforcement parameters α and β as follows:
(
α =

−(K − (ru(e2 ))2 )2
L ∗ (ru(e2 ))2

(
β =

(K − (tu(e2 ))2 )2
−L ∗ (tu(e2 ))2

if ∆ru(e1 →e2 ) ≤ 0
if ∆ru(e1 →e2 ) > 0
if ∆tu(e1 →e2 ) ≤ 0
if ∆tu(e1 →e2 ) > 0

(7.6)

(7.7)
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K and L have positive values that define respectively the maximum rate of
aggressive and conservative bidding strategies. According to Equation 7.6,
when resource utilization decreases (∆ru ≤ 0), α becomes negative. A negative α results in decreasing the ask price according to Equation 7.2. The
smaller the value of current resource utilization (ru), the more negative α
and the faster decreasing the ask price is. On the other hand, when resource
utilization increases (∆ru > 0), α becomes positive that causes increasing
the ask price. The higher the value of current resource utilization (ru), the
higher α and the faster increasing the ask price is. The same behavior is
seen for bid price in Equations 7.7 except that the increasing the task utilization (∆tu > 0,) decreases the bid price and decreasing the task utilization
(∆tu > 0), increases the bid price.
An aggressive bidding is adopted by consumers or producers when they respectively increase or decrease their bid or ask prices. On the other hand,
a conservative bidding is applied when consumer or producer agents respectively decrease or increase their bid or ask prices. In an aggressive bidding, the
maximum rate of increasing price by consumers or decreasing price by producers is K. While in a conservative bidding, the maximum rate of increasing
price by producers or decreasing price by consumers is L. The values of K
and L can be modified individually by nodes based on user preferences such
as budget consumption, urgent tasks. For instance, if a node has a very limited
budget, it has to choose a lower level for aggressive bidding and avoid very
high bid prices. On the other hand, in case of very urgent tasks, nodes can
always increase the level of their aggressive or conservative bidding.
Figure 7.1 presents the aggressive and conservative bidding strategies by
depicting reinforcement parameters α and β as the task/resource utilization
changes. We consider the values K = 1 and L = 0.2. The aggressive and
conservative bidding strategies are explained according to Figure 7.1 as follows:
• Aggressive Bidding: When the resource or task utilization is decreasing, producer or consumer agents employ an aggressive bidding strategy. In an aggressive bidding, the rate of increasing price by consumers
(β) and the rate of decreasing price by producers (α) depends on the
value of recent task/resource utilization. An aggressive bidding is depicted in Figure 7.1 at the time period [t1 ,t2 ]. As it can be seen in
the figure, lower rates of chaining the price are observed when the
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Figure 7.1: Reinforcement parameters (α and β) and task/resource utilization.

task/resource utilization is higher, and higher rates of chaining the price
are observed when the task/resource utilization is lower. Here, the maximum rate of increasing or decreasing the price is 1 (K = 1) when
the task or resource utilization has its minimum value (ru(T ) = 0 or
tu(T ) = 0 ).
• Conservative Bidding: Producer or consumer agents bid with conservative strategy when the resource or task utilization is increasing. In a
conservative bidding, the rate of increasing price by producers (α) and
the rate of decreasing price by consumers (β) are proportional to the
value of recent task/resource utilization. An aggressive bidding is depicted in Figure 7.1 at the time period [0,t1 ]. We can observe from
the figure, lower rates of chaining the price when the task/resource
utilization is lower, and higher rates of chaining the price when the
task/resource utilization is higher. The maximum rate of increasing or
decreasing price is 0.2 (L = 0.2) when the task or resource utilization
has its maximum value (ru(T ) = 1 or tu(T ) = 1 ).
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Figure 7.2: The generation rate of tasks and resources.

7.4

Performance Evaluation

In this section, we study the aggressive and conservative bidding strategies
experimentally. We show how agents take a proper strategy according to the
current availability of resources and tasks in the network. In these experiments, we have considered a history of length 10 in the pricing mechanism.
This means that the agents compute the prices considering a history of 10
latest submitted requests or offers.

7.4.1

Experimental Condition

A dynamic network condition is considered for running the experiments. In
this condition, supply and demand vary during four time periods as the number of tasks/resources in the network changes. Resources and tasks are generated with the ratios 20%, 50%, and 80% in different time periods. Figure
7.2 depicts the network status evolving over time. In time period [0,t1 ], a
balanced condition with more or less an equal number of tasks and resources
is considered. From the time t1 to t2, the number of tasks increases. Time
period [t1 ,t2 ] is a task intensive condition which can represent the busy hours
during the working days. From the time t2 onward, tasks start to decrease and
again we have a balanced condition. Resources start to increase from the time
t3 onward and a resource intensive condition is generated which could simulate the situations with low workloads and high idle resources during night

98

C HAPTER 7. B IDDING S TRATEGIES
1.5
Aggressive β

1

α,β

0.5
Conservative β
0
t1

-0.5

t2

t3

Conservative α

-1

Aggressive α

-1.5
Time

Figure 7.3: Reinforcement parameters evolving as the network condition changes.

or weekend. In the experiments shown here, each time period is set to 10
minutes.

7.4.2

Reinforcement Parameters & Transaction Prices

We analyzed the parameters α and β theoretically in Section 7.3. In this section, we study these two parameters practically when running experiments
in the dynamic condition described above. We also present the transaction
price evolution in the dynamic network condition. Figures 7.3 and 7.4 depict respectively the reinforcement parameters and transaction prices evolving during the time in the dynamic condition of the network. As it can be
observed from Figure 7.3, in the time periods [0, t1 ] and [t2,t3], where there
is a balanced condition between tasks and resources, the consumer and producer agents do not take any aggressive bidding. Instead, they increase or
decrease their prices more conservatively in this condition. In the time period [t1, t2], where there is a task intensive condition, the consumer agents
take an aggressive bidding strategy and on the other side producers employ
a conservative bidding strategy. As in such a network condition, consumers
are abundant and they have to increase their prices aggressively to win the
competition (aggressive β). In a task intensive network, producers increase
their prices conservatively to increase their credits (conservative α). As seen
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Figure 7.4: Transaction price evolution in the dynamic network condition.

in Figure 7.4, an upward trend of the transaction prices in this condition is observed. When a resource intensive condition is created from the time period
t3 onward, resources become abundant. In this condition, as seen in Figure
7.3, producers take an aggressive strategy to decrease their prices (aggressive
α) and consumers take a conservative strategy to decrease their prices (conservative β). Therefore, transaction price start to decrease in such a condition
(see Figure 7.4).
As discussed in Section 7.3, the maximum rate for aggressive and conservative biddings can be set by each agent individually. This is feasible by modifying the constant coefficients K and L provided in Equations 7.6 and 7.7.
These values can be modified according to consumer/producer preferences.
It can be concluded that the λ mechanism besides providing adaptation to
the network condition, also provides autonomy for consumer and producer
agents to decide their level of the activity in the ad-hoc Grid. In Chapter 6,
we showed that consumer and producer agents could determine their level
of the activity using utilization thresholds. In the new version of λ pricing
mechanism, the activeness of the agents can be decided by being more/less
aggressive or conservative.
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Conclusions

Based on the results that we obtained by studying the parameter regime of the
pricing mechanism in chapter 4, we proposed an extension of λ pricing mechanism in this chapter. In λ pricing mechanism, consumer and producer agents
can adapt to the new condition of the network by learning from their previous
trades. They accordingly adopt a proper bidding strategy and modify their
ask and bid prices. The two aggressive and conservative bidding strategies
are applied by reinforcement parameters α and β at the agent level. These
parameters are set dynamically as the resource and task utilizations evolve at
the corresponding agents. For consumers, aggressive bidding strategy speeds
up adaptation to the low-supply/high-demand condition by forcing consumers
to bid higher prices. In the same way, an aggressive bidding strategy indicates
that producers should expect less when the demand is decreasing and the supply is increasing. Therefore, producers are forced to offer lower prices. In
a conservative bidding strategy, the decreasing consumer price or increasing
producer price is achieved conservatively to keep the chance of winning the
competition. A conservative bidding strategy encourages consumers to save
their money by paying less when there is enough supply. Producers in a conservative bidding strategy are encouraged to ask more when there is abundant
demand in the network.

Chapter

8

Pricing Mechanisms
In the literature, we can find several pricing mechanisms for consumer and
producer agents in a Grid [34, 55, 90]. In this chapter, we evaluate the performance of four pricing mechanisms in an ad-hoc Grid. The evaluations
are based on the criteria which are important to Grid users and owners. We
selected three pricing mechanisms from the current state-of-art namely Zero
Intelligence (ZI) [44], Zero Intelligence Plus (ZIP) [35], and Gjerstad and
Dickhaut (GD) [43]. We also implemented our pricing mechanism, λ, and
compared its performance against the others. The selected pricing mechanisms are dynamic and are well suited to be used in auctions. The three ZIP,
GD, and λ are all learning pricing mechanisms in the sense that the price
is decided based on the agent’s previous experiences. ZI is a non-learning
mechanism as its name implies. In the ZI, ZIP, and λ mechanisms, consumer
and producer agents decide prices just based on their local knowledge. In the
GD mechanism, the consumer and producer agents need to know about the
bid and ask prices of the recent transactions in the network for setting their
prices. Despite our aim to avoid broadcasting information in the network, we
nevertheless decided to include the GD pricing in our comparison as it is a
well known mechanism used in auctions. In the following sections, we first
study the pricing mechanisms in more detail and then present the performance
evaluation of the mechanisms in an ad-hoc Grid.
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Zero Intelligence (ZI)

ZI mechanism [44] uses a simple strategy in which agents generate random
order prices, without taking into account the state of the network. There are
two types of Zero Intelligence pricing strategies, ZI-U (Zero IntelligenceUnconstraint) and ZI-C (Zero Intelligence-Constraint). In ZI-U, the traders
announce a price for a unit of commodity using a uniform distribution of
probabilities across a specific range for a minimum and a maximum price. In
a ZI-C, traders are subject to a budget constraint. ZI-C sellers can only make
offers in the range between their limit price and a maximum price, and ZI-C
buyers can only make bids in the range from a minimum up to their limit price
which is restricted by their budget [34]. ZI-C market prevents the traders from
engaging in transactions that they cannot settle. Traders have no intelligence
in ZI-U and ZI-C markets.

8.2

Zero Intelligence Plus (ZIP)

In ZIP mechanism [35], each agent maintains a scalar variable denoting its
desired profit margin, and it combines this with a unit’s limit price to compute
a bid or ask price. At the start of trading, the price is initialized to a random
positive value (a private value), and it is adjusted after every successful or
failed trade. For a successful trade, price is adjusted towards the transaction
price. For a failed bid price, buyers adjust price in the direction of beating the
failed bid. Sellers behave similarly for failed ask prices. Bid function for a
ZIP agent a at the time t is as follows [21]:
pa (t) = xa ∗ (1 − µa (t))

(8.1)

Where µa represents the fraction above or below its value at which an agent
bids and xa is a private value. In this mechanism, the problem of learning an
optimal strategy is reduced to learning optimal margins. The margin µa (t) is
adjusted to µa (t + 1) using the rule:
µa (t + 1) = µa (t) + ∆a (t)

(8.2)

∆a (t) = η(da (t) − µa (t))

(8.3)

and,
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da (t) is a desired margin which is defined as:
da (t) = 1 − oa (t)/xa (t)

(8.4)

where oa is an optimal bid. In selecting an optimal bid, the ZIP agent considers any bid which could have increased their reward. Hence, adaptive agents
are restricted to updating their values in two situations:
1. When an agent wins: This situation is characterized as the agent being
greedy. Hence, a buyer agent increases its margin by estimating an
optimal bid to be lower than the current bid. On the other side, a seller
agent reduces its margin by estimating an optimal bid to be greater than
the current bid.
2. When an agent looses: In this situation the agent is fearful and becomes
more cautious. A buyer agent reduces its margin by estimating an optimal bid to be greater than the current bid. In this situation, a seller agent
increases its margin by estimating the optimal bid to be lower than the
current bid.
In order to smooth the update variable µa , ZIP agents employ a momentum
coefficient Γa . ∆a is replaced by Γa in the Equation 8.2. Γa is determined by
the formula:
Γa (t + 1) = γa Γa (t) + (1 − γa )∆a (t)
(8.5)
where γA ∈ [0, 1]. Larger values of γ results in greater smoothing. The update
on the margin then becomes:
µa (t + 1) = µa (t) + Γa (t)

(8.6)

ZIP agents select their optimal bid by randomly sampling a range of values
given by:
oa (t) = ba (t).Ra + Aa
(8.7)
where R and A are observations of independent random variables with a uniform distribution. Based on the two situations mentioned above, adaptive
agents update their prices as follows. When a buyer ZIP agent wins, we consider A ∈ [Amin , 0] and R ∈ [Rmin , 1]. When a buyer agent looses, we
consider A ∈ [0, Amax ] and R ∈ [1, Rmax ] [21]. For seller agents selecting
variables A and R is opposite, as sellers and buyers update their prices in
inverse directions. Therefore, when a seller ZIP agent wins, A ∈ [0, Amax ]

104

C HAPTER 8. P RICING M ECHANISMS

and R ∈ [1, Rmax ] and when it looses, A ∈ [Amin , 0] and R ∈ [Rmin , 1] are
considered[21].
In our experiments, learning rate η = 0.1, momentum coefficient γ = 0.7,
Rmin = 0.95, Rmax = 1.05, Amin = −0.05 and Amax = 0.05 are considered
[21].

8.3

Gjerstad and Dickhaut (GD)

The GD trader algorithm for Continuous Double Auction (CDA) is a memory
based agent architecture described in [43] and refined in [90]. GD traders
have a strategy for announcing a price based on maximizing expected profit.
The maximization of expected profit relies on the GD trader forming a belief
function. GD agents [43] use the history HM of recent market activity (the
bids and asks leading to the last M trades) to calculate a belief function f (p)
estimating the probability for a bid or ask at price p to be accepted. For a
seller, f (p) is defined as follows:
f (p) =

AAG(p) + BG(p)
AAG(p) + BG(p) + UAL(p)

(8.8)

where AAG(p) is the number of accepted asks in HM with price ≥ p, BG(p)
is the number of bids in HM with price ≥ p, and U AL(p) is the number of
unaccepted asks in HM with price ≤ p. For a buyer f (p) calculated as:
f (p) =

TBL(p) + AL(p)
TBL(p) + AL(p) + RBG(p)

(8.9)

where T BL(p) is the number of accepted bids in HM with price ≤ p, AL(p)
is the number of asks in HM with price ≤ p, and RBG(p) is the number of
unaccepted bids in HM with price ≥ p. The GD algorithm requires some
alternation for sealed bid traders in Double Auction since a different set of
information is available. Suppose an agent is able to record the price paid
by the winner (tp) and the winning bid price (bw ) in a history HM . With this
historical information, it can be asserted that if a price pw was a winning price,
then a bid price p ≥ pw would also have won. An agent belief that a price p
will be accepted is:
Tp
f (p) =
(8.10)
M
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where Tp is the number of times in which p would have been a winning bid
price and M is the length of the history. The agent then estimates the gain
from the trade at price tp if it was the winner. The gain for the seller is:
rp = tp − x

(8.11)

rp = x − tp

(8.12)

and for the buyer:
where x is the private value of the agent. The expected profit is then the product of probability of winning and estimate of the profit assuming the agent
won:
Ep = f (p) ∗ rp
(8.13)
The agent selects the bid price that maximizes the expected profit. In the
cases when the maximum expected profit is less than or equal to zero, the
agent chooses a bidding margin such as in ZIP mechanism.

8.4

Learning and Adaptive Mechanism for Bidding
Agents (λ)

λ is the latest version of the proposed pricing mechanism presented in Chapter 7, Section 7.3. In this pricing mechanism, agents update their ask (respectively bid) prices using the utilizations they gained in their previous experiences from the ad-hoc Grid. Based on this mechanism, ask price of a producer
agent at time t is computed according to Equation 8.14, while the bid price
for a consumer agent is given by Equation 8.15.
pa (t) ← max{mina , pa (t − 1) + α.pa (t − 1)}

(8.14)

pb (t) ← min{maxb , pb (t − 1) + β.pb (t − 1)}

(8.15)

where mina is the minimum ask price and maxb is the maximum bid price
limited by a budget. α and β are the coefficients that determine the rate at
which the price is increasing or decreasing. These parameters indicate the
aggressive and conservative bidding strategies. More detail explanation is
given in Chapter 7, Section 7.3.
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Performance Evaluation

We implement and study the performance of the four pricing mechanisms. λ,
ZI, and ZIP mechanisms are easier to be implemented compared to GD mechanism since in these mechanisms, agents define the new prices just based on
their local knowledge. Consumer/producer agents in λ mechanism need a history of their N previous submitted requests/offers. In our implementation, we
have considered N = 10 for λ mechanism. In ZI, agents need to keep just
their previous request or offer (N = 1). No history information is required
in ZI mechanism. Among the four mechanisms, GD is more complicated as
it requires broadcasting price information to agents for any transaction made
in the market. The pricing mechanisms are studied in two different ways:
a homogenous and a heterogenous pricing mechanisms under three different
network conditions. In the homogenous case, the entire population of agents
adopt the same pricing mechanism and in a heterogenous case, different pricing mechanisms are adopted by different agents. For this study, we consider
the same three different network conditions as used throughout this thesis.
The Continuous Double Auction (CDA) with discriminatory pricing strategy
is used as the matchmaking mechanism. The matchmaking between requests
and offers are subject to resource quantity, deadlines, price and budget constraints. In all pricing mechanisms, the agents are assigned an equal amount
of budget when joining the network. Each agent starts with an initial price
and then update its price using a pricing mechanism. The initial prices for all
agents is generated randomly in a similar range.

8.5.1

Criteria to Evaluate Pricing Mechanisms

In this section, we present the criteria considered for evaluating the pricing
mechanisms.
• Throughput: Throughput is measured in terms of task and resource utilizations. Task/resource utilization are defined as presented in Chapter
5, Section 5.2.1.
• Load/resource balancing: Load/resource balancing studies how evenly
tasks are distributed among producer agents (load balancing) and on
the other hand, how evenly resources are distributed among consumer
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agents (resource balancing). In Chapter 5, Section 5.5, we have explained how to measure load/resource balancing.
• Consumer/producer deadline satisfaction: Deadline satisfaction says
how fast consumer/producer agents find the matches within their deadline (TTL). Consumer/producer deadline satisfaction are measured as
we already showed in Chapter 5, Section 5.2.1.
• Price volatility: price volatility can be a measure of uncertainty in a
network. This criterion which shows the variation in transaction prices,
is computed based on the standard deviation. In Chapter 5, Section
5.2.1, we have given the description of how this metric is measured.
• Average transaction price: Average transaction price shows the average
value of the actual prices of resources in a network. Low prices are
desired in a market as they imply that more resources can be purchased
using a given amount of budget.

8.6

Experimental Results

In this section, we present the results of applying different pricing mechanisms in the framework. The pricing mechanisms are evaluated considering the above mentioned criteria in the cases of homogenous pricing and
heterogenous pricing under different network conditions. The results for
task/resource utilizations, load/resource balancing, and average deadline satisfactions are shown in the form of percentages. The experiments are performed in a local ad-hoc Grid with 60 nodes. Therefore, there are 60 consumer agents and 60 producer agents participating in the ad-hoc Grid.

8.6.1

Homogenous Pricing

In the homogenous pricing, all agents in the network apply the same pricing
mechanism. The performance of each pricing mechanism is studied separately in the three different network conditions.
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λ
ZI
ZIP
GD
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Average

Price

Task/Res.

Resource

Load

Average consumer

Average producer

TPrice

Volatility

Utilization

Balancing

Balancing

Deadline Satisfaction

Deadline Satisfaction

15
47
26
30

6.7
34.2
10.2
1.06

92%
80%
61%
50%

96%
93%
45%
24%

98%
95%
30%
4%

87%
75%
56%
40%

85%
72%
56%
45%

Table 8.1: Performance of different mechanisms in a homogenous pricing under a
balanced network condition.

Balanced network
Table 8.1 shows the evaluation results of the four pricing mechanisms in a
balanced condition regarding the mentioned criteria. Stable prices are expected in a market when supply and demand are equal (a balanced condition).
Price volatility measurements in Table 8.1 show that GD provides the most
stable prices among the four mechanisms while ZI presents a high volatility in prices. Unstable prices in ZI are due to random generation of bid and
ask prices in this mechanism. Our λ mechanism also has a low price volatility in this condition. We also measure the average transaction price in each
mechanism. By comparing these values in Table 8.1, we observe that our λ
mechanism gives the lowest transaction prices while ZI presents the highest
among the four mechanisms. Figure 8.1 depicts transaction prices evolution
during the simulation time in each mechanism. As it can also be observed
from the figure, ZI mechanism presents the highest price fluctuation and also
the highest price values, GD shows the most stable prices, and λ mechanism
gives the lowest price values with a low fluctuation in prices.
For each mechanism, we measure throughput of the network in terms of the
task and resource utilizations. In a balanced condition, the task utilization
in the network is equal to the resource utilization since the total number of
tasks and resources are equal in this condition. The values of task/resource
utilization presented in Table 8.1 show that λ mechanism gives the highest
throughput compared to the other mechanisms. The simple and non intelligence ZI mechanism provides higher throughput compared to the ZIP and GD
mechanisms.
The values of load/resource balancing presented in Table 8.1 show that
λ mechanism provides a fair distribution of tasks/resources among pro-

8.6. E XPERIMENTAL R ESULTS

109

80

Transaction Price

70

ZI

60
50
40

GD
30

ZIP

20
10

λ

0
1

238

475

712

949 1186 1423 1660 1897 2134 2371 2608 2845

Time

Figure 8.1: Transaction prices in the homogeneous pricing for different pricing
mechanisms in a balanced network.

ducer/consumer agents compared to the other three mechanisms. Among ZI,
ZIP, and GD mechanisms, ZI shows better performance compared to the other
two mechanisms regarding load/resource balancing. ZIP and GD present a
low level of load/resource balancing. The lowest level of load/resource balancing is observed in GD mechanism.
To explain load or resource balancing more clearly, we show resource distribution among the individual consumer agents by measuring task utilization
for each consumer agent. Figure 8.2 depicts the task utilization for each of
the 60 consumer agents. As it can be seen from the figure, the task utilization
is almost equally distributed among different agents in λ mechanism. Task
utilization of the agents varies between 82% and 99% in this mechanism.
Among the other three mechanisms, ZI shows more balance in task utilizations compared to the ZIP and GD mechanisms. Variation in task utilization
is between 62% and 91% in ZI, between 100% and 0% in ZIP, and between
87% and 0% in GD. We observe that some agents obtain a high and some others a zero task utilization in ZIP and GD mechanisms. This implies that these
mechanisms do not provide a fair access to resource for consumer agents.
Deadline satisfactions for consumers and producers is correlated with
task/resource utilization. When the deadline satisfaction is low, it means either some tasks/resources are matched very close to their deadline or they
remain unmatched due to their deadline expiry. As the results show, our λ
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Figure 8.2: Task utilizations at individual consumer agents in the homogeneous pricing for different pricing mechanisms in a balanced network.

λ
ZI
ZIP
GD

Average

Price

Task

Resource

Resource

Load

Average cons.

Average prod.

TPrice

Volatility

Utilization

Utilization

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

101
104
74
86

31.5
41.3
21.9
4.6

24%
22%
18%
8%

95%
90%
73%
31%

82%
80%
20%
-36%

94%
93%
54%
39%

19%
18%
15%
8%

94%
90%
68%
15%

Table 8.2: Performance of different mechanisms in a homogenous pricing under a
task intensive network condition.

mechanism gives the highest satisfaction for both consumers and producers
compared to the other three mechanisms.
Task/resource intensive network
Table 8.2 shows the results in a task intensive network. It can be observed
that λ and ZI mechanisms perform much better in a task intensive network
compared to ZIP and GD mechanisms regarding all criteria except for price
volatility and average transaction price. Although ZIP and GD show lower
price volatility and lower average transaction price, but they do not present a
good throughput. It can be explained that in a competitive condition like task
intensive network, the agents need to make more aggressive bids to get their

8.6. E XPERIMENTAL R ESULTS

λ
ZI
ZIP
GD

111

Average

Price

Task

Resource

Resource

Load

Average cons.

Average prod.

TPrice

Volatility

Utilization

Utilization

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

27
38
40
41

12.8
21.4
15.9
19.1

99%
94%
84%
95%

26%
23%
21%
23%

96%
93%
60%
90%

81%
82%
-67%
-58%

99%
91%
83%
93%

18%
19%
17%
17%

Table 8.3: Performance of different mechanisms in a homogenous pricing under a
resource intensive network condition.

required resources. Therefore, the stable and low prices do not necessarily
lead to a good performance in such a condition. However, ZIP mechanism
performs better than GD in a task intensive condition. At the same time,
λ mechanism slightly outperforms ZI mechanism. The results in Table 8.2
presents negative values for resource balancing in GD mechanism. Based on
the definition of load/resource balancing (see Chapter 5, Section 5.5), a negative value for a resource or load balancing implies that the standard deviation
of the resource or task utilization is greater than its mean value. This infers
that in GD mechanism, distribution of resources among consumer agents is
very uneven.
Table 8.3 shows the performance of the four pricing mechanisms in a resource
intensive network. In this condition, λ, ZI, and GD perform more or less
similar with respect to the task/resource utilization, resource balancing and
consumer/producer deadline satisfaction while GD shows a low level of load
balancing as compared to λ and ZI mechanisms. ZIP presents the lowest level
of performance compared to the other three mechanisms regarding all criteria.
Our λ mechanism shows the lowest price volatility and average transaction
price among the four mechanisms.
Based on the observations in different network conditions, we can conclude
that ZIP and GD mechanisms do not show good performance compared to ZI
and λ mechanisms in a homogeneous pricing regarding the most evaluation
criteria. Therefore, these pricing mechanisms are not good choices to be applied in an ad-hoc Grid. Among λ and ZI mechanisms, λ mechanism slightly
outperform ZI mechanism.
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λ
ZI
ZIP
GD

Task

Resource

Average consumer

Average Producer

Utilization

Utilization

Deadline Satisf.

Deadline Satisf.

80%
72%
72%
78%

98%
67%
65%
71%

73%
68%
64%
71%

95%
61%
57%
64%

Table 8.4: Performance of different mechanisms in a heterogenous pricing under a
balanced network condition.

λ
ZI
ZIP
GD

Task

Resource

Average consumer

Average Producer

Utilization

Utilization.

Deadline Satisf.

Deadline Satisf.

25%
24%
21%
23%

98%
87%
92%
88%

20%
20%
17%
18%

95%
84%
86%
82%

Table 8.5: Performance of different mechanisms in a heterogenous pricing under a
task intensive network condition.

8.6.2

Heterogeneous Pricing

In this section, we study the performance of the four pricing mechanisms
in a heterogeneous pricing. In this case, different agents in the network
apply different pricing mechanisms. To perform the experimental evaluations, we divided 60 nodes in the network to the four groups of 15 nodes
where every group applies a different pricing mechanism. The performance
of different mechanisms are compared based on task/resource utilization
and consumer/producer deadline satisfaction. We measure the average of
task/resource utilization and deadline satisfaction for each group of 15 nodes
in three network conditions. Load/resource balancing in the network is affected by all pricing mechanisms in this case, and it can not show the performance of a particular mechanism in this regard. Therefore, we do not consider
load/resource balancing criteria in case of the heterogeneous pricing.
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Task

Resource

Average consumer

Average Producer

Utilization

Utilization.

Deadline Satisf.

Deadline Satisf.

99%
99%
99%
99%

82%
7%
4%
5%

98%
99%
98%
98%

63%
6%
3%
4%

Table 8.6: Performance of different mechanisms in a heterogenous pricing under a
resource intensive network condition.

Balanced network
Table 8.4 shows the evaluation results in a balanced condition. It can be
seen from the results that the consumer/producer agents that apply λ pricing mechanism, obtain the highest task and resource utilizations. The consumer/producer agents that use λ mechanism, also achieve the highest deadline satisfactions. Higher deadline satisfaction means that the agents have
been more successful in meeting their deadline which corresponds to high
task/resource utilizations. Among the other three mechanisms, GD performs
slightly better compared to ZIP and ZI mechanisms in a balanced condition.
Task/resource intensive network
The results of experiments in the task and resource intensive networks are
presented respectively in Table 8.5 and Table 8.6. In both task and resource
intensive conditions, task utilization and consumer deadline satisfaction are
more or less the same for different groups of consumer agents that apply
different pricing mechanisms. Therefore, there is no prominent mechanism
choice for consumers in these conditions. On the other hand, producer agents
that employ λ mechanism obtain the highest resource utilization and deadline
satisfaction as compared to the other mechanisms in both task and resource
intensive conditions. λ mechanism favors producers specially in case of a
resource intensive networks more than other three mechanisms.
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RIN
Hom
λ
BN
TIN
RIN
Hom
ZI
BN
TIN
RIN
Hom
ZIP
BN
TIN
RIN
Hom
GD
BN
TIN
RIN
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Average

Price

Task

Resource

Resource

Load

Average cons.

Average prod.

TPrice

Volatility

Utilization

Utilization

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

27
75
33

19.3
29
17.5

75%
23%
99%

75%
91%
25%

77%
42%
98%

76%
87%
-38%

69%
19%
98%

69%
87%
19%

Average

Price

Task

Resource

Resource

Load

Average cons.

Average prod.

TPrice

Volatility

Utilization

Utilization

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

15
101
27

6.7
31.5
12.8

92%
24%
99%

92%
95%
26%

96%
82%
96%

98%
94%
81%

87%
19%
99%

85%
94%
18%

Average

Price

Task

Resource

Resource

Load

Average cons.

Average prod.

TPrice

Volatility

Utilization

Utilization

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

47
104
38

34.2
41.3
21.4

80%
22%
94%

80%
90%
23%

93%
80%
93%

95%
93%
82%

75%
18%
91%

72%
90%
19%

Average

Price

Task

Resource

Resource

Load

Average cons.

Average prod.

TPrice

Volatility

Utilization

Utilization

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

26
74
40

10.2
21.9
15.9

61%
18%
84%

61%
73%
21%

45%
20%
60%

30%
54%
-67%

56%
15%
83%

56%
68%
17%

Average

Price

Task

Resource

Resource

Load

Average cons.

Average prod.

TPrice

Volatility

Utilization

Utilization

Balancing

Balancing

Deadline Satisf.

Deadline Satisf.

30
86
41

1.06
4.6
19.1

50%
8%
95%

50%
31%
23%

24%
-36%
90%

4%
39%
-58%

40%
8%
93%

45%
15%
17%

Table 8.7: Performances of heterogenous pricing (Het) and homogeneous pricing
(Hom, using λ, ZI, ZIP, and GD) under the Balanced Network (BN), Task Intensive
Network (TIN), and Resource Intensive Network (RIN).

8.7

Comparing Homogeneous & Heterogenous Pricings

In this section, we want to investigate which choice is better to make between
homogeneous and heterogeneous pricing. We compare the performance of
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the heterogeneous and homogeneous pricing based on the criteria already described in Section 8.5.1. To make the comparison easier, we repeated the
results of homogeneous pricing in Section 8.6.1 for each mechanism in the
separate sub-tables and presented them in Table 8.7. In the heterogeneous
case, we consider the performance of the whole network rather than the individual mechanisms. Table 8.7 shows all the results under the three network
conditions.
By looking at the results in Table 8.7, we can observe that a homogeneous
pricing using λ mechanism outperforms all other cases in almost all aspects.
Following right after the λ mechanism, ZI in a homogeneous pricing performs
better than a heterogeneous pricing as well as the ZIP and GD mechanisms
in a homogeneous pricing. A heterogeneous pricing outperforms a homogeneous pricing only when the homogeneous pricing applies ZIP or GD mechanism.
These observations seem to indicate that the best performance under any network condition is achieved when all agents apply λ mechanism. On the other
hand, the results in Section 8.6.2 also showed that in case of heterogenous
pricing, λ mechanism is the most efficient mechanism. Therefore, it can be
concluded that λ mechanism is the best choice to be made whether the agents
apply the same pricing mechanism or different agents apply different pricing
mechanisms.

8.8

Conclusions

In this chapter, we discussed different pricing mechanisms for resource allocation in ad-hoc Grids. The performance of λ pricing mechanism was compared against that of the Zero Intelligence (ZI), Zero Intelligence Plus (ZIP),
and Gjerstad Dickhaut (GD). The evaluation criteria are throughput, deadline
satisfaction, load/resource balancing, and price volatility. We studied the performance of each pricing mechanism separately when all the agents in the
network apply similar pricing mechanism. We named this situation as a homogeneous pricing. An overall view on the result shows that λ mechanism
performs better than the other three mechanisms according to the most criteria. After λ mechanism, ZI is performing better than ZIP and GD in a homogeneous pricing. Regarding price volatility criterion, the most stable prices
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in a balanced condition is provided by GD mechanism, but this mechanism
does not show a good throughput in this condition. GD and ZIP mechanisms
also show inefficiency considering load and resource balancing in most cases.
This implies that these mechanisms are not able to provide a fair distribution
of resources and tasks among consumer and producer agents in an ad-hoc
Grid.
We also studied the performance of the pricing mechanisms in a heterogeneous pricing. In this situation different agents in the network apply different
pricing mechanisms. In the case of a heterogeneous pricing, λ mechanism
outperforms the other three mechanisms in any network condition. ZI, ZIP
and GD perform similarly in this case.
By comparing a homogeneous pricing with a heterogeneous pricing, we observed that a homogeneous case when λ mechanism is used, outperforms a
heterogeneous case regarding all criteria under any network condition. Considering all the results in the homogeneous and heterogeneous cases, we can
conclude that λ mechanism is a good candidate for pricing mechanism in an
ad-hoc Grid irrespective of which pricing mechanisms are used by others.

Chapter

9

Conclusions and Future Work
In this dissertation, we presented an economic framework to examine different market-based mechanisms for resource allocation in an ad-hoc Grid.
The framework represents an ad-hoc Grid as a market with consumers and
producers of resources as buyers and sellers. Consumers and producers of
resources are considered to be self-interested agents that can enter the market at any time and request or offer a resource. The matchmaking between
consumer and producer agents is done through an intermediate agent namely
the matchmaker. By using market mechanisms for resource allocation in such
an environment, aggregated utility of the entire network is obtained through
the self-interested behavior of individual agents. Individual decision making
is achieved by allowing individual nodes to make decisions with respect to
resources on the basis of their local state. All the proposed transactions by
the nodes in the network condense, in turn, all that information into a simple metric, the price. In this dissertation, we explored different pricing and
matchmaking mechanisms that can be employed by consumer, producer, and
matchmaker agents in an ad-hoc Grid. Although the use of market-based
mechanisms is not novel in itself, we investigated in a systematic way how to
construct such an infrastructure and what is the impact of certain choices.
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Summary

The work presented in this thesis is summarized as follows:
In Chapter 2, we provided the necessary background regarding Grid and P2P
computing. We studied resource discovery mechanisms that are based on
peer-to-peer architectures. We explained how these architectures can be used
for building resource allocation mechanisms in an ad-hoc Grid. Furthermore,
we emphasized the advantages of using market-based mechanisms for resource allocation, and highlighted the shortcomings of the previous research.
In Chapter 3, we introduced the necessary economic concepts at both the
micro and macro economics levels. At the micro level, the individual behavior
and at the macro level, the system behavior were studied. We described two
main classes of the economic mechanisms namely auctions and commodity
markets. The economic mechanisms were compared considering the aspects
that are important when implementing a resource allocation mechanism in
an ad-hoc Grid such as capability of providing simultaneous participation of
consumers and producers, policies in setting transaction prices, and the ease
of the implementation.
In Chapter 4, we presented the economic framework. The main components
of the framework (consumer, producer, and matchmaker), their attributes, and
interaction between them were described in this chapter. Furthermore, we described our experimental platform that we used for all our experiments regarding resource allocation. We sketched the experimental settings, assumptions,
and the network conditions in which the experiments were performed.
In Chapter 5, we studied different instances of the framework considering different matchmaking mechanisms. Three auction mechanisms namely Firstprice auction, Vickrey auction, and Continuous Double Auction (CDA) were
implemented and compared. The performances of these mechanisms were
evaluated under different network conditions based on the Grid user and
owner objectives such as task/resource utilization, deadline satisfaction, consumer/producer surplus, and price volatility. The experimental results showed
that CDA is the most efficient mechanism regarding the evaluation criteria
under different network conditions. We also compared CDA with the nonmarket FCFS mechanism. The results of this comparison showed that CDA
performs as good as a FCFS mechanism which does not have price constraint.
Moreover, CDA provides a fair access to Grid resources and tasks when they
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are scarce while FCFS shows a lower fairness in these conditions.
In Chapter 6, we proposed a learning and adaptive pricing mechanism. In this
mechanism, called λ, the consumer/producer agents learn the condition of the
network based on their previous utilization of the ad-hoc Grid and adjust their
prices accordingly. We examined the pricing mechanism with varying parameters values in different network conditions. By modifying the utilization
threshold, agents can change their satisfaction level, and in consequence their
level of contribution or demanding for resources in the Grid. By increasing
or decreasing the rate at which bid/ask prices are changing, agents can speed
up or speed down their adaptation to the new network condition. We also
observed that when resources are scarce, the bid prices and in consequence
transaction prices may grow infinitely. To prevent infinite prices and in coherence with real markets, we applied the budget constraint to the pricing
mechanism.
In Chapter 7, we studied the use of different kinds of bidding strategies and
explained under what conditions they could be useful. The results obtained
from studying pricing parameters in Chapter 6, led us to extend the λ pricing mechanism. In this mechanism, agents decide to change their bidding
strategy to aggressive or conservative based on the way that their utilization
from an ad-hoc Grid is evolving. By taking aggressive/conservative biding,
agents increase/decrease the speed of changing their prices to adapt to the
new condition. We studied the two bidding strategies in a dynamic network
condition where the supply and demand for resources varies over the time.
Consumer/producer agents become aggressive when their task/resource utilization from the Grid is decreasing. The faster decreasing the utilization,
the more aggressive the agents are. In the same way, consumer/producer
agents become conservative when their task/resource utilization from the Grid
is increasing. The faster increasing their utilization, the less conservative the
agents are. The consumer/producer agents are capable of changing their level
of aggressiveness/conservativeness individually.
In Chapter 8, we compared different pricing mechanisms using our experimental framework and platform. Four pricing mechanisms were examined
namely Zero Intelligence (ZI), Zero Intelligence Plus (ZIP), and Gjerstad
Dickhaut (GD), and λ pricing mechanisms. We studied the performance of
each pricing mechanism in a homogeneous pricing when all the agents in the
network adopt the same pricing mechanism as well as in a heterogeneous pric-
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ing when different agents in the network apply different pricing mechanisms.
Task/resource utilization, throughput, deadline satisfaction, load/resource balancing, and price volatility were the criteria to compare the pricing mechanisms. The evaluation results showed that λ and ZI outperform other two
mechanisms in a homogeneous pricing case. However, λ performs slightly
better than ZI mechanism. GD and ZIP mechanisms show a low performance
especially when a fair access to tasks/resources is concerned. In a heterogeneous pricing, λ mechanism outperforms the other three mechanisms under
any network condition. ZI, ZIP, and GD perform more or less the same in
this case. An overview of the results in the homogeneous and heterogeneous
cases under different network conditions showed that λ mechanism is the best
choice whether all agents in the network use the same pricing mechanism or
they use different pricing mechanisms.

9.2

Contributions

The main contributions of this work are:
• We studied market-based resource allocation mechanisms in an ad-hoc
Grid rather than a conventional Grid. Ad-hoc Grids are distinguished
from conventional Grids in a sense that in ad-hoc Grids, neither resources nor tasks are dedicated and their availabilities vary during the
time. This implies that any kind of central controller is difficult to implement due to the highly dynamic nature of the Grid.
• We presented an economic framework which allowed us to study different market-based mechanisms for resource allocation in ad-hoc Grids.
We implemented different matchmaking and pricing mechanisms and
compared their performances experimentally given various workloads.
By this study, we discovered what are more suitable choices for Grid
user/owner under different network conditions.
• We explored the market-based mechanisms that can deal with the dynamic and spontaneous nature of ad-hoc Grids. We studied different
auctions as they can provide the necessary matchmaking mechanisms
for resource allocation where multiple participants will submit simultaneously their transaction offers. Moreover, there is no global price for
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all transaction requests in these mechanisms; rather there are multiple
micro transactions, each with their own price/quantity. In this way, the
individual’s preferences can be presented by their own prices instead of
a global price that has to take into account all preferences.
• We proposed a pricing mechanism that takes into account the past performance of the node in the market. Crucial is that no global but only
local information is needed for any decision. This pricing mechanisms
can adapt to the dynamic condition of the ad-hoc Grid. Adaptation is
achieved by the individuals through adjusting their prices in function of
the direction in which their utilization of the Grid (and thus supply and
demand) is evolving.
• We demonstrated how the price information can be used to understand
the global state of the Grid and how a node can adapt to that by changing its bidding strategy to optimize its local utility. For instance, an
upward trend or downward trend of transaction prices detects an intensive condition respectively for tasks or resources. Therefore, one can
understand what is the current condition by studying the direction in
which the transaction prices are evolving.
• We suggested two aggressive and conservative bidding strategies for
bidding agents in an ad-hoc Grid. By aggressive bidding strategy, the
consumer/producer agents that have gained low utilization from the adhoc Grid, are encouraged to demand more with increasing/decreasing
their bid/ask prices. The lower utilization from the ad-hoc Grid, the
more aggressive bidding is concluded. On the other hand, the consumer/producer agents which have had sufficient utilization from the
ad-hoc Grid, expect less by taking a conservative bidding strategy. The
aggressive and conservative bidding strategies provide agents a fair access to Grid tasks/resources by encouraging them for more demanding
or more contributing if they have not gained enough before.

9.3

Future Research Directions

We suggest the following directions for the future research:
• Self-organizing ad-hoc Grid: A self-organizing mechanism at the sys-
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tem level can restructure the system architecture to make the system
scalable. For instance, a single matchmaker limits scalability due to bottleneck associated with a single computer to respond to a large number
of queries. As we discussed in Chapter 2, Section 2.6, a self-organizing
architecture can address the problem of scalability. A scalable ad-hoc
Grid is provided by promoting and demoting ordinary nodes to matchmakers or vise versa whenever the workload on the matchmaker(s) respectively increases or decreases. This could be done on the basis of,
for instance, the cost of transaction between producers and consumers.
In case of an overload of such requests, and following the market logic,
the price for finding a match will increase. The matchmaker may be
constructed in such a way that once this price goes above a certain level,
another matchmaker is initiated. On the other hand, whenever the price
goes again below a certain level, the reverse could happen and nodes
are demoted to become again ordinary nodes. Self-organization can be
also defined with introducing reconfigurable services which provide,
for instance, hardware specialization in Grid.

• Secure ad-hoc Grid: In this thesis, we assumed that the agents are honest and there is no malicious activity in the network. However, this
cannot always be guaranteed. In a market, buyers must trust that sellers
will provide the services they advertise. On the other hand, sellers must
trust that the buyers are able to pay for services. This is essential in an
ad-hoc Grid where market-based mechanisms are applied for allocating
resources. Consumers and producers of resources in the ad-hoc Grid
must trust each other like buyers and sellers in a market. A way of providing security in the ad-hoc Grid can be through identifying malicious
agents by matchmaker and preventing them from participating in the
market.
• Ad-hoc Grid accounting service: In this thesis, we considered virtual
money for trading between agents. One of the assumptions that we
made was assigning a limited budget to each node. We also assumed
no budget injection to the network during each simulation. An ad-hoc
Grid accounting service still has to designed. This service will be responsible for managing payments, assigning budgets, and determining
the legibility of the transactions.
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• Advanced resource reservation: Resource reservation guarantees to obtain a resource in future. Advanced resource reservation in a marketbased Grid can be done on the basis of price prediction mechanisms. A
way to predict the price of a resource can be through studying the price
volatility in a market. For instance, the less volatility in prices, the more
confident the prediction is.
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Samenvatting

I

n deze dissertatie presenteren we een economisch raamwerk om verschillende op-markt-gebaseerde mechanismen voor resource allocation in een
ad-hoc grid te bestuderen en te ontwikkelen. Een dergelijk economisch
raamwerk helpt het effect van bepaalde keuzes te begrijpen en verkent welke
mechanismen toepasselijk zijn onder bepaalde omstandigheden vanuit het
perspectief van de gebruiker/eigenaar. We richten ons op resource allocation
in een omgeving gebaseerd op grids in het geval dat enige resources ongebruikt blijven en verbonden zouden kunnen worden met overbelaste knopen
in een netwerk. In dergelijke netwerken zijn resources noch noodzakelijkerwijs gereserveerd, noch hebben zij op ieder moment een voorspelbare
beschikbaarheid. We noemen zulke netwerken ad-hoc grids. Zelfzuchtige
knopen in ad-hoc grids worden beschouwd als consumenten (kopers) en producenten (verkopers) van resources binnen het economische raamwerk. Consumenten en producenten van resources zijn zelfstandige agenten die samenwerken door een enkele eenvoudige metriek, namelijk de prijs die de globale
status van een netwerk samenvat in n waarde. De prijs vertegenwoordigd
alle beschikbare informatie die aanwezig is op het niveau van de individuele
knopen en niet noodzakelijk onderling gedeeld wordt. Een ondersteunende
agent, genaamd de koppelaar, brengt een wederzijdse overeenkomst tot stand
tussen de consument- en producent-agenten op basis van de prijs door het
toepassen van economische mechanismen zoals veilingen. De transactie is
voltooid wanneer aan de voorwaarden van de consument- en producentagent - zoals hoeveelheid, tijd, en budget - is voldaan. In deze dissertatie
bestuderen we op-markt-gebaseerde mechanismen voor resource allocation
op macro- en microniveau. Macro-economie behandelt het gedrag van een
economie op samengesteld niveau en micro-economie beschrijft het individuele gedrag. Op het macroniveau vergelijken we verschillende economische
modellen als koppelmechanismen. We onderzoeken welk effect de keuze van
bepaalde veilingsmechanismen heeft in het raamwerk. Op het microniveau
bestuderen we verschillende prijsmechanismen en gaan we na wat het effect
is van het introduceren van geld- en budgetvoorwaarden. Daarenboven analyseren we verschillende biedstrategien die agenten helpen hun doelstellingen
te verwezenlijken onder wisselende voorwaarden.
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