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Abstract
Future wireless networks will combine multiple radio technologies and subsystems,
possibly managed by competing network providers. For such systems it may be
advantageous to let the end nodes (terminals) make some or all of the resource
management decisions. In addition to reducing complexity and costs, increasing
redundancy, and facilitating more timely decisions; distributed resource sharing
regimes can decouple the individual subsystems. Decoupled subsystems could be
desirable both because competing operators can be business-wise separated and
because it allows new technologies to be added (removed) in a modular fashion.
However, distributed regimes can also lead to “selﬁsh” wireless nodes who only try to
maximize their own performance. The ﬁrst part of this dissertation studies if selﬁsh
nodes can make eﬃcient use of wireless resources, using multiaccess and network
layers as examples. The related problems are formulated as noncooperative games
between nodes. To maintain tractability nodes are conﬁned to simple strategies that
neither account for future payoﬀs nor allow for coordination. Yet, it is demonstrated
that selﬁsh nodes can achieve comparable performance to traditional protocols.
These results should be interpreted as an argument in favor of distributed regimes.
The second part of this dissertation evaluates the eﬀects of multi-provider
network architectures where users can roam freely across all networks. From a
supply side perspective the beneﬁts are improved path gain statistics and the fact
that diﬀerent networks may have non-overlapping busy hours. Several network
conﬁgurations are analyzed and it is shown that cooperation between symmetric
providers can yield signiﬁcant capacity gains for both downlink and uplink; even
if the providers have nearly collocated sites. When the providers have diﬀerent
site densities the gains from cooperation are reduced and the provider with a
sparse network always gains more from cooperating. This suggests that initially,
voluntary cooperation may be limited to some special cases. Lastly, the architecture
is analyzed in a context where the providers compete for users on a per session basis
by oﬀering access at diﬀerent prices. Although such architectures currently only
exist in a few special cases, they could emerge in domestic markets where the costs to
switch and search for new networks are low. Based on a game theoretic formulation
it is shown that a competitive market for wireless access can be advantageous for
both users and providers. The results presented suggest that the advantages of
cooperation of competing providers occur in more than just a few cases.
iii

Table of Contents
Abstract

iii

Table of Contents

v

Acknowledgments

vii

1 Introduction
1.1 Background . . . . . . . . . . . . . . . . .
1.2 Resource and infrastructure sharing . . .
1.3 Problem deﬁnition . . . . . . . . . . . . .
1.4 Non-technical introduction to game theory
1.5 Thesis outline and contributions . . . . .

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

1
2
15
19
22
27

2 Static analysis of selﬁsh agents sharing a wireless channel
2.1 Related literature . . . . . . . . . . . . . . . . . . . . . . . . .
2.2 Our contributions . . . . . . . . . . . . . . . . . . . . . . . . .
2.3 Selﬁsh agents sharing a single-rate ALOHA channel . . . . .
2.4 Two extensions . . . . . . . . . . . . . . . . . . . . . . . . . .
2.5 Selﬁsh agents sharing a multi-rate ALOHA channel . . . . . .
2.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

33
34
38
40
58
67
82

3 Dynamic analysis of selﬁsh agents sharing a wireless
3.1 Related literature . . . . . . . . . . . . . . . . . . . . .
3.2 Our contributions . . . . . . . . . . . . . . . . . . . . .
3.3 Selﬁsh agents sharing a single-rate ALOHA channel .
3.4 Market based scheduling in a TDMA channel . . . . .
3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . .

channel
. . . . . .
. . . . . .
. . . . . .
. . . . . .
. . . . . .

.
.
.
.
.

87
. 88
. 89
. 90
. 99
. 110

4 Load based selection in wireless networks
4.1 Related literature . . . . . . . . . . . . . . . .
4.2 Our contributions . . . . . . . . . . . . . . . .
4.3 Load based selection wireless LAN hotspots .
4.4 Load based selection in cellular data networks

.
.
.
.

.
.
.
.

.
.
.
.

v

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.

.
.
.
.
.

.
.
.
.

.
.
.
.
.

.
.
.
.

.
.
.
.
.

.
.
.
.

.
.
.
.
.

.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.

.
.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

113
114
119
120
128

vi

TABLE OF CONTENTS

4.5

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

5 Capacity expansion and operator cooperation
5.1 Our contributions . . . . . . . . . . . . . . . . .
5.2 System model . . . . . . . . . . . . . . . . . . .
5.3 Roaming based cooperation . . . . . . . . . . .
5.4 Three alternative methods to improve capacity
5.5 Discussion . . . . . . . . . . . . . . . . . . . . .
5.6 Conclusions . . . . . . . . . . . . . . . . . . . .
6 Access selection in multi-provider
6.1 Related literature . . . . . . . . .
6.2 Our contributions . . . . . . . . .
6.3 System model . . . . . . . . . . .
6.4 Provider pricing game . . . . . .
6.5 Results . . . . . . . . . . . . . . .
6.6 Conclusions . . . . . . . . . . . .

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

143
145
146
152
162
169
171

architectures
. . . . . . . . .
. . . . . . . . .
. . . . . . . . .
. . . . . . . . .
. . . . . . . . .
. . . . . . . . .

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

.
.
.
.
.
.

175
176
178
179
188
193
199

7 Conclusions
203
7.1 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 206
7.2 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 206
A Additional results and simulation statistics
209
A.1 Chapter 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 209
A.2 Chapter 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 209
A.3 Chapter 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 213
B Proofs
221
B.1 Chapter 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 221
B.2 Chapter 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 225
Bibliography

229

Acknowledgments
Completing my studies as a doctoral student has both been more demanding and
more rewarding than I originally expected and I believe that I’ve learnt a lot
during my studies. In addition to the knowledge that I’ve acquired about wireless
networks and game theory, which are the two disciplines that I’ve combined in
my research, I believe that I become better in attacking new problems that might
seem overwhelming at ﬁrst. For this I’m extremely grateful to my advisor Prof.
Jens Zander. Throughout my studies he has always provided relevant advices
as well as encouraged me to constantly push my boundaries forward. Yet the
person that has been most important for the completion of this dissertation is
my co-rider in life, Lisa. Your part in this is beyond measurability and your
unconditional support, indulgence, and ability to put things in right perspective
has been extremely important for me. For this I’ll remain in debt to you for a long
time. Also my parents have been a great support during these studies; together
you and Lisa are probably the ones most happy that I’m now about to ﬁnish.
During my studies I’ve also had the opportunity to meet several new friends and
colleagues. In particular I’m would like to thank Dr. Klas Johansson with whom
I’ve discussed both detailed technical problems and more general issues related to
the research methodology. The discussions that I’ve had with Pietro Lungaro has
also been valuable. I would also like to acknowledge Mats Blomgren, Dr. Ömer Ileri,
Dr. Miguel Berg with whom I during some point of my studies have cooperated; I
could not have hoped for better colleges. Also I would like to acknowledge those
that have helped my in reviewing and providing feedback on this dissertation.
Regarding this matter, I’m particularly grateful to Prof. Gerald Q. Maguire Jr.
whose comments has been very helpful. Others that in some way have helped
(in addition to the aforementioned) are: Bogdan Timuş, Jan Markendahl, Guest
Prof. Östen Mäkitalo, Prof. Bertil Thorngren, Prof. Heikki Hämmäinen , and
Luca Stabellini. Also the feedback from the opponent Cristina Comaniciu (Stevens
Institute of Technology) on a preliminary version of this dissertation was useful.
For the help me with administrate matters I am grateful to Irina Radulescu.

Johan Hultell
Stockholm, Sweden, 2008.
vii

Chapter 1

Introduction
This dissertation consists of two parts. The ﬁrst studies the eﬃciency of resource
sharing regimes where agents sense their environment and adjust their transmitters
and receivers accordingly.1 With increasingly complex networks and heterogeneous
service demands such a mode of operation could generate signiﬁcant improvements
in terms of increased capacity, higher redundancy, improved scalability, and
possibly cheaper infrastructure. However, “selﬁsh” agents that maximize their own
performance without considering how their decisions aﬀect the performance of other
nodes in the network becomes possible. Since the performance of wireless nodes is
interrelated, e.g., via congestion and interference, such selﬁsh behavior may result in
ineﬃcient overall resource utilization. This observation has induced both research
eﬀorts aiming at determining how severe performance loss the selﬁshness of nodes
is likely to cause, and the design of robust systems and protocols capable of making
eﬃcient use of resources even in the presence of selﬁsh nodes. The ﬁrst part of
this dissertation addresses the question of whether selﬁsh agents, sharing a wireless
resource can achieve similar performance as traditional regimes for sharing wireless
resources.
The second part of this dissertation evaluates a network architecture where
users can roam freely across all of the available networks. Compared to the
current situation where users are conﬁned to the infrastructure managed by
their operator, such an architecture would improve both path gain statistics and
“trunking eﬃciency”. Thus it could support higher data rates and traﬃc volumes.
Ideally, the architecture could also – if the switching and search cost are suﬃciently
small – result in a situation where network providers compete for traﬃc in the
1 In this dissertation we will by wireless node refer to an entity that have capabilities to
transmit and receive information wirelessly. Agents represents one functionality of the wireless
node. This functionality should act as a proxy for the user and it is responsible for making sure
that users expectations are met, e.g., by prioritizing between diﬀerent content and decide the
related transmission parameters. However, in the reminder of this dissertation the terms “agent”
and “wireless node” are used interchangeably.
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short term.2,3 Even though such multi-provider network architectures currently
only exist in a few special cases (e.g., international roaming, WLAN hotspots)
they could, for example, emerge in domestic markets if virtual operators purchase
capacity from several network providers or if terminals are equipped with multiple
SIM cards.4 In the second part of this dissertation we study the eﬀects of multiprovider architectures where users can roam freely across all networks both when
the network providers cooperate and when they compete.
The remaining part of this chapter is outlined as follows: We start by providing
a to a large extent non-technical background to the study in section 1.1. Thereafter,
we present the areas and an overview of the problems treated in this dissertation
(in section 1.2 and section 1.3, respectively). A brief introduction to game theory,
which represents the main tool used in this dissertation, is presented in section
1.4. Section 1.5 delimits of the scope of this dissertation and summarizes our
contributions.

1.1
1.1.1

Background
Demand for wireless access

Since year 2000 spendings on electronic communications (per capita) has been
stable in Western Europe in spite of both price declines and the introduction of
new ﬁxed and wireless access services [MHV+ 07, Wil06]. This suggests that the
market for access services is mature (as opposed to a high-growth market) and that
change, or development, ﬁrst and foremost is driven by substitution eﬀects between
diﬀerent kinds of access services [Por80]. This section discusses the demand for
wireless access services. In particular it highlights diﬀerences between traditional
communication services (voice and messaging) and envisioned data services in order
to identify key requirements for future wireless networks.
2 High switch costs makes it expensive for a user to change to another operator whereas a high
search cost makes it expensive to ﬁnd out what the actual costs are going to be with diﬀerent
operators.
3 Note that many of other infrastructure-related industries allow the end customer to purchase
services from all providers. One analogy is the car industry, where car-owners can purchase
petroleum from any gas station; regardless of brand. By allowing “free roaming” the density of gas
stations (per company) required to provide suﬃcient coverage can be reduced in rural areas where
demand is limited. The phenomena that companies, on one hand, cooperate with each other to
increase the total demand, and, simultaneously, compete with each other for obtaining as a large
market share as possible is present in many other industries and the model is often referred to as
“coopetition”.
4 By SIM card we refer to the functionality required to connect to a speciﬁc operator. It may
not be necessary to have multiple physical SIM cards if multiple user proﬁles; each capable of
using a diﬀerent operator can be stored on a single SIM card. The ability to store multiple user
proﬁles capable of being activated on a “per call” basis on SIM cards was in fact a requirement in
both the GSM and UMTS standard.
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Demand for personal communication services
Both mobile telephony and messaging services fulﬁll basic human needs related to
safety and communication.5 We will refer to these as personal communication
services and they are characterized by a so-called option demand where the
ability to communicate, in general, exceeds the utility associated with the actual
communication [CMV02]. Their value proposition has therefore been, is, and will
likely continue to be closely related with the ability to oﬀer anytime-anywhere
access. From an economic viewpoint this has been feasible in the industrialized
parts of the world because the data rate (and hence signal to interference ratio)
requirements of such services are modest. This both facilitated large cells and high
degrees of statistical multiplexing, while keeping investments at moderate levels.6
While coverage clearly is important, and often used as a competitive advantage
(between operators) during the rollout of new technologies, all operators present
in a market tend to oﬀer a similar coverage level once the penetration reaches
beyond early adopters [Gru05].7 Thus the access services oﬀered by diﬀerent
operators become indistinguishable from the perspective of users. Such services
are said to be homogeneous and they have a tendency to shift competition towards
prices [Por80].8 Because reduced prices in the long-run erodes proﬁt margins,
mobile operators have devoted considerable eﬀort to create business models with
artiﬁcially high switching and search costs.9 Bundling of subsidized terminals
with minimum-time contracts, limited support of number portability, locking the
terminal to a speciﬁc SIM card, and the use of nontransparent price plans have
5 In 1943 A. Maslow outlined a theory about the hierarchy of human needs where he classiﬁed
them into ﬁve diﬀerent categories (with the most basic needs ﬁrst): physiological, safety, social,
esteem, and self-actualization. Given a concrete form, each need translates into a desire for
a certain good or service. At a price, a desire can be expressed in terms of a demand. Services
fulﬁlling basic needs will bring higher value to a typical customer and therefore they are, relatively,
price insensitive. For services fulﬁlling needs higher up in the hierarchy the aggregate demand
becomes increasingly sensitive to the price [Ver07].
6 The fact that the personal communication services require low bandwidth has been an
important determinant for the success of cellular technologies since it made it economically feasible
to build multiple parallel nationwide systems. During the late 1990s when the telecommunication
markets were deregulated and liberalized in many countries, the competition amongst operators
reduced retail prices both considerably and rapidly. This resulted in a very rapid service uptake.
7 Once all operators have established full coverage their access services are homogeneous and
it is diﬃcult for consumers to distinguish the quality of the access service sold by one operator
from the quality associated with another operator. Mobile telephony is an example of such a
homogeneous service [Gru05].
8 In Western Europe this was apparent during the second half of the 1990s when the
telecommunication markets were liberalized and a migration from a monopoly to a oligopoly
took place.
9 A well-written discussion about how switching and searching costs aﬀect the market power of
an organization present in a market with homogeneous services is presented in [Kni97]. There it
is highlighted that increased switching costs will reduce consumers’ incentives to change operator
even if they were aware of the prices oﬀered by the competitors. This allow ﬁrms to charge a
higher price than the marginal cost. When the consumer needs to ﬁnd and evaluate the oﬀerings
of other companies there will also exist a search cost. This will reduce consumers’ incentives to
look for alternative oﬀerings.
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all played important roles in this process [CMV02, Gru05]. Because many of these
strategies have a clear anticompetitive nature, national regulators have over the
years banned most of them and focused customer oﬀerings in combination with
price plans are currently the two most important components in the competitive
strategies for mobile operators.10
Wireless data services
Because personal communication services relate to the human needs of safety and
communication there exists a theoretic motivation for why operators should provide
coverage and mobility support. Although some data services, such as short message
data (e.g, machines calling SOS services) and location based services can be used
for safety purposes, and thus require coverage, this is not true for data services
in general.11 In fact, for a considerable portion of the existing data services it is
unclear whether an individual user will be willing to pay an additional premium
for coverage and mobility support (as for personal communication services).
Data services can be classiﬁed as belonging to one of two categories:
• Delay-elastic services requiring signiﬁcant data volumes being transferred, or
• Services requiring a low message delay as perceived by users (e.g. WWW).12
Typically, delay-elastic services can be managed in the background and transferred
when available resources exist. However, for the second service type users need to
obtain considerable data rates when active as compared to the relatively low session
throughput. This requires signiﬁcant peak data rates and ultimately strong link
budgets need to be ensured.
Although data applications will require signiﬁcantly larger data volumes being
transferred the perceived consumer value typically is independent of data volume
[MFBFC03], therefore the average revenue per transferred bit is likely to be orders
of magnitudes lower than for personal communication services. Many of the data
applications relate to needs of esteem and self-actualization, which compared to
safety are higher up in Maslow’s need hierarchy (see [Ver07] and footnote 5);
10 One example of a focused customer oﬀering is the introduction of prepaid cards where
consumers can purchase a certain number of prepaid voice minutes. These targeted the low-end
market and since consumers purchased the voice minutes in advance, it reduced operators’ risk
exposure. At the same time it enabled operators to increase penetration levels. It is noteworthy
that users with prepaid cards were able to receive calls for a considerable period of time after their
voice minutes were consumed. This was permitted by the operators because less price sensitive
subscribers increased their usage. This is an example of network eﬀects associated with mobile
telephony.
11 Similar to personal communication services though, these services only require modest data
rates and they can be oﬀered with wide area coverage via existing infrastructure.
12 These requirements will be a result of the customers’ expectations. For mobile broadband
these expectations are determined by the performance oﬀered via the ﬁxed network.
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therefore it is unclear if consumers, in general, will be willing to pay a premium for
coverage.
At the present time the usage of data services over wireless access services have
just started to take oﬀ and a uniﬁed industry view regarding its strategic position
with respect to mobile telephony, ﬁxed broadband access, etc., is still lacking. A
few trends have however started to appear and mobile operators seem to divide the
market into two segments:
• Mobile broadband access for laptop users, and
• Premium services for handhelds.
For the ﬁrst market segment indoor usage (at home, at the oﬃce, etc.) is anticipated
to dominate and wireless data access should therefore be viewed as a substitute for
ﬁxed alternatives (xDSL, cable, ﬁber,...). In the short run it is expected that this
segment will generate the majority of traﬃc. To be competitive with respect to
this segment, mobile operators need to provide comparable data rates (i.e., at least
in the order 1-2 Mbps) at similar costs as the existing ﬁxed alternatives. Therefore
they currently (2008) sell mobile broadband access via ﬂat-rate subscriptions of
e10-20 monthly. Compared to ﬁxed alternatives, both the data rates and prices
are slightly lower and we would thus argue that mobile broadband access is being
positioned as a low-cost alternative.13,14 The second identiﬁed market segment;
premium services for handhelds; is marketed as a complement to the services oﬀered
via the ﬁxed network. This gives operators greater strategic ﬂexibility; so far they
have chosen to apply value-based pricing. The basic idea behind this pricing model
is to price the service inversely proportional to consumers’ related price elasticity
[MFBFC03, MFBC03, CW03].15
13 Monthly ﬂat-rate subscriptions oﬀered by mobile operators are generally associated with some
maximum usage level (per month). This limit may however be quite high – in the order of many
gigabytes per month.
14 Since this type of access services mainly will be used by laptop users at indoor locations
we would expect that the traﬃc characteristic is similar to traﬃc on the ﬁxed network where
symmetric peer-to-peer applications constitute almost 50 percent of the total traﬃc volume. In
situations where the devices do not have access to power outlets or when the price of using the
access service is proportional to the transferred data volumes (cf. volume based pricing) users
may want to avoid peer-to-peer ﬁle sharing since this will drain the battery and result in large
costs, respectively. As long as operators oﬀer high-speed wireless services as substitutes for ﬁxed
access services we, as mentioned, believe that they need to adopt the same pricing models (“ﬂat
rate pricing”) and as indoor usage (where power outlets are readily available) will be dominant we
would expect that users’ energy-budget is virtually unlimited.
15 While some applications, such as live broadcasts of mobile TV, clearly require (almost) full
area coverage, many other applications (e.g. WWW surﬁng) are characterized by the fact that
the time at which the content is produced and retrieved can be decoupled from when the content
is “consumed” (viewed/heard) by the users. By pre-fetching this type of information when the
user is in locations where high data rates can be oﬀered such services could potentially be oﬀered
with a spotty coverage network without reducing the performance as perceived by users.
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Inferior demand and structural market changes
Even though wireless data access is in its infancy, demand has been signiﬁcantly
lower than originally anticipated. Today around 10 percent of an operator’s revenue
in Western Europe can be ascribed to bandwidth demanding applications.16,17
The slow service uptake and the large investments required to build out the
networks have been a major reason for the consolidation of the access market, with
ﬁxed network operators acquiring or being merged with mobile operators. Another
reason for the consolidation is the ﬁxed-mobile convergence.18 Aside from the
obvious beneﬁt of reduced administrative cost this trend is motivated by the gains
that access neutral operators can achieve by combining their ﬁxed and mobile
networks:
• They can reuse their ﬁxed connections for providing indoor coverage eﬃciently
(this will be discussed in greater detail in section 1.1.2).
• They can bundle ﬁxed and wireless access services into a single “sticker”
oﬀering.
A consolidated access market moreover both reduces the level of internal competition
amongst operators and increases their bargaining power with telecom equipment
vendors. The latter has resulted in the consolidation process also propagating to
telecommunication equipment vendors.19,20
A second trend that we have observed is that mobile operators in recent years
have started to view their wireless infrastructure assets as of less strategic value.
Therefore, several operators have started to, or are in the process of starting to
16 There are, however, solutions for oﬀering mobile data services that have been successful. The
most frequently cited example is i-mode, which is a wireless internet service that was launched by
NTT DoCoMo in 1999. Today more than 60 million, or 40 percent of the Japanese subscribe to
i-mode (other Japanese operators utilize other solutions for providing mobile internet). With imode, handset vendors and content providers cooperate and the operator has a strong inﬂuence on
editorial and usability rules of the content providers. The users can then, via their content portal,
add so-called listed content providers (that fulﬁll the operator’s requirements), which receive a
share of the subscription fees paid by the consumer. Although users also can obtain “open access”
to nonoﬃcial sites, these content providers do not get any part of the subscriber revenue. This
business model is sometimes referred to as “walled garden”. A similar business model was adopted
for WAP. However, the basic idea in this model was that consumers only could access information
available on their operator’s portal.
17 The fact that the volume of data traﬃc transferred via cellular networks (measured in
MBytes) has exceeded the one generated by personal communication services is of less importance.
18 We should also note that a consolidation process often occurs in mature markets where it is
diﬃcult to increase revenues [Por80].
19 Two recent examples of mergers between telecommunication equipment vendors are the ones
between between Nokia and Siemens and Lucent and Alcatel. These are partly considered to be
an eﬀect of the consolidation process amongst mobile operators, the ﬁnancial stress caused by the
3G licensing and the entry of new, low cost equipment vendors such as Huawei.
20 Another potential reason for this could be that telecom equipment vendors were used to
selling their equipment to operators whose proﬁts were regulated. This may have resulted in
that these equipment vendors were late to reacting to the structural changes incurred by the
deregulation.
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outsource the network operations, rent capacity (on a per usage base) in networks
built by third party vendors [Res05, Eri07], and share wireless infrastructure with
other mobile operators.21

1.1.2

Supply of wireless access

From a supply perspective the problem of providing aﬀordable wireless broadband
access is quite clear – each deployed base station needs to be shared by a suﬃciently
large number of users.22 Hence, regions with low traﬃc demand should be covered
by base stations with a large transmission range whereas technologies with high
cell throughput should be used in areas characterized by high demand. This
section discusses a set of important aspects for producing cost-eﬃcient wireless
access services. These are:
• Eﬃcient utilization of the available spectrum,
• The ability to match network capacity to spatial and temporal variations, and
• Sharing costs and risk with other actors.
Availability of spectrum
The fundamental production resource in any wireless communication system is
radio frequencies and the channel bandwidth, carrier frequency, together with
the transmission power determine the feasible data rate at a certain distance.
Since lower carrier frequencies experience favorable propagation conditions they
are generally viewed as superior for services that require wide area coverage.23
Figure 1.1 shows a typical spectrum allocation (below 3 GHz) in a Western
European country before the digital dividend [CMV02].
Spectrum allocations and assignment

Being a public and highly valuable resource spectrum management regimes has
attracted considerable attention at both international and domestic levels.24
21 Managed and advisory services (network planning, network optimization, network
integration, installation, maintenance & support, etc.) represents 20 percent of the market for
telecom infrastructure. This is expected to grow by 100 percent in 2010. One example of a new
service is the managed capacity model where the network is deployed by the telecom equipment and
management vendor (which allows the operator to any avoid initial investments) and the operator
simply “pay per use”. This allows mobile operators to share the risk with the telecom vendors.
Estimates suggest that operators can reduce their costs by up to 20 percent by outsourcing network
related issues to the vendors [Eri07].
22 The exact number that is “suﬃciently many users” depends upon the base station costs as
well as users’ willingness to pay.
23 As an illustrative example we can note that the path gain can be increased with 15 dB by
changing the carrier frequency from 2 GHz to 900 MHz. For a noise limited setting this corresponds
to utilizing 30 times higher transmission power!
24 According to [ADH04] 2.5-3 percent of the aggregate gross national product of the European
Union is generated by services that require radio spectrum.
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Typical spectrum allocation between 0 and 3 GHz
National defense

Other use

Analogue TV

2G and 3G systems

Unlicensed allocation

Figure 1.1: Typical spectrum allocation between 0 and 3 GHz for a West European country. It
should be highlighted that during 2008-2012 the analogue TV broadcasting will be replaced by
digital successors. This has resulted in that an additional amount of 160 MHz has been allocated
to IMT-Advanced (see table 1.1). Note that the eﬀects of this reallocation is not included in
the ﬁgure. It is furthermore noteworthy that only 3 percent of the spectrum is allocated to
unlicensed operation whereas more than 20 percent is allocated to national defense! This could be
leased to secondary users both on a long-term, medium, or short term basis (as small as, roughly,
100 ms) [III00].

Currently spectrum is managed through a two-step process. The ﬁrst step focuses
on identifying and allocating spectrum bands to services and technologies. To
coordinate usage across national borders and to ensure inter-operability the related
decisions are handled at international level, such as at the World Radio Congress
or European Conference of Postal and Telecommunications. While this allows
harmonization it comes at the expense of speed and often spectrum bands have
to be identiﬁed and allocated many years before they can be assigned to speciﬁc
organizations and brought into use. A summary of recent spectrum allocations is
provided in table 1.1.
Once the spectrum bands have been allocated to a service and technology, they
are often assigned to speciﬁc organizations. This represents the second step in the
process and it occurs at national level. In principle, three approaches for assigning
spectrum can be identiﬁed [Peh98]:
• command and control where spectrum bands are assigned to a particular
service, technology, and organization based on an administrative process
(ﬁrst-come-ﬁst-served, comparative hearings, lotteries, beauty contests, etc.),
• market instruments such as spectrum auctions (and secondary trading), and
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Table 1.1: Summary of recent spectrum allocations.

Spectrum band

Technology

Allocated [year]

1920-1980
2110-2170
3410-3600
2500-2690
700-862
5875-5905

IMT-2000 (UMTS)

1992

Assigned [year]
2000

FWA (WiMAX)
IMT-2000 (UMTS, WiMAX)a
IMT-Advanced (Mobile WiMAX, LTE)b
IEEE 802.11p (v2v)

1998
2003
2007
2008

2004
2008
2012
-

a

To allow WiMAX operation in the 2.6 GHz extension band the standard was admitted to the
IMT-2000 family at the World Radio Congress 2007.
b CEPT has issued a recommendation stating that 50 MHz should be assigned for unpaired
operation, while the remaining 2 × 70 MHz should be assigned as paired licenses.

• unlicensed operation wherein any equipment satisfying certain pre-speciﬁed
conditions can be active.
For the ﬁrst generation analog systems national regulators relied on administrative
processes to assign the spectrum.25 Already during the assignment several
problems became apparent (e.g. lengthy processing time of applications, frequency
hostage,...) and for the digital 2G licenses there had been a shift towards market
based instruments.26
25 For the ﬁrst generation of mobile communication system most countries awarded nationwide
licenses to the incumbent telecommunication operator via an administrative process. Other
countries partitioned the country in multiple disjoint areas and awarded multiple regional licenses.
One example is the US, which was divided up into 428 metropolitan statistical areas (deﬁned by
a region of at least 100,000 inhabitants including a town with more than 50,000 inhabitants) and
428 rural statistical areas (with an average population of 150,000 inhabitants). In metropolitan
statistical areas, two licenses were awarded via beauty contests whereas the licensing in rural
statistical areas instead was handled through a lottery. It is noticeable that, on average, there
were 15 applicants per license for metropolitan statistical areas while the corresponding number
for rural statistical areas was 500 applicants per license. The high number of applicants for rural
licenses was due to the cost for participating in the lottery being set to as low as $250-5000, which,
for example, resulted in that private persons applying. The large number of applicants caused a
very slow assignment process and in total it took the Federal Communication Commission four
years to assign the metropolitan areas and just under seven years until all licenses in the rural
areas had been assigned. Once the assignment was completed a consolidation process occurred
in the metropolitan statistical areas and many of the licenses were acquired from the winning
companies by ﬁxed line operators. However, these licenses were sold at a much higher price,
which resulted in the average price per inhabitant for the metropolitan statistical areas increased
from $8 to $270. [Gru05] Thus those who got the licenses made 34x their investment!
26 The ﬁrst auction for assigning spectrum in cellular systems occurred in New Zealand, 1989.
In the US a series of auctions for 2G licenses were held during 1994-1996. Similarly as for the 1G
systems though, the country was divided into numerous geographical areas. In Europe one of the
GSM900 licenses was automatically assigned to the incumbent 1G operator. The second GSM900
license was awarded via a tendering process where operators submitted sealed bids that declared
the planned network buildout and oﬀered a cash payment for the spectrum license. The fee paid
to the government for 900MHz licenses was in many circumstances as high as $30 per inhabitant.
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At the beginning of 2000, it was time to assign the IMT-2000 licenses in Europe.
Relying on high-speed packet switched technology, 3G systems combined two of the
fastest growing communication sectors – mobile communications and Internet – into
the vision of the wireless Internet. Market expectations for the industry were
tremendous. To assign the spectrum some of the countries relied on beauty contests
while the other countries used ascending auctions.27 The ﬁrst auctions were held
in the United Kingdom and Germany and they took place just before the dotcom crash.28 The winning bids in these markets were remarkable; for example, in
the UK the price per inhabitant was e630. During and after the dot-com crash
though, license fees reduced signiﬁcantly and the price per inhabitant in Belgium,
for instance, was as low as e44 [Gru05]. Note that this was also a consequence
of that operators had borrowed so much money to get their licenses that they
were having trouble paying for their network build out and marketing for getting
customers.
Trends in spectrum management

Although the outcome of the 3G auctions in Europe was mixed; it is clear that
regulators abandoned individual spectrum grants for a combination of market-based
and unlicensed operation. In particular the following principles have emerged as
means for achieving eﬀective spectrum utilization:
• The ability to use any technology in any given spectrum band (“technology
neutrality”),
• The possibility to use any spectrum band when oﬀering a particular service
(“service neutrality”), and
• The ability for spectrum holders to trade spectrum in a secondary market.29
Technology and service neutrality oﬀer a means for overcoming ineﬃciencies when
allocating the spectrum, as both new technologies and services can be introduced
as they are developed – rather than requiring administrative and political decisions.
Potentially this can reduce the time required for introducing new technologies from
a decade or more to a technology cycle. The introduction of a secondary market
for spectrum trading aims at increasing the eﬃciency in the spectrum assignment
27 The countries that relied on auctions for assigning the 3G spectrum were UK (April, 2000),
Netherlands (July, 2000), Germany (August, 2000), Italy (October, 2000), Austria (November,
2000), Switzerland (December, 2000), Belgium (March, 2001) and Denmark (September, 2001).
28 The stock market peaked during early 2000. However, during the late part of 2000 and 2001
the market valuation reduced considerable. This period is referred to as the dot-com or IT crash.
It is noticeable that the winning bids of the spectrum auctions that occurred before dot-com crash
(UK, Netherlands, Germany, Italy) are substantially higher than the others [Gru05].
29 Spectrum trading is in fact already allowed in several non-European countries (Australia, New
Zealand, Guatemala, the US, and Canada). The experience from these countries indicates that the
adverse eﬀect of the commonly mentioned problems (spectrum fragmentation and uncontrollable
interferences levels) have been marginal. [ADH04]

1.1. BACKGROUND

11

process by letting operators adapt to dynamic changes in demand [ADH04].30,31,32
The extent to which the three above-mentioned principles will be implemented in
reality is, however, unclear at the present time (2008). According to [ADH04],
mobile operators and telecom vendors are positive to the opportunity of trading
spectrum with each other. Regarding service and technology neutrality various
stakeholders have adopted a more reserved standpoint.33
Heterogeneous networks
A second important aspect for providing cost eﬃcient wireless access to use the
most cost eﬃcient access technology in each given area. This can be achieved by
combining radio technologies with diﬀerent characteristics (bandwidth, throughput,
cell range, etc.) into a heterogeneous network.34 Compared to only using a single
access technology, multi-access networks give operators access to more spectrum –
as well as enable them to introduce new radio technologies incrementally; where
and when needed [Joh07].35,36
Perhaps the largest drawback of multiaccess architectures are that terminals
must be equipped with several radio interfaces. While the incremental production
30 In [ADH04] it is argued that spectrum trading and liberalization can increase the economic
welfare through: (i) exposing spectrum holders to an opportunity cost and thereby give them
economic incentives to make eﬃcient use of spectrum, (ii) increase transparency of spectrum
costs, which can reduce entry barriers and improving the timing of decisions, (iii) lower barriers
for network expansion (including entry barriers), and (iv) help operators adjust to rapid changes
in demand (be it an increase or a decrease in demand).
31 One example of the technology and service neutrality is that 3G technology is being
introduced in the 900 MHz band. Thanks to the lower carrier frequency this can reduce the
network related expenditures considerably and [Con07] reported that UMTS900 can increase 3G
coverage by up to 50 percent. While it is clear that lower carrier frequencies are beneﬁcial in rural
areas where systems often are noise limited, it is noticeable that (as we will show in chapter 5)
these frequencies are also useful for improving the uplink performance in urban areas.
32 Spectrum trading together with spectrum liberalization also allows for new types of radio
resource management where spectrum owners resell part of their spectrum to secondary users on
either a long, medium, or short-term basis (as small as roughly 100ms [III00]). Research focusing
on these aspects examines dynamic spectrum access. An overview of the existing research within
this area can be found in [BQZ+ , LSGN01].
33 A related problem is “network neutrality” where the owners of the network want to
discriminate for services they provide and discriminate against services which others provide.
A neutral network is one where there are not any restrictions on equipment or services that can
be used.
34 By heterogeneous networks we refer to networks that are composed of diﬀerent technologies
and/or base station classes.
35 In areas where the system is capacity limited more spectrum is an eﬃcient method to increase
capacity; whereas access to spectrum with low carrier frequency is advantageous in range-limited
areas.
36 The size of this gain will depend on whether regulators allow incremental deployment. Up
until today operators that have acquired a nationwide license are, in most countries, obliged to
meet a certain, predetermined, coverage requirement. Relaxing these requirements could, without
careful regulatory actions, result in that incumbents without any intentions of deploying a new
system acquire the license so as to eliminate potential competition.
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cost for adding radio technologies may be marginal (and continuously reduced in
accordance with Moore’s law) multimode terminals are likely to result in increased
costs for intellectual property rights and testing. To ensure a widespread diﬀusion of
multimode capable terminals, mobile operators may thus need to increase terminal
subsidization. Already today this constitutes between 5-10 percent of an operator’s
total cost [TKK07]. A second drawback with multiaccess architectures is that
multiple radio technologies need to managed, integrated, and tested. Currently
these activities constitute between 5-10 percent of an mobile operator’s network
related costs [Res05, Eri07] and without automation (“self-conﬁguration”) these
numbers are likely to increase as more technologies are combined. Hence the cost
eﬃciency gains from deploying multiple technologies in urban areas have to be
weighed against increased terminal and operational costs.37
Cooperative wireless access – Infrastructure sharing
A ﬁnal way through which mobile operators can reduce their cost is to share
infrastructure with each other. In fact, sharing wireless infrastructure was discussed
already during the second generation of mobile communications. For personal
communication services, however, mobile operators decided that they could aﬀord
to build separate networks with almost full coverage. However, in the third
generation roll out the large investments necessary for oﬀering high-speed access
services and a ﬁnancial climate where operators were ﬁnding it increasingly diﬃcult
to raise external capital, infrastructure sharing once again was brought to fore. This
section outlines the rationale behind sharing infrastructure and the diﬀerent forms
of sharing that exist.
Drivers and obstacles for infrastructure sharing

The primary reason for sharing wireless infrastructure is that it enables cost savings
in the order of 20-50 percent [CEDHM07, Nor01]. Lower investments may however
generate several secondary eﬀects that are beneﬁcial, such as:
37 Let us as an example consider a typical Western European country, which can be classiﬁed into
two area types. While around 1 percent of the country area will be associated with a population
density of 4000 inhabitants/km2 (or more) the remaining 99 percent will have a population density
of under 1000 inhabitants/km2 [HSR+ 06]. Using the numbers reported in [HSR+ 06] and assuming
that multi-access systems can reduce the cost the network related cost by 30 percent in urban
and dense urban areas the cost reduction (compared to the total network related cost) becomes
just over 5 percent, or around 1.5 of the operator’s total cost. Thus the cost of obtaining a net
gain from using multi-access systems as a fraction of the total increase in terminal and operating
costs must be smaller than this! Note that this example does not imply that mobile operators
oﬀering broadband data services with 2 GHz spectrum cannot reduce costs (or increase data
rates) by using another systems (for instance we noted that UTMS900 could increase coverage
substantially in rural areas in the previous page). What it does suggest, however, is that if mobile
operators in a hypothetical Greenﬁeld scenario could choose between a set of technologies used
for covering rural and urban areas, the additional cost savings aside from the technology most
eﬃcient in the rural areas by other technologies in urban areas is likely to be small.
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• Reduced risk exposure,
• A wider diﬀusion of wireless data services,
• Shortened time to market for new technologies,
• Reduced entry barriers.
Together, these secondary eﬀects can make it easier for operators to raise external
capital for investments, facilitate the coverage of sparsely populated areas, as well
as, possibly, increase the competitiveness and investment eﬃciency.
Infrastructure sharing will also make it more diﬃcult for operators to diﬀerentiate
their access services from each other, thus operators are likely to focus on
diﬀerentiation in pricing, customer care, etc. However, the fact that a user
cannot distinguish between access services of the operators may give each of
cooperating operators incentives to act unsocially. One example of such unsocial
behavior that is mentioned in [BS05] is that a shared network may; without the
proper arrangements; reduce an individual partner’s incentives to invest in new
infrastructure since this would beneﬁt all sharing partners.38 Another example
would be that operators provide worse service quality to subscribers of the other
operators. Both these eﬀects are triggered because the operators have conﬂicting
long-term objectives. As noted in [HJM04], these problems are related to the trust
associated with traﬃc monitoring and network management of the shared network
and agreeing on what represents fair terms when operators have signiﬁcantly
diﬀerent market shares and/or customer oﬀerings. At the same time, other studies,
e.g., [Nor01], have highlighted that a shared infrastructure creates interdependencies
between operators and, therefore, stimulates collusion and prevents competition in
the wireless access market. Hence it is not certain that the cost savings due to
infrastructure sharing are transferred to consumer (in terms of lower price, higher
data rates, etc.).
Forms of infrastructure sharing

Both the situations where infrastructure sharing is applicable, and the way
that infrastructure sharing can be implemented are strongly inﬂuenced by the
regulatory requirements and policies. A summary of the forms of infrastructure
sharing are presented in table 1.2. Note that presented numbers are based on
[Nor01, CEDHM07] and represents “typical” values in industrialized countries. In
reality, the savings will be heavily dependent on the speciﬁc scenario.
The most rudimentary form of operator cooperation is site and mast sharing
where the same towers, shelters, electric supply, and other passive network elements
38 This type of problem where multiple strategic actors share the responsibility for managing
and upgrading a common resource gives rise to a problem which economics calls the free-riding
problem. This problem occurs because of even though all of the individual operators would beneﬁt
from a network upgrade, each individual operator has incentives to defer their investment in the
hope that another sharing partner unilaterally takes the necessary cost.
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Table 1.2: Summary of diﬀerent forms of infrastructure and typical cost savings [Nor01,
CEDHM07]. Note that the cost savings may diﬀer signiﬁcantly depending on environment and
speciﬁc use case.

Name

Shared part

Cost savings
[% of network costs]

Site & mast sharing
Network sharing
National roaming
Spectrum sharing

Passive elementsa
Passive and active elementsb
Radio access (and core) network
Radio spectrum

20
50
20-50
10c

Scope for
diﬀerentiation
High
Low
Medium
High

a

Examples of passive network elements are towers, shelters, buildings, electric supply, civil
works, cooling systems, etc.
b Examples of active network elements are base stations, antennas, and transceivers.
c This gain is due to increased trunking eﬃciency. Hence it is mainly useful for urban areas
(where the networks are capacity limited). Gains are further most pronounced in contexts
where the systems are co-sited and the busy hours associated with the systems do not coincide
(for example because the two operators have a diﬀerent mix of customer demand).

are used by cooperating operators. While reduced site acquisition and rent represent
the main beneﬁt in urban areas, reduced cost for transmission and power supply
are chief advantages in rural settings [CEDHM07].39 Network sharing is another
alternative available to operators. Under this model cooperating operators besides
the passive elements also share antennas, transceivers, base stations, and other
active elements. With respect to site and mast sharing, larger cost savings
represents the obvious beneﬁt. Typical gains that have been reported for the
case of two cooperating operators experiencing similar amount of traﬃc is in the
order of 50 percent [Nor01, CEDHM07].40 The drawback with network sharing
is that a tighter coupling between operators is required. Examples mentioned
in [LHS+ 02] include the cooperating operators needing to agree upon coverage,
capacity, reliability levels, and expansion strategy. Roaming based infrastructure
sharing (“national roaming”) represents a third option for operators. Within the
model, cooperating operators have their own access networks, but let subscribers
of the other operator(s) roam across to their network by means of the same basic
functionality used for international roaming. Although this model originally was
intended as a way to reduce delay and costs during roll-out of new technologies
[Nor01,VWC02], it could as noted in [CEDHM07,HJ06a] be made into a permanent
solution or used as an expansion strategy for incumbent operators. In fact, for
scenarios where mobile operators already have an existing network we believe that
this approach is more reasonable than both site and network sharing and our
39 For what concerns site and mast sharing there is also the issue of getting zoning approvals
for the sites. Hence, there may exist an external regulatory force that encourages sharing of such
sites; particularly in urban areas.
40 One could rightfully argue that the gains could be even higher because the cooperating
operators are not only saving in by avoiding duplicating equipment, installation, etc. at each site
but they are not bidding against each other for these sites.
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studies concerning cooperative wireless access (presented in chapters 5 and 6) will
be restricted to this.
A ﬁnal alternative for mobile operators is spectrum sharing where radio
resources are shared, while the operators maintain separate networks. This mode
of operation is facilitated by the ongoing regulatory developments in spectrum
management which, as discussed earlier, allow license holders to lease spectrum on
a commercial basis. Attempts to quantify these gains for circuit-switched personal
communication services have been presented in [PLDH05, LSGN01, THH02] where
it is shown that a capacity gain in the order of 15 percent can be achieved for cosited systems. Naturally the same principles could be applied for packet switched
data traﬃc by assigning a single user multiple carriers (“carrier aggregation”).41

1.2

Resource and infrastructure sharing regimes

The previous section identiﬁed that:
• Users’ willingness to pay per transferred bit will be considerably smaller for
data applications than for traditional personal communication services,
• Service requirements associated with data services will be more diverse than
for personal communication services, and
• Data services often will require that considerable peak data rates are
supported (thus a greater number of base stations needs to be deployed).
To keep complexity at reasonable levels and make eﬃcient use of resources it may
become necessary to rely on distributed resource sharing regimes in which wireless
nodes are responsible for the related decisions. Such regimes makes “selﬁsh” agents,
who try to maximize only their own performance without considering how their
decision aﬀects other nodes, possible. Hence it is important to determine if resources
can be shared eﬃciently also in the presence of selﬁsh agents. This is the ﬁrst topic
treated in this dissertation.
The second part of this dissertation focuses on evaluating multi-provider network
architectures in which users can roam across all available networks. As noted above,
such architectures could be useful as a means for reducing costs (cf. traditional
infrastructure sharing). However, multi-provider architectures may also result in
providers starting to compete for traﬃc. This could either be an eﬀect of that
41 In fact, telecom equipment vendors are currently standardizing this for the HSPA system.
By allocating a user to three (instead of one) carriers simultaneously a threefold increase in peak
data rate can be achieve. While there is no gain as compared to allocating one user to one
carrier (“load-balancing” between carriers) whenever there exist more than three (or the number
of carriers) active users in the “cell” substantial gains are achieved when the number of active users
(with data to transfer) is smaller than the number of carriers since part of the resources are left
unused. Note that this will be possible for LTE terminals, which are capable of using a variable
channel bandwidth from 1.25-20 MHz.
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some of the operators act unsocially (cf. international roaming) or be due to that
the search and switching costs as perceived by users become vanishingly small.
Architectures designed to achieve the latter has been proposed in e.g., [NSA+ 04,
Zan06, BCM08].

1.2.1

Radio resource sharing regimes

Resource management problems arise whenever a ﬁnite (limited) resource should be
shared amongst of group of stakeholders. The general problem is to ensure that the
resources are shared eﬃciently and three approaches can be identiﬁed. In the ﬁrst,
the resource management problem is viewed as a central optimization problem
and one decision-maker with complete control decides how the resources should be
partitioned (cf. a planned economy). The second and third approaches view the
resource management problem as a multi-agent optimization problem where the
stakeholders themselves decide upon how the resources are to be shared (cf. market
economy). Such distributed approaches are often used in large complex systems
where the overhead of gathering the information that the central controller needs
is substantial. While decisions-makers in general act socially correct because doing
things that help others also helps you (in the long run) there can exist scenarios
where part of the stakeholders act unsocially and try to maximize only their own
welfare; especially if the probability for getting detected and punished is small.
In the context of wireless networks, the ﬁrst approach represents a settings
where a radio network controller (or base station) is responsible for partitioning
the resources between users. The second and third approach correspond to a
case where nodes decide how to share the radio resources. More speciﬁcally, the
second approach represents a distributed (cooperative) solution to the resource
management problem and it presumes that nodes act according to some protocol
speciﬁed by the system designer. In the third approach, the optimization problem
is solved by selﬁsh agents with the purpose of maximizing only its own performance.
These three diﬀerent regimes are used as reference cases in this dissertation and
they are discussed next (a summary of the advantages and disadvantages of each of
these resources sharing regimes is provided in table 1.3 and an illustration of their
logical relationship is presented in ﬁgure 1.2):
Centralized resource sharing regimes where the allocation of resources is
decided by one central entity (e.g, a base station or radio network controller).
In this case the resource management problem is viewed as a centralized
optimization problem.
Distributed resource sharing regimes where the central controller delegates
the decisions to cooperative wireless nodes who act based on a set of protocol
rules speciﬁed by system designers. This represents a distributed (cooperative)
approach to the resource management problem.
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Selﬁsh resource sharing regimes where the decisions of how the resources
should be shared are delegated to wireless nodes who are allowed to adjust
some or all of the parameters possibly within some etiquette. In this setting
the resource management problem is viewed as a multi-agent optimization
problem, solved by selﬁsh agents.

Centralized resource
sharing regimes

Distributed resource
sharing regimes
Selfish resource
sharing regimes

Figure 1.2: Venn diagram illustrating the relationship between three classes of resource sharing
regimes studied in this dissertation.

Table 1.3: Summary of pros and cons with the studied resource sharing regimes.
Resource sharing
regime

Advantages

Disadvantages

Centralized regimes

High eﬃciency

High setup delays
Single point of failure
Non-scalable

Distributed regimes

Increased redundancy
Improved scalability
More timely decisions

Reduced eﬃciency due to less
information and coordination;
Sensitive to malicious users

Selﬁsh regimes

Robust to malicious users
Less monitoring

Reduced eﬃciency due to
users’ selﬁshness

Under centralized and distributed regimes the system designer can determine
how the resource should be shared. The main diﬀerence between them is that
decisions about how the resources should be shared are made by wireless nodes in a
distributed fashion based on local information in the latter regime.42 While less
coordination can reduce the resource utilization, distributed regimes have several
42 Whether

the local information that can be used by nodes in distributed approaches is more
limited than the information available to a central controller could be debated. In fact, the local
information could include information that may not be available in centralized regimes (since
the overhead or delay associated with reporting this information is too large). In particular,
this is true in heterogeneous environments and when the demands are short lived and decisions
therefore need to be made on short time scales. Throughout this dissertation we neglect the
overhead and delay associated with transferring this information. Under these assumptions the
performance associated with centralized regimes will always be superior to the performance oﬀered
by distributed regimes.
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advantages as compared to centralized regimes. These include that they avoid
having a single point of failure, require less signaling, improved scalability, and
allow nodes to take more timely decisions. If the related performance loss from
using a distributed regime is “small” they may be preferable to a centralized regime.
Selﬁsh resource sharing regimes are closely related to distributed resource
sharing regimes (see ﬁgure 1.2) and they are associated with the same general
advantages (reduced signaling, smaller setup delays) and disadvantages (reduced
eﬃciency). The main reasons for why selﬁsh resources sharing regimes are
interesting to study are that they yield an operating point that is robust; since
all nodes always are doing their best and therefore do not have any incentives to
deviate and that they represent a lower bound on the performance that could be
expected in distributed resource sharing regimes.

1.2.2

Infrastructure management regimes

While eﬃcient management of radio resources is one important factor for eﬃcient
production of wireless access services there are also other means for accomplishing
this. Aside from matching the network capacity with respect to spatial demand
variations, a shared multi-provider infrastructure has been advocated by several
researchers [Zan06, CABP05, NSA+ 04]. The main technical beneﬁts of these
architectures are:
• Improved path gain statistics, and
• Larger scope for statistical multiplexing (both in the short and long-term).
Together these factors allow the combined network to serve larger traﬃc volumes
at a given quality level. Similar to the radio resource sharing problem we
can identify three principle ways in which network providers can manage their
infrastructure:
Cooperative wireless access where the network providers cooperate for the
purpose of maximizing the aggregate “performance” (e.g., capacity or proﬁt).
As noted in section 1.1.2, there exists several ﬂavors of cooperative wireless
access.
Regimes without cooperation where subscribers can only gain access via the
infrastructure managed by their network provider. In this setting network
providers compete for subscribers on a long-term perspective and it result in
ineﬃciencies for the period of time comparable to the subscriptions.
Competitive wireless access where all devices can connect to any network.
Unlike the regime without cooperation, in this regime all of the network
providers compete for traﬃc even in the short-term and in contrast to
cooperative wireless access the providers have in general conﬂicting interests.
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Comparing these three regimes it is evident that cooperative wireless access always
is most eﬃcient from the perspective of network providers. The problem with the
cooperative regimes is, however, as we touched upon in section 1.1.2 that it may
be diﬃcult to determine on what terms the cooperation should take place and
ensure that all of the network providers have disincentives to behave unsocially.
In the extreme this unsocial behavior can result in a competitive wireless access.
One example is when international roaming users can connect to all operators.
Assuming that users base their selection on the power they measure on the beacon
channel, a mobile provider could beneﬁt by using a higher transmission power than
allowed with the purpose of attracting more traﬃc. If all providers engage in this
such competitive behavior; then ineﬃciencies are introduced.43
However, if the switching and search costs are small an architecture where users
can roam freely across all networks could result in that network providers start to
compete for users, e.g., by means of announcing a price for oﬀering the service.
In fact, such an architecture has been proposed by both academic researchers,
regulators, and service individual companies. This also represents the example
studied in this dissertation. More speciﬁcally, we study an architecture where
network providers compete for cost sensitive users by means of pricing. With respect
to cooperative wireless access regimes where the network providers determine prices
jointly, competitive regimes will reduce the providers’ surplus by transferring part
of the eﬃciency gains to the users. However, when compared to the setting
without cooperation both competitive and cooperative wireless access could result
in situations where both providers and users gain.

1.3

Problem deﬁnition

Based on the discussion presented above the following two high-level problems are
addressed in this dissertation:
1. Can selﬁsh agents manage radio resources eﬃciently?
2. What are the eﬀects of a multi-provider architecture where users can roam
freely across networks?
We have used a case-based methodology where for each of these high-level problem
we have identiﬁed a set of more detailed research questions. These research
problems are described in the following subsections and to analyze them we will use
a quantitative approach mainly based on game theory (a non-technical introduction
43 One could also think of a situation where an operator if it knows that another operators in
the area are working at high loads actually reduce its transmit power on the beacon channel. This
would result in that the congested operator is overwhelmed by traﬃc, which will result in that
this operator is perceived by the agents as oﬀering bad services. This could in fact be reasonable
in situations where agents store previous experiences to, e.g., “blacklist” providers that oﬀers poor
service.
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to game theory is provided in section 1.4). The major reason for relying on game
theory is that this is the only theory that provides a formal deﬁnition of how
selﬁsh agents will behave. The drawback is with the approach is that many of the
interesting (realistic) problems are too complicated to study with game theory.

1.3.1

Selﬁsh agents sharing a radio resource

The general problem of whether selﬁsh agents can manage radio resources eﬃciently
is challenging. For wireless systems, resource management decisions occurs on
multiple layers. Examples range from physical (waveform selection or packet
forwarding), to multiaccess (power selection or access control), and network level
(dynamic channel allocation or access point selection). In this dissertation we will
use examples from multiaccess and network layer.
Chapters 2 and 3 evaluate the performance loss incurred by selﬁsh agents sharing
a wireless channel, i.e. they focus on a problem related to multiaccess layer. More
speciﬁcally we address the problem:
• Can a wireless channel be eﬃciently shared amongst a group of selﬁsh agents?
The material presented on this topic focuses on single-cell models and we generally
rely on simple models such as a slotted ALOHA channel. The major reason for why
we chose to study the problem of access control and focused on an ALOHA channel
is that it represents a problem that is tractable, which allow a game theoretic
analysis. Yet the related problem is suﬃciently multifaceted for providing insights
into how the selﬁshness of agents can aﬀect the resource utilization eﬃciency.
Chapter 2 and the ﬁrst part of chapter 3 focus on a slotted ALOHA channel where
energy-constrained agents individually decide with which probability, modulation
level, and coding rate they should transmit packets.44 While chapter 2 provides a
static analysis where the number of backlogged nodes is treated as an exogenous
variable, chapter 3 presents complementing results for a time-dynamic analysis
(where the number of backlogged nodes is treated as an endogenous variable). The
second part of chapter 3 studies the performance degradation caused by agents’
selﬁshness in contexts where the channel is shared via reservation-based multiaccess
protocols, but where the schedule is decided by selﬁsh agents.
Chapter 4 represents the last chapter that targets the ﬁrst high-level problem.
Therein the performance degradation caused by selﬁsh agents is studied in contexts
where these agents need to prioritize amongst candidate access ports. This problem
is related to network layer and it has received little attention (with game theoretic
approaches). Compared to the problems addressed in chapters 2 and 3 the models
that are used are more complex and this has prohibited a “strict” game theoretic
44 Slotted ALOHA and other contention-based multiaccess protocols are essential for wireless
networks and they are, e.g., used in short-range WLAN systems. However, cellular systems also
use contention-based protocols for common channels through which users both can transfer small
ﬁles and negotiate for obtaining a dedicated channel.
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analysis. Rather we have used a simulation based approach to address the following
research questions:
• Can the selection of access ports be delegated to selﬁsh agents without
signiﬁcant performance degradation?
• In addition to peak data rates can agents increase their user’s data rates by
also considering the demand for resources when prioritizing between access
ports?
In addition to being tractable there are two major reasons for why we used the
problem of access selection as a second example for studying the eﬃciency of selﬁsh
resource sharing regimes. First, it is related to another layer than multiaccess
layer, thus it could provide complementing insights. Second, distributed methods
for prioritizing among diﬀerent access ports is a central functionality in multiprovider network architectures, which is the topic studied in the second part of this
dissertation.

1.3.2

Free roaming in multi-operator architectures

In the second part of the dissertation, we examine a multi-provider architecture
where users can roam freely across networks. From a supply-side perspective this
architecture allows users to connect via more access ports. This improves the
path gain statistics and the combined network can therefore support higher traﬃc
volumes at a given quality level.45 From a demand perspective, multi-provider
architectures may reduce users’ switching costs since a user can change network
automatically and nearly instantaneously. If networks employ eﬃcient mechanisms
for broadcasting (“advertising”) their presence and capabilities so that the search
cost perceived by nodes is small this architecture could result in that network
providers will start to compete for traﬃc on a short time-scale.46 We address the
following research questions:
• How much can network providers gain by letting subscribers roam across their
network how does this gain compare to other capacity expansion strategies?
• Can architectures with free roaming result in situations where both users and
network providers beneﬁt compared to existing models?
45 Alternatively

cooperating network providers can dismantle some of their sites, and thereby
reducing their operational expenditures, while maintaining the same capacity.
46 Ensuring a small search cost is actually as important as ensure a small switching costs (“fast
handovers”). While we do not address how such such protocols should be designed we note that
multi-provider network architectures in which the providers can oﬀer “instantaneous” oﬀerings to
wireless nodes have been addressed by both industry research projects (cf. Ambient networks)
as well as individual companies. In fact, Google Inc. has ﬁled a patent in which nodes submit
proposals for service to one or multiple providers from whom they receive an associated price used
to prioritize between the network providers [BCM08].
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The ﬁrst of these two research questions is treated in chapter 5 and our evaluation
is based on a capacity analysis for packet data. The analysis is performed by means
of Monte Carlo simulations and the approach allows us to consider rather complex
systems and use detailed modelling including indoor usage, power control, reuse
partitioning, interference balancing, etc.. The second research question, which is
discussed in chapter 6 focuses on the demand-side eﬀects in situations where the
network providers compete in a short-term perspective. To study this question we
focus on a scenario where a group of network providers with overlapping coverage
compete by means of pricing for selling their access to cost-sensitive users. Although
the competition in reality may occur over multiple dimensions we consider the eﬀects
of pricing only. The major reason for this is that we want to keep the problem
tractable so that we can rely on noncooperative game theory for analyzing the
eﬀects. Note that the use of game theory and the assumption of only considering
pricing is common also within economic literature focusing on determining the
eﬀects of diﬀerent market structures.

1.4

A non-technical introduction to non-cooperative game
theory

This section provides a short non-technical introduction to noncooperative game
theory. More thorough treatments can be found in [FT91, Owe01] whereas
condensed versions applied to wireless communications are presented in [FH06,
MdS06].47

1.4.1

What is a game?

Loosely speaking game theory provides a toolbox for quantitative analysis of
problems where multiple decision-makers interact. A game in strategic or normal
form is made up by:
• The set of decision-makers (“players”). In this dissertation these will either
be agents residing in user devices or access ports that act on behalf of the
users or network providers, respectively. The set of players will be denoted
by N .
• The pure strategy space available to decision-makers Ai . For games in wireless
communication the strategy space could cover the choices of modulation level,
coding rate, transmit power, transmission frequency, etc. An outcome where
47 This description focuses on so-called ﬁnite game where the players have a ﬁnite number of
possible actions to chose from. However, all presented concepts are readily extendable to situations
where there exist a continuum of actions.
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all decision-makers have chosen an action constitute a strategy proﬁle. This is
described by a vector a = (a1 , . . . , aN ) where ai ∈ Ai for all i ∈ N [FT91].48
• The preferences of the players. These are mathematical functions that allow
the players to evaluate the satisfaction that they achieve from the strategy
proﬁles and the utility that agent i achieves from strategy proﬁle a is denoted
ui (a).
• The information structure of game. This information includes the number of
decision-makers that are present, their utility functions, the rules for how the
game is played, etc.
Depending on the associated rules there exist various forms of games. For instance,
if the rules allow that the decision-makers meet before the game in order to
form coalitions and coordinate their actions the game is said to be cooperative.
If coordination is not possible the game is said to be noncooperative. Another
factor that separate diﬀerent types of games is the number of time that players
interact. If they play the game over multiple rounds the game is said to a multistage game. Contexts where the decision-makers only interact once are referred to a
static games.49 In this dissertation we will mainly make use of static noncooperative
games for studying our research problems. However, in part of the dissertation we
will also apply a few concepts from cooperative game theory.

1.4.2

Static noncooperative games

Above we saw that a static (one-shot) game is deﬁned by the decision-makers i ∈
N = {1, 2 . . . , N }, their pure strategy space Ai , and their payoﬀ functions ui (a).
In addition to using the pure strategies Ai , players can also choose to randomize
over their pure strategies. Such behavior is described by mixed strategies and we
will denote a mixed strategy used by player i by σi = σi (Ai ) = [σi (ai )]ai ∈Ai .
Here σi (ai ) represents the probability with which the player plays its pure strategy
ai ∈ Ai .50 For mixed strategies the utility achieved by decision-maker i is deﬁned
48 To exemplify let us consider a situation where two “busy” persons have determined to meet in
order to discuss the content of some report. Assume further that both of participants can choose
whether it should prepare (P) or not (N) and that the associated utility is ui (P, P ) = ui (N, N ) = 1,
ui (N, P ) = ui (P, N ) = −1 for i = 1, 2. For this setting the pure strategy space is Si = {P, N } for
both players.
49 For an introduction to dynamic games the reader is referred to chapter 4 in [FT91]. Although
many of the general concepts are similar as for static games it is diﬃcult to provide a short nontechnical description. While dynamic or multistage games often oﬀers a more accurate description
of real-life problem they are, unfortunately, in general diﬃcult to analyze. An important special
case, which lends itself to analytical treatment is the subclass called repeated games for which
previous play do not inﬂuence the future strategy space and payoﬀ functions, i.e. the “stage game”
is played multiple times.
50 For the example considered in previous example (footnote 47) a mixed strategy for player
i could be written as σi = [0.3 0.7]. This would mean that player i played strategy P with a
probability σi (P ) = 0.3.
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as
ui (σ1 , . . . , σN ) =


a∈A

⎛
⎝

N


⎞
σj (aj )⎠ ui (a)

(1.1)

j=1

where the sum is taken over all pure strategy proﬁles ΣA = (A1 × A1 × . . . AN ) and
we note that equation 1.1 describes the expected utility that player i obtains given
the mixed strategy proﬁle (σ1 , . . . , σN ). The use of expected utilities is central
to game theory since it allow us to quantitatively relate diﬀerent alternatives and
it is within game theoretic literature referred to as the von Nuemann-Morgenstein
utility.
Static games of incomplete and complete information
In the majority of game-theoretic works the number of players, the strategy space,
payoﬀ function, the order in which the players choose strategy, etc., are common
knowledge to all players. Such settings are referred to as static games games of
complete information. This class of games represents the one most frequently
found in literature and generally speaking they are the games that are easiest to
analyze.
When players are unaware of the utility function of the other players, the game
is said to be a static game of incomplete information. In such each player is
characterized by its private information Pi and by its beliefs Bi about the other
players’ private information. Note that the additional information, i.e. number
of players, strategy spaces, etc., are known to all.51 In a wireless setting the
private information could for instance represent the path gain or energy budget
associated with a wireless nodes where a distribution describing the other nodes’
path gain (or energy budget) would represent the beliefs. In the context of static
games with incomplete information a possibly mixed, strategy for player i is a
function that maps the private information and beliefs into an appropriate action,
i.e. σi (Pi , Bi ) → Σσ . Under the assumption that player i knows the strategies of
the other players {σj (Pj , Bj )}j=i it is then possible to compute the expected utility
(over player i’s beliefs Bi concerning the other players private information).
Solution concepts in static noncooperative games
Game theory is conﬁned to analyze the performance at equilibrium where all
players are simultaneously doing their best. For games with complete information
51 Consider for example the decision where the husband of a couple need to determine whether
or not he should work late (L) or leave work early (E). Depending on his wife temper, which
can be either happy (H) or mad (M), the husband can obtain following utilities: u(L, H) = −2,
u(L, M ) = 1, u(E, H) = 2 and u(E, M ) = −3. Assuming that the husband believes that his wife
is H with probability p the expected utility with strategy E and L are u(E) = 2p − 3p = −p and
u(L) = −2(1 − p) + (1 − p) = −1 + p. If the husband believe that his wife is H with a probability
p > 0.5 then he should play L and otherwise E.
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the solution is called Nash equilibrium whereas it for games with incomplete
information is called Bayesian equilibrium. Although the formal deﬁnitions between
the solution concepts diﬀers slightly, both of them originate from that:
No player should be able to improve its utility by unilaterally deviating
from the equilibrium strategy.
More formal (mathematical) deﬁnitions can be found in, e.g., [FT91] and we will
introduce them in the sequel when needed.

1.4.3

Why use noncooperative game theory?

Having introduced the basic concepts related to static noncooperative games we
now turn to the question of why we have chosen to to use game theory in this
dissertation. To start with, game theory is of interest whenever there are multiple
interacting decision-makers. In the wireless network literature game theory has
mainly been exploited in the following two contexts:
• Game theory can be used to evaluate the eﬃciency that selﬁsh players acting
within an etiquette (the rules of the game) can achieve.
• Game theory can be used as a tool for distributed control.
In the former the utility functions are viewed as describing the true preferences of
users and within economics this is the most common perspective of game-theoretic
studies. For this class of problems game theory is the only quantitative framework
that we are aware of. Within the second approach game theory is instead used as
a tool for designing distributed protocols and in contrast to the ﬁrst approach it
is based on that the users’ utility functions are controlled by the system designer.
With this approach the main problem is usually to ﬁnd utility function that oﬀers
eﬃcient outcomes and game theory is one out of several other available theories
that can be used. In this dissertation we adopt the ﬁrst approach.
Although the two approaches originates from fundamentally diﬀerent viewpoints
we should highlight that also studies based on ﬁrst approach often are interested to
ensure an eﬃcient outcome. Rather than changing the utility functions explicitly
this is achieved, implicitly, by means of introducing external incentives for the
decisions-makers to behave in a certain way. Examples of such incentives within
the area wireless networks could be to introduce a price for the resource (to avoid
over-utilization) or to punish nodes that are too selﬁsh. Finding suiting schemes
for stimulating “cooperative” behavior are called mechanism design.

1.4.4

Limitations of game theoretic approaches

As we will see in this dissertation game-theoretic analysis are based on making
several simplifying assumptions necessary for keeping the problems tractable. All
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these simpliﬁcations reduce the validity of game-theoretic approaches (and also the
work reported in this dissertation). In this section we highlight the most important
simpliﬁcations.
The starting points in game theory are that:
• The preferences of players can be described by a mathematical function,
• Each player is rational and tries to maximize their expected utility, and
• All players are aware of the game’s information structure.
Concerning the ﬁrst bullet, it is usually agreed that general properties of players’
preferences can be described by mathematical functions. However, it is debatable
if the more ﬁne-grained details of these preferences can be captured since they, for
example, often are contextual.52
The second bullet states that all players’ behavior can be predicted given that
we know their preferences, and they are risk-neutral and only interested in their
expected payoﬀ. While the assumption of risk-neutrality allow us to predict players
preferred actions and thus is fundamental for game theory it is implicitly based
on that all players can attend a similar game multiple times; so that the expected
payoﬀ really represents the measure of interest. Several studies have shown that
humans, and therefore decisions where humans are involved, neither are rational
nor risk-neutral and over the years this assumption has been a frequent critique of
game theory.
The third bullet states that all participants are fully aware the number of
players, the other players’ set of feasible actions, the utility that they achieve
for any combination of actions, how and in which order players choose actions,
etc. Realistic interactive decision problems will seldom exhibit all these properties
and typically both the number of players and their feasible actions may both vary
and be unknown for the individual players if this information is not announced by
some arbitrator. Although these assumptions can be relaxed the related games are
usually so complex so that they cannot be analyzed.
Two more technical problems that we will encounter several times in the
dissertation are that:
• Many games have multiple equilibrium points (i.e. several “solutions”), and
• Even rather simple problems becomes hard to analyze and to maintain
analytical tractability we are constrained to situations where the players
control one or at most a few parameters.
52 For example it is reasonable to presume that the perceived satisfaction of a wireless node
increases with the data rate and reduces with increasing energy cost. However, these properties
are fulﬁlled both when the utility is modeled as the diﬀerence or the ratio of the rate and energy
cost. Unfortunately, game theory does not give us guidance about which of these is the best
formula to use for the model! Note that this criticism applies to all quantitative studies and is
not speciﬁc to game-theory.
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In games where multiple solutions exist it is necessary to select between the
outcomes in order to evaluate the performance. To the best of our knowledge
there is no uniﬁed approach for this and in the literature one can ﬁnd alternatives
such as Pareto eﬃciency, risk dominance, order neutrality, evolutionary stability,
etc. The last bullet force us to use simple and well-behaved utility functions.
Obviously, this reduces the range of validity. The alternative is to use utility
functions that encompass more parameters. For such games one typically have
to resort to computer based simulation, which in general implies discretizing the
game so that each player has ﬁnite number of pure strategies. While feasible in
principle, these games often becomes intractable since the computational cost are
proportional to AN (where N is the number of players and A the number of pure
strategies), hence such an approach forces use to reduce the number of player, the
strategy space, etc. Hence this also approach will reduces the range of validity of
the results.

1.5

Thesis outline and contributions

Having introduced the research problems that are treated in this dissertation
this section presents an outline of the content presented. It also introduces the
publications that these chapters are based on and describe our main contributions.
Unless otherwise stated the author of the dissertation was the main contributor.
A detailed review of the literature related to each subject will be presented in
the individual chapters where we also highlight more technical contributions (with
respect to the existing work).

1.5.1

Chapter 2 - Selﬁsh users sharing a wireless channel (static
analysis)

In chapter 2 we evaluate whether multiaccess protocols, where selﬁsh agents using
a ﬁxed transmit power are responsible for deciding how the resources should be
shared, can oﬀer similar performance as traditional distributed protocol. The
ﬁrst part of the chapter focuses on single-rate ALOHA channel in which agents
themselves determine whether of not they should transmit in a given slot. Our
main contributions in this part of the chapter are that we characterize the stable
operating points (where all selﬁsh agents are doing simultaneously their best) and
evaluate the related performance for both a case where agents have complete and
incomplete information about the other nodes’ path gains. The material concerning
this investigation has been presented in:
[JH08] J. Hultell, Ö. Ileri, and J. Zander, “Selﬁsh users in energy constrained
ALOHA systems with power capture”, submitted to the Journal of Mobile
Communication, Computation and Information (WINET), November, 2008.
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The author of this dissertation acted as the lead author, provided the numerical
examples, as well as most of the theoretical framework. Ömer Ileri and Jens Zander
acted as discussion partners and oﬀered valuable feedback. In this part of the
chapter we also demonstrate that the results presented in [JH08] are applicable to
a general class of utility functions and illustrate how the access point can increase
the eﬃciency by adopting the role of a social welfare maximizing police. This should
be interpreted as a generalization of [JH08] and it has not been presented previously
(and was performed by the author of this dissertation).
In the second part of the chapter we extend the analysis to a multi-rate ALOHA
channel with link quality control. In this setting agents control both the probability
with which they transmit packets and given that they transmit packets they can
choose the modulation level and coding rate that they should use. Both systems
with link adaptation and incremental redundancy are considered.53 One paper has
been written on the subject:
[Hul09] J. Hultell, “Selﬁsh energy constrained users sharing a multi-rate ALOHA
channel”, submitted to international conference on game theory for networks,
2009.
To the best of our knowledge the eﬀect of agents’ selﬁshness in multi-rate systems
with ﬁxed transmit power where agents control the modulation level and coding rate
as well as the probability with which they transmit packets has not been treated
in the existing literature.54 A major contribution is that we characterize the stable
operating points of the related systems for both the case where selﬁsh agents have
complete information about the other nodes path gains and when they can only rely
on statistical information. Additionally we evaluate the eﬃciency of these operating
point by means of simulations and compare them to existing multiaccess protocols.

1.5.2

Chapter 3 - Selﬁsh users sharing a wireless channel
(dynamic analysis)

Chapter 2 studies the problem of selﬁsh agents sharing a slotted ALOHA channel
by means of a static analysis where a ﬁxed and exogenously decided number of
backlogged wireless nodes were present. In the ﬁrst part of chapter 3 we extend our
previous studies by means of a time-dynamic analysis. Here the focus is on a setting
where the access point only supports a single rate and where capture occurs if the
packet of one agent has signiﬁcantly higher power as seen by the receiving node.
Our main contributions are that we evaluate the performance that selﬁsh agents
can achieve for diﬀerent loads. Both the cases of stationary and highly mobile nodes
are treated.
53 The diﬀerence between a system with link adaptation and a system with incremental
redundancy is that in the later the receiver can store packets that it is not able to decode and
request additional parity bits.
54 As we will see in section 2.1 the existing work that have studied multi-rate systems is based
on that agents “only” control their transmission probability and that capture never can occur.
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In the second part of the chapter we focuses on the problem of how a
time-slotted channel should be shared eﬃciently amongst a group of users with
heterogeneous preferences by means of a reservation-based multiaccess protocol.
For this purpose we develop a framework where the channel is shared through
a proportionally fair divisible auction and where the agents compete by bidding
against each other for resources. A basic version of this framework as well as a
simple myopic bidding strategy in which agents did not account for potential timevariations have been presented in:
[BH07a] M. Blomgren and J. Hultell, “Decentralized market-based resource
management in multi-network environments”, In proceedings of IEEE vehicular
technology conference (VTC-Spring), Dublin, May, 2007.
The ideas presented in [BH07a] were originally developed by the author of this
thesis who also acted as the lead author of the paper. However, these ideas were
reﬁned in collaboration with Mats Blomgren.
The results presented have (with respect to [BH07a]) been extended to cover a
situation where the size of arriving ﬁles is described by a heavy-tailed distribution.
In addition we have devised an “opportunistic” bidding strategy where agents
try to account for their channel peak data rate, ﬁle size, as well as the current
demand for resources when placing their bids. The performance of both the myopic
and opportunistic bidding strategies are compared to several known centralized
schedulers; including a scheduler that maximizes the average utility.

1.5.3

Chapter 4 - Load based selection in wireless networks

The problem of “optimally” match a set of users with a set of access ports, whose
capabilities are coupled via interference is known to be N P-hard without fractional
assignment. This calls for heuristic methods for prioritizing between candidate
access ports. Chapter 4 evaluates the eﬃciency that selﬁsh throughput seeking
agents can achieve and compares it with the performance that is achieved when a
central controller is responsible for assigning users. The ﬁrst part of the chapter
focuses on the problem in context of a wireless LAN hotspot where the access points
operate in separate channels. This work has previously been presented in:
[BH06] M. Berg and J. Hultell, “On selﬁsh distributed access selection algorithms
in IEEE 802.11 networks”, In proceedings of IEEE vehicular technology
conference (VTC-Fall), Montreol, September, 2006.
[Hul07] J. Hultell, “Access Selection in Multi-System Architectures”, Licentiate
thesis, ISSN 1653-6347, March, 2007.
In [BH06] the author of this dissertation proposed the problem statement and acted
as the lead author. The numerical examples were developed jointly with Miguel
Berg.
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The second part of the chapter extends the analysis to cellular systems with
co-channel interference. We consider a setting where users have a ﬁnite amount
of data to transfer and the base station load (and interference levels) generated
by a certain cell depends on the assignment of users. In addition to traditional
(centralized) criteria we consider a situation where selﬁsh throughput seeking users
are responsible for the prioritization amongst base stations as well as develop a
method inspired by market dynamics where each base station sells its resources
(“transmission time”) for a local price determined by the demand that it experiences.
This can be viewed as a network-assisted algorithm. The material has been
presented in:
[HBCC07] M. Blomgren, J. Hultell, R. Cai, and T. Cai, “Distributed demandaware access selection in wireless multi-cell data networks”, In proceedings of
international symposium on personal and indoor communication (PIMRC),
Athens, September, 2007.
In [HBCC07] the problem statement was proposed by the author of this dissertation.
The paper was written jointly with Mats Blomgren, while Rai Cai was responsible
for developing the simulator (under supervision of the two ﬁrst authors of the
paper). The main contributions of the chapter are that we evaluate whether the
problem of prioritizing between access ports can be delegated to selﬁsh agents and
that we account for the fact that the interference level in the system will depend
on which access port(s) that users are utilizing.

1.5.4

Chapter 5 - Cooperative wireless access

Chapter 5 represents the ﬁrst chapter targeting multi-provider network architectures.
It studies the potential of roaming based operator cooperation as a strategy to
increase capacity (or alternatively reduce the site density). The focus in the chapter
is on quantifying the gains that mobile operators can achieve by letting each others
subscribers roam across all their networks. Although this topic has been studied
for circuit-switched personal communication services for outdoor users, to the best
of our knowledge, no study has focused on packet data services in a scenario where
there is a mix of outdoor and indoor users.
To benchmark the gains achievable from cooperative wireless access we compare
its performance with several other methods to expand capacity currently discussed
in industry. These include improving the link budget (deploying wireless relays or
using the 900 MHz spectrum band instead of the 2 GHz band), methods reducing
interference for the users that are worst oﬀ (path gain based carrier assigning), and
combinations thereof. As we use the same simulator for evaluating all methods
we can make a fair comparison and consequently discuss the relative merits of each
individual method. Such a discussion is missing in the existing literature. Although
the numerical results have not been published previously, a few of the basic ideas
have been presented in:
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[HZM07] J. Hultell, J. Zander and J. Markendahl, “Competition and Cooperation
in Wireless Multi-Access Networks”, chapter published in Cognitive wireless
networks, Springer, 2007.
[HJ06b] J. Hultell, K. Johansson, “Performance analysis of non-cosited evolved
2G and 3G multi-access systems”, In proceedings of international symposium
on personal and indoor communication (PIMRC), September, 2006.
[HJ06a] J. Hultell, K. Johansson, “An Estimation of achievable user data rates
with national roaming”, Technical report, June, 2006.
[HJM04] J. Hultell, K. Johansson, and J. Markendahl, “Business models and
resource management for shared wireless networks”, In proceedings of vehicular
technology conference (VTC-Fall), Los Angeles, September, 2004.
In [HZM07] the author of this dissertation acted as lead author and provided the
examples. Jens Zander gave valuable feedback on the content of the chapter and
wrote a discussion section while Jan Markendahl reviewed the chapter. The work
presented [HJM04, HJ06b, HJ06a] was joint work with Klas Johansson. Note that
[HJM04] is a concept paper discussing potential problems that may arise when
operators share infrastructure. Both [HZM07] and [HJ06a] focus on identifying
the gains of roaming based infrastructure sharing (“national roaming”). However,
compared to the material presented in the chapter these works used signiﬁcantly
simpler models. Finally, [HJ06b] evaluates the capacity gains that an incumbent
operator can achieve by combined a GSM/EDGE and HSPA system into a multiaccess network.

1.5.5

Chapter 6 - Price based selection in multi operator
scenarios

Having veriﬁed that multi-provider network architectures have the potential to
reduce production cost for wireless access in both rural and urban areas, in chapter
6 we target a setting where the providers compete with each other for traﬃc.
Throughout the chapter we focus on a scenario where revenue-seeking providers
oﬀer substitute access services, where users can roam freely across all networks,
and the competition between providers occurs via pricing. In this architecture an
individual provider can beneﬁt by lowering its price if the corresponding reduction
in marginal revenue (per served user) is compensated by increased usage levels, e.g.
due to obtaining a higher market share.
The main question addressed in this chapter is how this architecture aﬀects the
users’ and providers’ performance. In particular we are interested in determining
whether the proposed architecture can generate win-win situations where both the
users and operators beneﬁt (with respect to existing business models). Several
papers have been produced on this subject:
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[BH07b] M. Blomgren and J. Hultell, “Demand responsive pricing in open wireless
access markets”, In Proceedings of Vehicular Technology Conference (VTCSpring), Dublin, May, 2007.
[HBZ08] J. Hultell, M. Blomgren, J. Zander, “Demand responsive usage based
pricing in wireless access markets”, submitted to International Journal on
Network Design and Innovation, November, 2008.
The ﬁrst paper [BH07b] studies a scenario where two providers selling their
resources by means of proportionally fair divisible auctions in order to compete for
users. Aside from illustrating that this architecture is “economically sustainable”,
the emphasis is on quantifying how the shape of the user demand inﬂuences the
revenue earned by the providers and the data rates experienced by the users.
In [HBZ08] we instead consider a scenario where multiple (more than two)
network providers compete with each other and users require a minimum data rate.
This could be representative of situations where users require a constant bit rate
type of service. We focus on determining under which circumstances users beneﬁt
from expanding the set of providers which they evaluate upon session initiations
and how this choice inﬂuences the provider’s revenue (under both a cooperative
and competitive regime). We further evaluate whether the architecture can result
in situations where both users and providers are better oﬀ as compared to existing
business models (where users and operator enter long-term subscriptions).

Chapter 2

Selﬁsh users sharing a wireless
channel – the static case
Cognitive radio is based on software agents acting as proxies for users. These agents
can sense their environment and adapt their transmitters and receivers accordingly
[MJ99]. Such a mode of operation can generate signiﬁcant improvements in
system performance (in terms of increased capacity, redundancy, scalability, etc.).
However, ﬂexible and reprogrammable radios may also promote selﬁsh behavior
where agents adjust the set of controllable parameters (power, utilized spectrum,
access point selection, etc.) with the aim of maximizing their own performance
and without considering the eﬀects on other users’ performance. These concerns
have induced research eﬀorts focusing on quantifying how severe the performance
degradation of selﬁsh wireless nodes is likely to be. Examples range from uplink
power selection [SMG02a, JH98], incentive-based multi-hopping [FBH03], dynamic
spectrum allocation, access point selection [HBCC07, Hul07], to how a packet
channel should be shared amongst a group of nodes with conﬂicting interests
[MW01, AAJ03]. In this chapter we focus on the last problem, i.e. how can a
group of nodes with conﬂicting interests share a wireless channel eﬃciently. More
speciﬁcally, our overall objective is to characterize the stable operating points of
selﬁsh resource sharing regimes (where all nodes are doing the best they can) and
to compare the associated performance to traditional distributed resource sharing
protocols.
The remaining part of this chapter is outlined as follows: Section 2.1 starts by
presenting an overview of the related work on the subject. With respect to these we
outline our contributions in section 2.2. This is followed by (in section 2.3) a study of
the eﬃciency of selﬁsh wireless nodes with similar preferences sharing a single-rate
packet channel. Both constant and statistically varying path gains are considered.
While the former is modeled as a static game with “complete information”, the
latter is treated as a static Bayesian game. Several extensions of these studies
are discussed in section 2.4. In section 2.5, we extend the analysis to settings
33
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with link quality control and we examine both the case of link adaptation and
incremental redundancy. In addition to characterizing the stable operating points
and performances loss caused by agents’ selﬁshness we are interested in determining
if receiver techniques that improve performance for cooperative nodes always are
useful in the presence of selﬁsh nodes (as an example we compare a system with
link adaptation with a system that also supports incremental redundancy). The
chapter concludes with section 2.6.

2.1

Related literature – Selﬁsh users sharing a channel

The problem of how a common resource (power, transmission time, codes, etc.)
should be shared amongst users is a central issue for wireless networks, thus the
problem of how to allocate all of these resources has been thoroughly studied in
the literature. Recently, increasing attention has been given to analyzing whether
a group of selﬁsh agents are capable of sharing a resource eﬃciently when they
themeselves control some or all of the resource management decisions. Existing
work primarily focuses on quantifying the potential eﬃciency loss in the context of:
• Uplink transmit power selection for code division multiple access (CDMA)
systems, and
• Uplink transmission for random access protocols.
To study these problems the existing work have relied on noncooperative game
theory.

2.1.1

Uplink transmit power selection in CDMA systems

In [AsSA02] uplink transmit power selection is studied for a CDMA system where
the inter-cell interference is modeled as additive white Gaussian noise (AWGN). As
a utility function the authors use the diﬀerence between a strictly concave function
taking the signal to interference ratio (SIR) as an input argument and a price,
which increases proportionally with transmit power. To select the transmit power,
nodes play a “power game” wherein the objective for each node is to maximize its
utility (using the above utility function). In addition to proving the existence and
uniqueness of a pure strategy Nash equilibrium, considerable eﬀort is devoted to
study the convergence of diﬀerent updating schemes and both synchronous and
asynchronous updating are shown to converge. A similar framework was developed
and presented earlier in [JH98].
Uplink power selection in a single-cell CDMA system is also treated in [SMG02a].
Compared with [AsSA02], the main diﬀerence is the choice of utility function, which
here is deﬁned as the ratio between the data-rate and energy consumption. It is
shown that selﬁsh agents capable of updating their transmit power converge to a
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unique, stable operating point (a Nash equilibrium), that is Pareto ineﬃcient.1
However, by introducing a linear pricing scheme with respect to transmit power
a Pareto dominant2 operating point can be achieved (although this is not Pareto
eﬃcient either).
An extension of [SMG02a], which considers the combined problem of selecting
base station and transmit power in a multi-cell system is provided in [SMG01]. The
authors show that, with the same utility function as [SMG02a], the two problems
can be decoupled, and that the optimal base station assignment is obtained with
a maximum signal to interference ratio allocation policy. As in [AsSA02, SMG02a,
JH98], linear usage pricing is used to improve performance. Global pricing, where
all cells use the same price, as well as local pricing wherein each cell uses a price
proportional to the number of nodes is has studied and both schemes are shown to
improve the eﬃciency (with respect to the sum-utility). Also [SW03] treats uplink
power selection for a single-cell using CDMA. Unlike [AsSA02, SMG02a], which
both account for energy limitations in the terminal, in [SW03] throughput is used
as the utility function but without taking the potential energy limitations into
consideration.

2.1.2

Selﬁsh users sharing a packet channel via contention based
multiaccess protocols

In addition to the work focusing on systems where nodes can select their transmit
power levels, there exist a number of studies that consider how selﬁsh user behavior
is likely to aﬀect the eﬃciency of contention-based multiaccess protocols in systems
where all nodes utilize the same transmit power.
An early attempt to quantify the eﬀect of selﬁsh nodes in a slotted ALOHA
channel is presented in [MW01]. In that study, a group of nodes with homogeneous
preferences and packets arriving according to Poisson processes – in each slot – have
to determine whether or not they should attempt to transmit a packet. If a packet
transmission is successful, then the node receives a positive utility, modeled as the
diﬀerence between the beneﬁt of transferring a packet and a cost associated with
packet transmission. An unsuccessful transfer is, on the other hand, associated with
the transmission cost only. Throughout the study it is assumed that all nodes know
the number of competing nodes (with packets ready to be transmitted) as well as
their utility functions. If multiple simultaneous packet transmissions are attempted,
then all packets are lost. Given this setting the aim of the paper is to determine
the transmission probabilities with which selﬁsh nodes, who try to maximize their
individual utility, should transmit. The problem is formulated as a noncooperative
1 A Nash equilibrium σ∗ , is Pareto ineﬃcient if there exist another strategy proﬁle σ such
that ui (σ ) ≥ ui (σ∗ ) for all players i and where the inequality is strict for at least one of the
players.
2 A solution σ is said to be Pareto dominant with respect to another σ∗ if at least one player
obtains a strictly higher utility while no other player obtains a reduced utility, i.e. uj (σ ) ≥ uj (σ∗ )
for all j.
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Markov game in which the number of competing users represents the system state.
Their results show that the stable operating point (a Nash equilibrium) where all
users are simultaneously doing their best, can in many circumstances support an
arrival rate similar to the one associated with a cooperative – but still distributed
– solution.
Another study with the aim of determining the stable operating points that
selﬁsh nodes sharing a slotted ALOHA channel can achieve is presented in [IW06].
Similar to [MW01] nodes obtain a positive utility if they succeed to transfer a
packet in a given slot and negative utility if their transmission is unsuccessful.
As in the previous paragraph, multiple simultaneous transmissions always results
in all packets being lost. In contrast to [MW01] the problem is formulated as
a one-shot static game. In addition to a Nash equilibrium where one of the
nodes monopolizes the wireless channel, the authors show that there exists a fully
mixed stable operating point where all nodes transmit packets with an identical
probability for the case of users with homogeneous preferences. They also show
that if the transmission cost can be controlled, then the maximum capacity of a
slotted ALOHA channel can be achieved even with selﬁsh users. In [IW05] some
complementing results are presented for scenarios where users have diﬀerent (but
still commonly known) transmission costs.
A similar study is presented in [AAJ03] where a slotted ALOHA channel, still
without capture, is studied. Compared to the approach used in [MW01] the main
diﬀerence is that nodes do not, a priori, know the number of competing nodes that
have a packet to transmit in the slot (note that the arrival rate of nodes are assumed
to be known). Both a team-problem where the objective is to maximize system
throughput (or equivalently social welfare) and a noncooperative setting wherein
each agent tries to maximize its own throughput are treated. Similarly to the results
above, their results indicate that without a cost for transmitting users become
increasingly aggressive and the corresponding system throughput is signiﬁcantly
lower than that associated with the team-problem. However, by introducing a cost
for transmission they show that the same throughput associated with the teamproblem can also be attained with noncooperative users. Therefore, the results
in [AAJ03] support those presented in [MW01].
In [CGAH05] the problem with noncooperative selﬁsh users is studied in a
context of throughput maximizing users that share a single-rate wireless channel via
a carrier sense multiple access with collision avoidance (CSMA/CA) protocol. As
in [IW06] the authors consider the case of homogeneous users with inﬁnite backlog
and where collisions always result in all packet being lost. We highlight that players
here, instead of choosing transmission probabilities (as for the slotted ALOHA
channels) control their contention window size.3 These authors demonstrate that
with well-behaved nodes who comply with the protocol rules, there are always
incentives for an individual throughput-seeking agent to infringe the rules and
3 Given a contention window W the transmission probability is given as 1/(W + 1). Thus,
there is a one-to-one mapping between transmission probability and the contention window.
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reduce its contention window. In fact, it is shown that there only exist two classes
of Nash equilibria – one where one of the strategic (“cheating”) agents reduces its
contention window to zero and monopolizes the channel, and one where two or more
strategic nodes attempt to monopolize the channel simultaneously. Such equilibria
result in ineﬃcient outcomes where there are no successful packet transmissions.4
All of [CGAH05, IW06, MW01, AAJ03, IW05] assume a collision channel where
multiple packet transmission always results in all packets being lost. The only
game theoretic studies that account for the possibilities of packet capture that we
are aware of are [YS06, MW03, KN05, NK07]. In [YS06] the focus is on an ad hoc
network where each transmitter has a diﬀerent receiver. The main eﬀort is spent
on quantifying how much nodes can gain by cooperating. Focus in [MW03] is on
uplink transmission within a single cell. As in [MW01], packets arrive according
to a Poisson process and nodes with packets in their buﬀers have to determine
whether or not they should transmit a packet in each slot. All users are aware of
the number of users contending for the channel in a slot. Based on this knowledge
each node determines whether or not they should transmit a packet. Note that this
implies that nodes neither account for their own nor the other users’ path gains
when determining their action. Focusing on symmetric strategies where all agents
use the same transmission probabilities the stability region that selﬁsh agents can
achieve is determined. Finally, [KN05] and [NK07] considers the case of agents
competing in a setting where they have only statistical knowledge regarding the
path gains of others, but are fully aware of their own path gain. The authors
prove that the optimal strategy in such a case is a threshold strategy. They focus
on generic settings and propose a distributed algorithm whereby users can update
their strategy, that is guaranteed to reach an (arbitrary) equilibrium.
Mechanism design for access control
Several of the works presented above have reported that selﬁshness of agents
can yield substantial performance degradation in contexts where the cost for
transmitting as perceived by agents is small and capture cannot occur [CGAH05,
IW06]. Based on this observation some work have focused on designing mechanisms
capable of improving the eﬃciency in such situations. The existing literature on
the subject can be divided into two categories:
• Work that tries to improve the eﬃciency by means of pricing [WCT06,
CWMAD07, WCMAD08b, WCMAD08a], and
• Work that tries to improve the eﬃciency by punishing nodes that over-exploit
the channel [RHA04, CRB04, KV05].
In [WCT06] the authors propose a pricing policy that charge users for each
successful packet transmission with the purpose of enforce selﬁsh agents to
4 Note that this class of ineﬃcient equilibria only exists if the nodes do not experience any cost
associated with transmitting packets.
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cooperate so that a fair and eﬃcient resource utilization is achieved. It is shown that
if the access point can employ individual prices the throughput of slotted ALOHA
with cooperative nodes can be achieved also in the presence of selﬁsh agents. Both a
collision model where capture cannot occur and a statistical multi-packet reception
model (as in [MW03]) are considered. For both channel models it is shown that the
access point should use a price that reduces linearly with the node’s transmission
cost. Pricing was also used as a means to increase the eﬃciency that selﬁsh agents
sharing a channel can achieve in [CWMAD07, WCMAD08b]. More speciﬁcally
the authors use pricing for designing a distributed scheduler in a context where
selﬁsh agents experience time varying channel conditions, e.g., due to fading. For
a collision channel and where the nodes’ transmission cost is a decreasing function
of their path gain (this could for example represent a case where agents adjusted
their transmission power so that the SIR target just was meet) it is shown that
agents should rely on a threshold policy and transmit when their path gain exceeds
some value. It is further shown that there exists one combination of thresholds in
which all agents share channel fairly and transmit with identical probability. By
means of a uniform price this threshold could be adjusted by the access point and
an optimal distributed scheduler achieved.
The second class of existing studies has focused on designing methods for
discovering agents that “misbehave”. The works that we are aware of have focused
on the IEEE 802.11 multiaccess protocol [RHA04, CRB04, KV05]. Although there
exists several ways by which a node may cheat (a thorough discussion for IEEE
multiaccess protocol can be found in [RHA04]) most of the existing have works have
focused on the setting where nodes “cheat” by reducing their contention window.
In [RHA04] a scheme for identifying cheating nodes is proposed. This based on
several statistical tests in which the access points track the contention window
size used by nodes and compare it to some threshold. If the measured contention
window exceeds this threshold the node is classiﬁed as cheating. In [KV05,CRB04]
the authors propose a modiﬁcation where the receiver instead of sender choose
contention window and include this in the CTS. While this would allow fast and
accurate detection of cheating nodes it would both require modiﬁcations in the
multiaccess protocols and require that the receiving node can be trusted.

2.2

Our contributions

This chapter studies packet transmission games in stationary and mobile settings
where capture can occur. Aside from characterizing the stable operating points
(Nash and Bayesian equilibria, respectively) under noncooperative regimes we
compare their eﬃciency with the traditional distributed multiaccess protocols in
which all nodes transmit with the same probability. The analysis of a single
rate system has for the case of stationary nodes been treated previously in
e.g. [CGAH05, IW06, IW05, MW01]. However, none of these have accounted for
capture. An extension of [MW01], which accounts for capture is [MW03]. However,

2.2. OUR CONTRIBUTIONS

39

the analysis of [MW03] is based on a multi-packet reception model in which the
probability of capture only depends on the number of wireless nodes that transmits
simultaneously, i.e. the strategy used by an individual agent does not depend on its
path gain. In sections 2.3 and 2.4 we extend these studies by considering a model
where agents are aware of whether there exists another node whose transmissions
could be successfully received if they transmitted simultaneously. Thus the strategy
of the agents’ will depend on their path gain. We believe that this best reﬂects the
case of stationary nodes. For this setting we:
• Provide a complete characterization of the stable operating points (Nash
equilibria);
• Show that multiaccess protocols where agents selﬁshly select their transmission
probability improves the sum-utility (here used as our measure of “eﬃciency”)
as compared to traditional distributed multiaccess protocols when there exists
a non-negligible transmission cost as perceived by agents; and
• Quantify to what extent can the access point improve the resource utilization
by policing to enforce stated policies (perhaps by punishing agents that
misbehave).
Also the case of agents that have to count on statistical information concerning
the other users’ channel quality has been previously addressed; however, mainly
in the setting of distributed scheduling [QB03, NK07, WCMAD08a]. Of these, the
work most closely related to ours is [NK07] where capture is considered and agents
base their strategy on their path gains and statistical information about the other
nodes’ path gain values. The main conclusion in [NK07] is that agents should rely
on a threshold policy. However this threshold is neither derived nor is any examples
of the related eﬃciency given.5 With respect to these studies our contributions are
that we:
• Derive a simple and exact closed-form expression of the path gain threshold
that users should rely on,
• Compare the performance that noncooperative mobile nodes can achieve with
the performance of distributed protocols (where all nodes transmit packets
with identical probability).
The work that is presented in section 2.5 studies packet transmission games
for a multi-rate channel and both a setting with link adaptation and another
setting with incremental redundancy are treated. We are not aware of any other
5 We discovered these after we had completed our study. The ﬁrst study that identiﬁed that a
mobile wireless node should rely on a binary strategy was presented in [YM00] (although in the
context of maximizing the amount of transferred information under some power constraint). We
have subsequently found similar results in [QB03] as well as [NK07]. None of them have however
derived a threshold or analyzed the performance that nodes using this strategy can achieve.
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work that has considered the combined problem where agents control both
their transmission probability and modulation/coding rate. However, as noted
above there are a few studies that have focused on the problem of determining
the transmission probability (at a Nash equilibrium) in multi-rate systems when
agents always use the maximum rate supported by their link budget and multiple
simultaneous transmissions always result in all transmitted packets being lost.
While [IW05] present some results for a setting with complete information; [CHT08]
focuses on the problem when the path gain of the other contending nodes are only
known statistically.6 With respect to these works our contributions are that we:
• Characterize stable operating points of multi-rate systems when capture can
occur and agents control both the probability with which they transmit
packets and the modulation level and coding rate that they use.
• Show that advanced receiver techniques can reduce the system’s eﬃciency in
the presence of selﬁsh nodes.

2.3

Selﬁsh agents sharing a slotted single-rate channel

In this section we determine the stable operating points that a group of selﬁsh,
homogenous, wireless nodes that share a single rate packet channel can achieve.
We consider the case where packets may be successfully received even in the
presence of multiple simultaneous transmissions if one of the transmitting nodes
has signiﬁcantly more power as measured by the receiver than the others (power
capture). Hence an agent, which believes it has a relatively high path gain, may
try to transmit packets more frequently.
In the studied setting, agents select whether or not to transmit a packet in any
slot such that their utility (payoﬀ) is maximized. The user’s utility is deﬁned as
the diﬀerence between the beneﬁt it enjoys by successfully transmitting a packet
and a normalized associated transmission cost. Two contexts are considered. In the
ﬁrst one, all nodes know if there exists another node that could transmit packets
simultaneously as the node of interest and still be successful. In the second case,
rather than “complete knowledge” agents have to rely on statistical information
about the competitors’ path gain values. We believe that these settings reﬂect the
cases of stationary and mobile users, respectively.7 The aim of this section is to
determine whether the stable operating points (where all agents are simultaneously
doing their best) of protocols where nodes themselves determine how frequently they
6 Both these studies have used a similar utility function as the one that we consider in systems
with link adaptation. Note that we will show that the agents in these settings typically will not
choose to transmit packets at their maximum rate.
7 The case where nodes have to rely on statistical information could also occur due to (fast)
fading. In particular the approach used here is valid if the fading can be considered as constant
during the time it takes to transmit a packet and independent between diﬀerent two consecutive
slots.
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should transmit can oﬀer similar performance as traditional distributed multiaccess
protocols.

2.3.1

System model

Throughout the study we assume that N wireless nodes share a packet channel
for uplink transmission to an access point. The channel is shared by means of a
protocol where nodes with packets in their buﬀer transmit with a certain probability.
For simplicity we assume that nodes always have packets to transmit and that
their distance from the access point can be described by some probability density
function fr (r). Here r ∈ [r, r] represents the distance between the wireless node
and the access point (see ﬁgure 2.1). Further r corresponds to the maximum
cell radius at which a transmitting node can meet the sensitivity required by the
receiving node and r denotes the minimum distance. We let Fr (r) describe the
associated cumulative distribution function and ﬁgure 2.2 illustrates this function
for a few propagation exponents when nodes are uniformly distributed. Note
that the cumulative distribution function always will be convex when nodes are
uniformly distributed since the probability of having a user in the annual ring
[r, r + dr] is increasing with r. The path gain is modelled via
g (r) =

g0
rα

(2.1)

where 2 ≤ α ≤ 5 denotes the propagation exponent and g0 the path gain at 1 m.
The cumulative distribution function for the path gain is given as

1/α
g0
.
(2.2)
Fg (g) = 1 − Fr
g

g4

g3
g1

r

r

g2

Figure 2.1: In the analyzed scenario a set of agents share a packet channel. Nodes are uniformly
distributed in the cell and each agent wants to maximize its expected utility by selecting with
which probability it should transmit a packet in a given slot. In order to be successful, the signal
to interference ratio at the access point must exceed some threshold γ.
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Figure 2.2: Cumulative distribution function of the distance between the user and access point
for diﬀerent propagation exponents. Note that we require a signal to interference (plus noise)
ratio, γ, of 5 dB.

To successfully transmit a packet the signal to interference plus noise ratio that
node i experiences at the access point, Γi , must exceed a certain threshold γ. This
threshold depends on the employed coding rate and modulation level. Throughout
the chapter this threshold is assumed to exceed unity.8 The signal to interference
ratio Γi for a certain slot and node i can be written as
Γi =

gi ptx
,
g
j=i j ptx xj + np

(2.3)

where np represents the noise power at the access point, ptx the transmission power,
and
1 if node j transmits a packet
.
(2.4)
xj =
0 otherwise
A packet transmitted by node i will be successfully received if Γi ≥ γ. Thus a packet
transmission will be successful if none of the other backlogged nodes attempt to
transfer packets or the interfering nodes are located at “large” distances so that
Γi ≥ γ.
8 In IEEE 802.11a systems, for example, a minimum received SIR of 5 dB or equivalently a
threshold of 3.16 is required.
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The packet transmission game

In the studied packet transmission game agents need to determine whether or not
they should transmit a packet in a certain slot. Hence, the pure strategy space
is given as A = {"transmit", "wait"} for all i ∈ N . With homogeneous user
preferences the utility that agent i achieves can, for a give slot, be written as
⎧
⎨ 1 − E if user i transmits and Γi ≥ γ
−E
if user i transmits and Γi < γ ,
(2.5)
ui =
⎩
0
if user i does not transmit
where 0 ≤ E < 1 describes a normalized transmission cost (e.g. energy) associated
with packet transmission.9
Assume now that node i plays strategy “transmit” with probability σi ,
i.e. Pr [xi = 1] = σi . Then we may write the probability that node i is
able to successfully transmit a packet as Ti (σ−i ) = Pr [Γi (σ−i ) ≥ γ] where
σ−i = [σ1 , . . . , σi−1 , σi+1 , . . . σN ] denotes the probability with which the competing
wireless nodes transmit packets. Note that Ti (σ−i ) depends on the individual
path gains of the wireless nodes and therefore may vary between nodes even when
all agents transmit with identical probabilities. To determine whether or not to
transmit agent i maximizes its expected utility
ui (σi , σ−i ) = σi Ti (σ−i ) − σi E.

(2.6)

We can now deﬁne the packet transmission game (PTG) through
(PTG) max ui (σi , σ−i )
σi ∈[0,1]

for all i ∈ N .

(2.7)

Capture possibilities in packet transmission games
As discussed in section 2.1, a number of studies have analyzed the eﬀects of selﬁsh
behavior in systems where packet collisions always result in packet losses. We relax
this constraint by also considering contexts where selﬁsh agents are aware of both
their individual path gains and the possibilities of capture. The following lemma
characterizes the network geometries for which capture is physically possible.
Lemma 2.3.1. In a packet transmission game capture can occur as long as
γ ≤ Δ−α − 1,

(2.8)

where Δ  r/r and γ represents the signal to interference ratio required for
successful reception.
9 For example, if users are willing to retransmit each packet on average four times (a total
of ﬁve transmission before quitting), then the normalized transmission cost would be E = 0.2.
Throughout this chapter we assume that E is the same for all users.
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Figure 2.3: The minimum required signal to interference (plus noise) ratio in order to ensure
that capture cannot occur as a function of the normalized cell radii Δ. When γ > Δ−α − 1 we
have a system without capture. It is evident that capture may occur when r < 0.65r and r < 0.4r
for propagation exponents corresponding to 2 and 4, respectively.

Proof. This condition is obtained by considering the case where one node is as close
as possible (r) whereas the other (only) interfering node is at the cell border (r).
See Appendix B for the details.
Figure 2.3 illustrates the bound Δ−α − 1 as a function of the normalized cell
radius Δ. In addition we have included the SIR threshold γ = 5 dB required for
achieving a peak data rate equal to 5 Mbps in systems with a channel bandwidth and
spectral eﬃciency representative of a IEEE 802.11a/g standard. Although lemma
2.3.1 only characterizes the network geometries for which capture is possible – as
opposed to how often capture will occur – it is evident from ﬁgure 2.3 that capture
possibilities exist in most single-rate systems of practical interest. This motivates
the study of packet transmission games where capture can occur in the presence of
simultaneous packet transmissions.

2.3.3

Packet transmission game with complete information

This section considers the scenario where each agent knows whether there exists
other wireless nodes that could be captured even if the agent of interest was
transmitting simultaneously. Such a case corresponds to a setting with stationary
users and we will subsequently refer to this case as PTG-C. Although the problem
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of how the agents gather this information is not considered in detail, it could
for example be retrieved by monitoring acknowledgements – if a agent that has
transmitted a packet is unable to decode the corresponding acknowledgement, then
it knows that there exists at least one such node.
This paragraph formalizes the description presented above. To do this we start
by deﬁning the collision set as follows:
Deﬁnition 2.3.1. The collision set for user i utilizing a SIR threshold γ is deﬁned
as


ptr gi
Ci  i ∪ j :
<γ .
(2.9)
ptr gj + n
For the sake of simplifying the notations we will, without loss of generality, assume
that g1 ≥ g2 ≥ · · · ≥ gN , or equivalently C1 ⊆ C2 ⊆, . . . , ⊆ CN , for the N agents
participating in PTG-C. Aside from the agent of interest, Ci describes the set of
wireless nodes that would individually cause unsuccessful reception of a packet
transmitted by node i. The number of nodes that belong to this set is denoted Qi .
We moreover let Ci\j , i > j represent the set of nodes in Ci who does not belong to
Cj . Finally note that the knowledge of whether there exist another wireless node(s)
that could be captured even when the node of interest transmits, is equivalent to
knowing whether or not the agent of interest is part of C1 .
An example of collision sets is presented in ﬁgure 2.4 for which C1 = {1, 2, 3}.
This means that node 1 is unable to transfer a packet successfully if either node 2
or node 3 transmits a packet simultaneously. Note though that this does not imply
that node 4 and node 5 do not aﬀect the success probability experienced by node
1, T1 (σ−i ). As a matter of fact, simultaneous transmissions of node 4 and node
5 might cause an interference level so high that a packet transmission of node 1
becomes unsuccessful. In this setting, C2\1 = {4, 5}. Note also that it is possible
for two diﬀerent collision sets to have the same boundary element, just as in the
case of collision sets C2 and C3 shown in ﬁgure 2.4. Thus C3\2 = ∅ (the empty set).
Before characterizing the outcome of the PTG-C we deﬁne the active set set
of agents as Cactive = {n1 , n2 , . . . , nM }. This encompasses all agents who transmit
with nonzero probability at an arbitrary Nash equilibrium of PTG-C. We further,
without loss of generality, assume that nodes in the active set are ordered so that
gn1 ≥ gn2 ≥ . . . ≥ gnM . The nodes who belong to Cactive are referred to as being
“active” in the sense that they can potentially transmit packets while all other
agents are said to be “inactive”. Similar to the collision set, we let Qactive represent
the number of nodes that belong to the active set.
Nash equilibria in PTG-C
We now proceed to characterize the Nash equilibria of the PTG-C. As we will show,
there exist multiple Nash equilibria (both in pure and mixed strategies). None of
them allow for capture and all except one are dependent on the ordering of nodes.10
10 This means that agents would need to meet before their the game is played so as to coordinate
their actions in order to successfully reach this class of Nash equilibria.
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C2 = C3
C1

...
User 1

User 2

User 3

User 4

User 5

User N

Figure 2.4: Graphical illustration of the collision set of node 1, node 2, and node 3. Notice that
the collision sets of node 2 and node 3 coincide.

Theorem 1. PTG-C has Q1 pure strategy Nash equilibria characterized by
∗
) = (1, 0) for any i ∈ C1 .
(σi∗ , σ−i
Proof. Consider an arbitrary node i ∈ C1 transmitting with a nonzero probability
σi . Assume further that all other nodes are inactive, i.e. σ−i = 0. Utilizing
equation 2.6 the utility for node i can be written as ui (σi , 0) = σi (1 − E) > 0.
Clearly ui (σi , 0) is maximized by σi∗ = 1 since the normalized transmission cost
E < 1 for all scenarios of practical interest. Therefore an agent that is monopolizing
the channel cannot improve its utility by reducing its transmission probability if
the other nodes never transmit any packets. Next we derive the expected utility
that an arbitrary node j = i can obtain if it transmits packets with a probability
σj simultaneously as node i ∈ C1 utilizes a transmission probability σi∗ = 1.
Since node i ∈ C1 and C1 ⊆ C2 ⊆ · · · ⊆ CN we know that node i will belong
to the collision set of all other nodes. The utility for node j can thus be written
as uj (σj , σ−j ) = σj (Tj (σ−j ) − E) = −σj E since a packet transmitted by node
j never can be successfully received as long as σi = 1. A node j = i therefore
maximizes its expected utility by setting σj∗ = 0 when σi = 1. Hence all strategy
proﬁles where one of the nodes that belongs to C1 monopolizes the channel while
all other nodes remain inactive constitute a Nash equilibrium for the PTG-C.
To show that a node i ∈
/ C1 cannot monopolize the channel we assume that
node Q1 + 1 transmits with a probability σQ1 +1 = 1. However since user 1 always
would be captured (in case of collision) we may express its utility as u1 (σ1 , σ−1 ) =
σ1 (1 − E), which is larger than zero and strictly increasing in σ1 .
This theorem demonstrates that the PTG-C can result in a stable operating point
(where all agents are simultaneously do their best) where a single agent monopolizes
the channel. Such an operating point maximizes the access point’s throughput at
the expense of reduced fairness – as all radio resources are devoted to a single
wireless node. It is noteworthy that only users in C1 have the capability of
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monopolizing the channel. For the special case where all nodes have the same
collision set (i.e., Ci = Cj for all i, j ∈ N ) the theorem states that all nodes can
monopolize the channel. This has previously been proven in e.g. [CGAH05,IW06].11
The remaining part of the section is devoted to characterizing the mixed strategy
Nash equilibria in which multiple agents transmit with a probability between zero
and one. We start by providing necessary conditions that must be fulﬁlled at any
Nash equilibria in lemma 2.3.2 and lemma 2.3.3. Thereafter, in theorem 2, we
present a comprehensive list of all mixed strategy Nash equilibria corresponding
to PTG-C.
Lemma 2.3.2. At any mixed strategy Nash equilibrium of PTG-C Cactive ⊆ Cn1
(i.e. all active nodes must belong to the collision set of the active user with
the greatest path gain) and the active nodes transmit with a probability σ ∗ =
1 − E 1/(Qactive −1) .
Proof. According to the deﬁnition of a mixed strategy Nash equilibrium all active
nodes should be indiﬀerent between whether or not they transmit [FT91]. Hence
we require that


  ∗ 

∗
= σi∗ Ti σ−i
− E = 0 for all i ∈ Cactive = {n1 , . . . , nM }. (2.10)
ui σi∗ , σ−i
 ∗ 
− E = 0 for all
Since σi∗ > 0 for all i ∈ Cactive this translates into that Ti σ−i
i ∈ Cactive . This further implies
 ∗ 
 ∗ 
= Tj σ−j
for all i, j ∈ Cactive .
Ti σ−i
(2.11)
Assume now that the active node with lowest path gain nM ∈
/ Cn1 . Then node n1
would always be captured if only node n1 and node nM transmit a packet. The
be 
able to transfer a packet can therefore
proportion of time that node n1 would


M −1 
be written as Tn1 σn∗ 1 = j=2 1 − σn∗ j . However, in order for node nM to
successfully transfer a packet all nodes that belong to the active set need to be
silent (the node with lowest path gain can never be captured). The condition
stipulated by equation 2.11 thus requires that
M
−1 

j=2

1 − σn∗ j



=

M
−1 


1 − σn∗ j



 1 − σn1 = 1,

(2.12)

j=1

/ Cactive which is a
which only holds if σn∗ 1 = 0. This, however, means that n1 ∈
contradiction. The case where multiple active nodes do not belong to Cn1 can be
treated in the same manner.
To prove the second part of the lemma we note that equation 2.11 states that
any two wireless nodes i, j ∈ Cactive must transmit with the same probability σ ∗ at
11 From ﬁgure 2.3 it is evident that this situation is likely to occur when the propagation
exponent α is low and/or when the required signal to interference ratio for successful reception γ
is high.
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mixed strategy Nash equilibria. Since nodes furthermore should be indiﬀerent to
whether or not they transmit at any mixed strategy equilibria we know that (see
equation 2.10)
Q
−1
(1 − σ ∗ ) active − E = 0.
(2.13)
Solving for σ ∗ gives that σ ∗ = 1 − E 1/(Qactive −1) .
Theorem 1 and lemma 2.3.2 imply that, ﬁrst, capture never occurs at a stable
operating point of PTG-C. Second they state that all active nodes obtain identical
average throughput at any Nash equilibria. Lemma 2.3.2 also forms the base in the
next lemma where we identify the nodes that can constitute an active set at a
mixed Nash equilibrium.
Lemma 2.3.3. At any mixed strategy Nash equilibrium of the PTG-C, the set Cn1 \1
cannot contain more than one element (i.e. there cannot be more than one active
node that does not belong to C1 ). If a node j ∈ Cn1 \1 is active, all nodes z for which
Cz = C1 must be inactive. Here n1 represents the index of the active node with
highest path gain.
Proof. We start by showing that there can never be more than one active node that
does not belong to C1 . As above we let Qactive denote the number of active nodes
in an arbitrary mixed strategy Nash equilibrium. Further let k ≥ 2 represent the
number of active nodes that do not belong to C1 and recall from lemma 2.3.2 that
active nodes always transmit with a probability σ ∗ = 1 − E 1/(Qactive −1) . From the
lemma we further know that in order for a node j ∈
/ C1 to be part of the active
set (Cactive ) at a Nash equilibrium, node 1 must be inactive. A lower bound on its
success probability will be


 ∗  (a)
Q
−k
k−1
k
kσ ∗ (1 − σ ∗ )
≥ (1 − σ ∗ ) active
+ (1 − σ ∗ ) =
T1 σ−1
Qactive −k

(1 − σ ∗ )

(1 − σ ∗ )

k−1

(b)

Qactive −k

(kσ ∗ + (1 − σ ∗ )) > (1 − σ ∗ )

(1 − σ ∗ )

(2.14)
k−1

,

where we in (a) assume that node 1 never is captured if two or more nodes outside
C1 transmit simultaneously and in (b) exploit the fact that (kσ ∗ + (1 − σ ∗ )) =
(1 + (k − 1)σ ∗ ) > 1 for k ≥ 2. This implies that


 ∗ 
Q
−k
k−1
(1 − σ ∗ )
= (1 − σ ∗ ) active
T1 σ−1
+
(2.15)
where  > 0. Substituting σ ∗ = 1 − E 1/(Qactive −1) and simplifying equation 2.15 we
Qactive −k
 ∗ 
= E + E Qactive −1 and the corresponding payoﬀ is given as
obtain T1 σ−1


Qactive −k
Qactive −k


∗
= σ1 E + E Qactive −1 − E = σ1 E Qactive −1 .
u1 σ1 , σ−1
(2.16)
The fact that equation 2.16 is strictly increasing in σ1 suggests that node 1 should
always try to monopolize the channel if two or more nodes outside C1 are active.
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Hence there can never exist a mixed strategy Nash equilibrium where more than
one node that does not belong to C1 is active.
We now proceed with the second part of the lemma, which treats the case where
k = 1. Assume that one node j ∈
/ C1 is active. According to lemma 2.3.2 this implies
that σz∗ = 0 for all z ∈ N : Cz = C1 .
Lemma 2.3.3 suggests that the agents who can be active essentially are determined
by the node with highest path gain (since only one user outside C1 can be active).
Compared to existing literature the main eﬀect of considering packet capture is
therefore that it acts as a discriminator for determining whether a certain node
should transmit packets at all!
The previous two lemmas provide the necessary conditions for any mixed
strategy Nash equilibria. In the following theorem we give an exhaustive list of
all equilibria that fulﬁll these conditions. Note that at least two of the nodes are
active (the case where only one node is active was described in theorem 1):
Theorem 2. In PTG-C two types of mixed strategy Nash equilibria exist:
Type 1 equilibria All active nodes belong to C1 (Cactive ⊆ C1 ). There are 2Q1 −
Q1 − 1 such equilibria.
Type 2 equilibria Exactly one active node does not belong to C1 .
In both equilibria types all active nodes transmit with a probability σ ∗ = 1 −
E 1/(Qactive −1) .
Proof. We start by treating Type 1 equilibria. Recall from lemma 2.3.2 that σ ∗ =
1 − E 1/(Qactive −1) for all active nodes when Cactive ⊆ C1 . In order to prove that this
strategy proﬁle indeed represents a Nash equilibrium we want to show that none
of the inactive nodes can increase their utility by starting to transmit. Let node j
denote an arbitrary node who is inactive. Its expected utility can be written as
Qactive


1 − 1 − E 1/(Qactive −1)
−E =
uj = σj


(2.17)
σj E Qactive /(Qactive −1) − E ,
which always is strictly decreasing in σj because Qactive /(Qactive − 1) > 1 and
E < 1. Hence inactive nodes cannot improve their performance by deviating from
the strategy σj∗ = 0. As Qactive ∈ {2, . . . , Q1 } we note that there are 2Q1 − Q1 − 1
Type 1 equilibria.
We now proceed with the Type 2 equilibria. Lemma 2.3.2 ensures that Cactive ⊆
Cn1 and all nodes transmit with the probability σ ∗ = 1 − E 1/(Qactive −1) . The
expected utility for node 1 (which always will be part of the set of inactive users)
can be written as
Qactive −1


1 − 1 − E 1/(Qactive −1)
u 1 = σ1
− E = σ1 · 0 = 0.
(2.18)
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 ∗ 
 ∗ 
≥ Tj σ−j
for all other inactive nodes j, none of them can improve
As T1 σ−1
their utility by starting to transmit. This shows that the situation where all nodes
z for which Cz = C1 are silent and one user in Cn1 \1 transmit indeed is a Nash
equilibrium. Note that the number of such equilibria depends on the geometry of
the system.
Together theorems 1 and 2 identify all Nash equilibria associated with the PTG-C
where agents i ∈ N have complete knowledge about whether there exists any node
that could be captured even if they transmit.
Discussion
From the previous section it is evident that there in general exist multiple Nash
equilibria in PTG-C. It is therefore justiﬁed to ask whether agents are likely to
choose a particular Nash equilibrium? Although game theory does not provide a
uniﬁed answer to this question, the theory of focal points oﬀers some insights [FT91].
It suggests that one (or possibly a subset) of the equilibria may be more likely to
occur. In the PTG-C we argue that the Nash equilibria where all agents in C1
transmit with a probability σ ∗ = 1 − E 1/(Q1 −1) represents a focal point since this is
the only Nash equilibrium independent of the ordering of agents.12 Hence we will
conﬁne our analysis in section 2.3.5 to this Nash equilibrium. Figure 2.5 illustrates
the average transmission probability at the order independent Nash equilibrium as
a function of the path gain and the number of backlogged nodes in the system for
a scenario where E = 0.15. As expected we see that the transmission probability
reduces both with the number of nodes in the cell and the path gain. In particular
we may notice that the transmission probability for agents close to the cell border
is highly sensitive to the number of nodes in the cell.

2.3.4

Packet transmission game with incomplete information

In this section we consider a context where agents know their own path gain, but
must rely on statistical information (“incomplete information”) concerning the path
gains of competing agents. We will refer to this as the packet transmission game
with incomplete information (PTG-I). In the numerical results we focus on the
setting where all agents have an identical path gain distribution; we believe that
this is representative for a case where users are mobile.
We model the problem as a N -person Bayesian game [FT91]. In this class
of games a strategy proﬁle (σ1 (g1 ) , σ2 (g2 ) , . . . , σN (gN )) consists of N functions,
where each function describes a mapping from the private information (i.e. the
12 For example, consider the Nash equilibrium where one of the users monopolizes the channel.
To end up in this equilibrium we would require that all except one user select to not transmit
while the remaining user attempts to monopolize the channel. To reach such an equilibrium in a
distributed fashion agents would need a “signalling device” that would allow them to “coordinate”
their actions (cf. correlated equilibria).
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Figure 2.5: Average transmission probability for an arbitrary agent as a function of its path
gain and the total number of users in the cell for PTG-C over multiple independent realizations
of positions for the other nodes. For comparison reasons we have included the plane where the
node transmit with probability 1/N . Note that the z-axis is in log-scale.

path gain associated with node i) and beliefs about the other nodes’ characteristics
(summarized by their path gain distributions) to a transmission probability,
i.e. σi (gi ) → [0, 1]. Notice that throughout this section we assume that the
number of users as well as the utilities are common knowledge (i.e., known by
all agents) and that all agents have identical beliefs concerning the path gains
of the other wireless nodes. To study the outcome of Bayesian games we rely
on the concept of Bayesian equilibria. A Bayesian equilibrium represents a set
∗
(gN )) where σi∗ (gi ) maximizes the expected
of strategies (σ1∗ (g1 ) , σ2∗ (g2 ) , . . . , σN
utility Eg1 g2 ...gi−1 gi+1 ...gN [ui (gi )] for each node and all feasible values of gi given
that the other agents play their equilibrium strategies σj∗ (gj ).
For a certain slot, the utility that agent i achieves can be written as

 
gi
≥ γ − E if user i is transmitting
I P pxtr
p
g
+n
j
tr
j
j=i
(2.19)
ui =
0
if user i is not transmitting
where I (·) corresponds to the indicator function which takes on the value one if
the SIR requirement is fulﬁlled and zero otherwise and
xj =

1
0

if user j active
.
otherwise

(2.20)

Focusing on the case where agent i is transmitting, then its expected utility can be
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written as



E ui (gi ) = σi (gi ) (Ti (gi ) − E)

(2.21)

where T (gi ) denotes the success probability averaged over the other nodes’
strategies and path gains and E [·] represents the expectation. It is intuitive (and
it can also be shown) that an agent’s success probability Ti (gi ) is non-decreasing
in its user’s path gain gi . Hence, the optimal strategy must be a threshold policy
where
σi∗ (gi ) =

1 if Ti (gi ) > E
.
0 if Ti (gi ) < E

(2.22)

The equation implies that nodes at any stable operating point of PTG-I must rely
on a strategy where they always try to monopolize the channel if their path gain
exceeds some value. The following theorem characterize the order independent
Bayesian equilibrium.
Theorem 3. When nodes have similar beliefs about path gain distributions there
exists one order independent Bayesian equilibrium under PTG-I in which


1 if g > Fg−1 E 1/(N −1) 
for all nodes
(2.23)
σ ∗ (g) =
0 if g < Fg−1 E 1/(N −1)
where Fg (·) is the cumulative distribution function of the nodes’ pathgain and N is
the number of backlogged nodes in the cell.
Proof. Starting from equation 2.22 we note that nodes will employ identical path
gain thresholds at the order-independent Bayesian equilibrium. Now consider a
node i with a path gain equal to this threshold, i.e. gi = z. As none of the other
transmitting nodes can have a lower path gain, we can conclude that user i never
will be captured. Hence its transmission can only be successful if none of the other
agents transmit. Thus, the success probability can be expressed as



N −1
(2.24)
hi (z) =
Fg (z) = Fg (z)
 z = Fg−1 E 1/(N −1) .
i=j

This concludes the proof.
Discussion
In theorem 3 it was assumed that all agents had identical beliefs about the other
agents’ path gains. In practice this would be reasonable for a situation where:
• Users are highly mobile and the location of a particular user is independent
of their prior position for two consecutive transmission occurrences.
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• Users are located along a ring around the access point and experience
independent small-scale fading.
Both these contexts are unrealistic because backlogged nodes would experience
both a spatial and temporal correlation in their path gain. Note however that the
motive for this approximation is to maintain analytical tractability of the problem
and that this is a “standard assumption” used in, e.g., [MW01,MW03,KN05,NK07,
WCT06].13 In contexts with limited user mobility (so that the channel coherence
time as perceived by the agent is larger than the slot duration) there will exist
correlation between a user’s path gain values at consecutive transmission instants.
Therefore, if the same set of agents are active over multiple slots they will be
able to learn about the path gain values of the competing nodes. This can result
in a situation where the path gain distribution of the other nodes diﬀer, and in
the extreme approach PTG-C as the agents will learn about whom their competing
nodes are and what their path gains are. In the numerical results we will conﬁne our
analysis (regarding PTG-I) to highly mobile nodes where all nodes have identical
path gain distributions.
Figure 2.6 illustrates how the normalized (distance) threshold



2/α

γrα
1/α
(2.25)
= 1 − E 1/(N −1) 1 −
Δt  (gmin /z)
pg0
depends on the number of backlogged nodes, the transmission cost, and the
propagation exponent for PTG-I. Note that Δt = 0.5 means that all agents
closer than half of the maximum communication distance r will be active and
that equation 2.25 can be obtained by combining equations 2.2 and 2.23. From
ﬁgure 2.6(a) it is evident that the wireless nodes beyond some threshold shut
their transmitters oﬀ and that this threshold decreases with both the number of
backlogged nodes and the transmission cost. This occurs because the probability
for successful transmission decreases with the number of nodes whereas the cost
associated with an unsuccessful packet transmission increases with E. Figure 2.6(b)
demonstrate that the distance threshold is nearly insensitive to the propagation
environment – when there are 20 nodes the relative diﬀerence between in normalized
threshold for the diﬀerent propagation exponents is less than 10 percent.

2.3.5

Numerical results

This section presents numerical results that complement our theoretical insights.
In particular we want to determine whether a distributed multiaccess protocol
in which agents select their transmission probabilities individually and selﬁshly
13 We believe that a valuable extension of the work presented in this dissertation would be to
consider the fact that the path gains will correlated over time. A starting point would be to use
the Gilbert-Elliot model.
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Figure 2.6: Normalized distance threshold as a function of the energy cost and the number
of backlogged nodes in the cell. It is interesting that normalized thresholds in (a) change from
being concave to being convex. The “breakpoint” occurs at N = 3 for the studied setting. We
see that the threshold decreases as the energy cost and the number of users in the cell increases.
Furthermore, the threshold is insensitive to the propagation environment (we have veriﬁed that
similar behavior holds for diﬀerent energy costs.). Both of the ﬁgures can be reproduced with
equation 2.25 and we note that α = 4 in (a) whereas E = 0.15 in (b).

can oﬀer performance comparable to existing distributed multiaccess protocols
where all nodes utilize the same transmission probability. Complementing the
operating points derived in sections 2.3.3 and 2.3.4, we will for this purpose consider
multiaccess protocols where the wireless nodes’ transmission probabilities have been
chosen so as to:
• Maximize the average sum utility (maximum sum utility),
• Maximize the average throughput (maximum throughput), and
• A multiaccess protocol where selﬁsh nodes ignore the capture prospects and
transmit with a probability σ ∗ = 1 − E 1/(N −1) . This strategy has previously
been proposed in [IW06, IW05].
Note that the transmission probabilities associated with the sum utility and
throughput maximizing ALOHA protocols are optimized with respect to each
speciﬁc conﬁguration of wireless nodes and therefore completely account for the
path gain values of the nodes in the systems. We also note that the transmission
probability is identical for all nodes in the cell in the multiaccess protocols that
we use for comparison. For a static analysis the maximum sum utility protocol
represents the most eﬃcient (in terms of sum-utility) of these, therefore most of the
performance comparisons will be made with respect to this protocol.14 To measure
14 As we will see in chapter 3 the maximum throughput transmission policy will be more eﬃcient
under a time-dynamic analysis where the number backlogged nodes is treated as an endogenous
variable determined by the arrival rate and transmission policy.
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the eﬃciency of the multiaccess protocols we utilize the sum utility averaged over
several independent snapshots, i.e. diﬀerent realizations. In each realization the
number of nodes in the cell with packets in their buﬀer ready to be transmitted
is constant. The simulation parameters are summarized in table 2.1, and they
correspond to typical values for a wireless LAN system in Europe.
Table 2.1: Summary of simulation parameters.
Parameter
System bandwidth [MHz]
Carrier frequency [GHz]
Noise ﬁgure [dB]
Path gain at 1ma g0 [dB]
Minimum distance r [m]
Transmit power ptr [W]
Signal to interference threshold γ [dB]
Noise power (including noise ﬁgure) np [dBW]
User distribution
a

Value
20
2.4
5
-40
5
0.1
5
-126
uniform

g0 = 20 log10 (4πf /c)

System eﬃciency
Figure 2.7 shows the relative utility gain of PTG-C over PTG-I as a function of N
and the transmission cost (E). We note that the relative utility gain associated with
PTG-C increases with both the number of nodes in the system and the transmission
cost E. The main diﬀerence between PTG-C and PTG-I is that multiple nodes, in
the latter, can try to monopolize the channel simultaneously. Additionally under
PTG-I there are contexts where none of the agents transmit even though one of them
could monopolize the channel. Figure 2.7 indicates that it becomes more diﬃcult for
nodes with incomplete knowledge to make the appropriate decision as the number of
nodes who would need to coordinate their actions increase. Additionally, the ﬁgure
suggests that agents become more reluctant to transmitting as the cost associated
with an unfavorable outcome increases.
Figure 2.8 presents the average sum utility associated with each multiaccess
protocol for a situation where there are ﬁve nodes in the cell as a function of
the transmission cost E (additional results for other user densities are provided in
ﬁgure 2.10). Note that this corresponds to a heavy load scenario.15 It is evident
that in general PTG-C outperforms the sum utility maximizing protocol. This
suggests that the stable operating point may be as eﬃcient as path gain oblivious
distributed solutions designed with the objective of maximizing system performance
given that the number of backlogged nodes are constant. For low E, where the cost
15 In chapter 3 we will evaluate the packet transmission game by means of a time-dynamic
analysis. Amongst other we will show that the probability that there are more than ﬁve backlogged
nodes in the cell is small (see ﬁgure 3.8).
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Figure 2.7: Average utility gain of PTG-C over PTG-I.

that a wireless node incurs if it is involved in a collision is marginal, the average
sum utility associated with PTG-C is lower than for the throughput and sum utility
maximizing protocols. This is an eﬀect of nodes’ incentive to act selﬁshly increases
with decreasing E (in the extreme where E → 0 the transmission probability σ ∗ → 1
for all active users). Thus, when there is vanishingly little cost for transmitting, the
solution for agents is to always transmit. From ﬁgure 2.8 it is also evident that PTGI yields 15–25% lower system eﬃciency compared to the sum utility maximizing
protocol. Note that the utility associated with PTG-I is similar to the utility
that selﬁsh agents achieve when they determine their transmission probabilities
without taking the possibilities for capture into account.16 We stress that we have
studied performance for varying user densities as well as propagation exponents.
The qualitative results, i.e. that the performance loss incurred by selﬁsh agents
often is small and that it it increases when the transmission cost decreases, are
similar to those presented in ﬁgure 2.8.

16 Notice that the probability with which a randomly chosen user transmits a packet in
“
“
`
´”
`
´”
= 1 − Pr g ≤ Fg−1 E 1/N −1)
= 1 −
the PTG-I is given by Pr g ≥ Fg−1 E 1/N −1)
”
“
−1 ` 1/(N −1) ´
1/(N
−1)
Fg Fg
E
= 1−E
, which coincides with the transmission probability obtained
when capture prospects are not taken into consideration.
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Figure 2.8: Average sum utility for the allocation methods as a function of the energy cost E for a
case where there are ﬁve nodes in the cell. For low transmission costs we note that the performance
achieved by selﬁsh users (PTG-C) is similar to the one achieved by a distributed scheduler with
the explicit objective of maximizing the sum utility. In situations where the transmission cost is
higher, PTG-C performs considerably better than the other protocols.

User performance variations
The previous discussion focused on the average system eﬃciency for the included
multiaccess protocols, but did not consider the performance variations between
the diﬀerent nodes in the system. Figure 2.9 presents the average utility that a
user located at a normalized distance Δ from the access point can achieve with
the protocols when there are four other nodes uniformly distributed in the cell
(additional results for other node densities are illustrated in ﬁgure 2.10). It is
evident that the PTG-C and PTG-I provide better performance than the other
multiaccess protocols for nodes located close to the access point. For users in the
outer part of the cell (when the normalized distance is greater than 0.5), however,
the sum utility maximizing protocol oﬀers the highest average utility.17 The large
performance variations associated with PTG-C and PTG-I are due to the fact that
each node selects the transmission probability that maximizes its individual utility
without considering how their choice aﬀects the other wireless nodes in the system.
The possibilities for capture results in that wireless nodes close to the receiving
17 Recall that users are more likely to be located in the outer part of the cell (see ﬁgure 2.2).
In fact, around 75 percent of the wireless nodes will be characterized by a normalized distance
greater than 0.5 (given a uniform distribution).
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node over-utilize the channel whereas nodes in the outer part of the cell never
transmit. As shown in ﬁgure 2.9 this results in “starvation” for users located at
large distances. For low energy costs the relative diﬀerence between the PTG-C,
PTG-I, and the other multiaccess protocols is reduced (these results are not shown
here). Similarly the relative diﬀerence increases with increasing energy cost. The
qualitative results, i.e. that both PTG-C and PTG-I result in larger performance
variations between users, is true for all transmission costs that we have studied.
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Figure 2.9: The average utility that a user located at a normalized distance Δ from the access
point experiences with the multiaccess protocols in a scenario where there are four other nodes in
the cell and the transmission cost E = 0.15. Note the ALOHA (maximum throughput) results in
users in the outer part of the cell having a negative utility. This is an eﬀect of that all backlogged
nodes transmit packets with an identical probability chosen to maximize the expected throughput
(and not sum-utility).

2.4

Extensions of the packet transmission game

Having analyzed a basic version of the packet transmission game, this section
presents two possible extensions. In the ﬁrst extension it is shown that the derived
results are valid for a wider set of utility functions. The second extension focuses on
how and to what extent the access point can improve the sum utility by adopting
the rule of an enforcer (and punish agents that misbehave).
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Figure 2.10: Average sum utility as a function of the transmission cost and the average utility
as function of the normalized distance for a case of 2 and 10 nodes. In the latter the normalized
transmission cost E = 0.15.

2.4.1

A simple extension to transformed utility functions

Below we extend the PTG to a
as
⎧
⎨ 1−E
−E − c1
ui =
⎩
−c2

situation where the utility of users can be written
if user i transmits and Γi ≥ γ
if user i transmits and Γi < γ .
if user i does not transmit

(2.26)

To determine whether or not to transmit, agent i as in previous sections maximizes
its expected utility. With the modiﬁed utility function this can be written as



 

ui (σi , σ−i ) = σi Ti (σ−i ) 1 − E − 1 − Ti (σ−i ) [E + c1 ] − (1 − σi ) c2 =


(2.27)
σi Ti (σ−i ) [1 + c1 ] − (E + c1 − c2 ) − c2 .
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The following theorem shows that packet transmission games where users’ utility
function are given by equation 2.27 are equivalent to the original packet transmission
game (i.e., both PTG-C and PTG-I) treated in section 2.3, although with a slightly
modiﬁed cost of transmitting.
Theorem 4. Packet transmission games where each user’s utility function is given
by equation 2.26 have the same Nash equilibria as the original packet transmission
game with a transmission cost (E + c1 − c2 ) /(1 + c1 ) < E < 1 where c1 , c2 > 0.
Proof. From the expected utility described by equation 2.27 we note that the
preference of an arbitrary agent i is completely described by the ﬁrst term


(2.28)
ũi (σi , σ−i )  σi Ti (σi ) [1 + c1 ] − [E + c1 − c2 ]
since the cost c2 occurs independently of the taken action. At any mixed strategy
Nash equilibrium, agent i should be indiﬀerent to the pure strategies used in the
mixed strategy Nash equilibrium [FT91]. Thus, for all active nodes, we require that


 ∗  E + c1 − c2
∗
= 0  Ti σ−i
=
.
ũi σi∗ , σ−i
1 + c1

(2.29)

Replacing (E + c1 − c2 )/(1 + c1 ) = E  , this is identical with the condition
stipulated in lemmas 2.3.2 and 2.3.3.
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Figure 2.11: Total cost E  as a function of the delay cost D for a few energy costs E.
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Theorem 4 shows that the results presented in section 2.3 also hold for settings
where users have a modiﬁed utility function as per equation 2.27. One example of
such a utility function is obtained by setting c1 = c2 = D. With this utility function
agents experience an additional cost of D each slot they are unable to transfer a
packet; for instance, representing a case of “inpatient users”. Figure 2.11 illustrates
the modiﬁed cost as a function of D for a few diﬀerent transmission costs E. Note
that the perceived overall cost of transmitting a packet decreases as D increases and
agents become increasingly impatient. A decreased cost of transmitting a packet
makes, as noted previously, agents more aggressive.

2.4.2

Enforced cooperation through access point policing

Section 2.3 showed that selﬁsh agents in many circumstances are capable of sharing
a slotted ALOHA channel eﬃciently. However, we as well as the existing literature
have noted that there exists situations where the selﬁshness can cause signiﬁcant
performance degradation. An example of such a situation would be when the
transmission cost is small at the same time as the SIR requirement is very high (so
that capture can not occur). In such settings the access point could beneﬁt from
introducing a stricter etiquette and discourage individual agents from over-utilizing
the resource. As noted in our review of the related literature these could be based
on:
• Introducing a price for utilizing the resources, or
• Punishing nodes that misbehave.
For the ﬁrst approach we refer to [WCT06,CWMAD07,WCMAD08b,WCMAD08a].
This section focuses on the latter approach. We consider a setting where the access
point adopts the role of a fair social-welfare maximizing police and broadcast the
transmission probability σW (common to all agents) maximizing the sum utility as
well as the punishment K describing the average number of successfully transmitted
packets the access point will drop if an agent is detected as cheating. Further, we
assume that all agents are aware of the procedure used by the access point for
evaluating whether agents are cheating. Unlike section 2.3 we focus on a scenario
where multiple simultaneous transmissions always results in all packets being lost.
The reason for this is that it represents one of the cases where the loss due to
selﬁshness is severe. With respect to section 2.3 it could represent the case where
all active agents belong to the ﬁrst collision set C1 .18
While agents in the studied setting still control their transmission probability,
the access point now on a per slot basis estimates the transmission probabilities
used by the agents in order to detect misbehavior. If an agent is classiﬁed as
misbehaving an average number of K successfully transmitted packets (transmitted
in the future) are dropped. For this setting two relevant questions are:
18 We

set.

recall that the sum utility always is zero if more than two agents are part of the active
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• How hard should the access point penalize agents that misbehave, i.e. how
large should K be? and
• To what extent can the access point improve the resource utilization by
monitoring and punish agents that misbehave?
Estimation of transmission probabilities
In order to detect misbehaving agents the access point needs to estimate the
transmission probabilities used by agents since σi cannot be explicitly observed.
For doing this we start by noticing that the probability that node i successfully
transmits a packet in a randomly chosen slot (i.e., the throughput) is given as
si  σi Ti (σi , σ−i ) = σi



(1 − σj ) .

(2.30)

j=i

Similarly, the probability that the channel is idle can be expressed as

(1 − σj ) .
pidle 

(2.31)

j

Inserting equation 2.31 into equation 2.30 we obtain
si = σi

pidle
1 − σi

(2.32)

wherefrom σi can be solved as
σi =

si
.
pidle + si

(2.33)

Note that a similar procedure would be applicable also when some of the nodes
could be captured if the access points is aware of the backlogged nodes’ path gains.19
Both si and pidle are measurable for the access point and with a moving average
containing the information for the last θ slots the estimates at the beginning of slot
v are given as
θ
1
ŝi (v, θ) =
Ii (v − j)
(2.34)
θ j=1
and

1
Iidle (v − j)
θ j=1
θ

p̂idle (v, θ) =

(2.35)

19 Given the path gains the access point estimate the agents’ transmission probabilities in an
iterative manner starting with the nodes that cannot be captured, and working its way into to
the node closest to the access point.
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respectively. Here Ii (v) represents the indicator function and it takes on the value
of one if the access point decoded a packet transmitted by agent i in slot v and
zero otherwise. Similarly, Iidle (v) equals one if the channel was not used in slot v
and zero otherwise. Inserting equations 2.34 and 2.35 into equation 2.33, the access
point’s estimate of the transmission probability used by agent i becomes
ŝi (v, H)
ŝi (v, H) + p̂idle (v, H)

σ̂i (v, H) =

(2.36)

where H = (θ, σ).20 Figures 2.12(a)-(b) show the estimated transmission
probabilities for a scenario where four agents use a transmission probability of
0.2 and one agent transmits packets with a probability 0.4. Both the case of
θ = {103 , 104 } slots are illustrated and we observe that the variations of the estimate
reduces as θ increases. In reality, θ will be dictated by the life time of the nodes’
demand.
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Figure 2.12: Example of the nodes’ transmission probability as estimated by the access point.
In total there are ﬁve active nodes. Four of them transmit packets with a probability 0.2 whereas
one of them transmit packet with a probability 0.4.

A punishment mechanism
Based on the estimated transmission probabilities the access point must continuously
assess how hard (if any) punishment active nodes should obtain. The punishment
will inﬂuence agents’ decisions via the utility function. In each slot the access
point conducts a hypothesis test (per agent) with the null hypothesis agent i
complies with the rules (σi = σW ) and an alternative hypothesis that agent
20 Note that the estimate is sensitive to errors when the transmission probabilities used by
agents are high or pidle is small. For practical purposes though we would expect that pidle  1/e =
limN →∞ (1 − 1/N )N , which represents the probability that the channel is idle if the transmission
cost is zero. For this region the estimator is accurate.
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i is cheating (σi > σW ). This procedure results in a decision rule according
to which each agent i in each slot is classiﬁed as cheating if the the estimated
transmission probability exceeds some threshold, i.e. σ̂i (H) > σ̄ξ (note that we
drop the index describing the speciﬁc slot for notational simplicity). Here ξ is
a parameter describing the maximum allowed probability for false positives (i.e.,
that an agents that is complying with the etiquette is classiﬁed as cheating and
thus is punished). Note also that σ̄ξ depends on the length of moving average θ
as illustrated in ﬁgure 2.13. This ﬁgure considers a case where ﬁve agents with
a transmission cost of E = 0.05 share the channel and where σW = 0.138. As
expected σ̄ξ reduces with both θ and ξ. This is due to the fact that an increased θ
reduces the variance in the estimate σ̂i (H), which for a given ξ enables the access
point to reduce the safe-margin. It is also noticeable that when the requirement on
σ̄ξ is strict the access point need to use a threshold signiﬁcantly higher than the
σW .
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Figure 2.13: Illustration of the threshold value σ̄ξ used for classifying whether an agent is
cheating as a function of θ and ξ for a scenario where σW = 0.138 and there are ﬁve backlogged
nodes.

Computation of symmetric Nash equilibria
Given the punishing policy K and σ̄ξ the utility function of agent i can be written
as as




ui (σi , σ−i ) = σi Ti (σ−i ) 1 − KPr [σ̂i (H) ≥ σ̄ξ ] − E
(2.37)
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where σi represents the transmission probability used by agent i, Ti (σ−i ) =

j=i (1 − σj ) the probability that a packet transmitted by agent i does not collide
with a packet transmitted by another agent, and KPr [σ̂i (H) ≥ σ̄ξ ] the average
number of dropped packets per successful reception for node i. Taking the derivative
with respect to σi we obtain


∂ui (σi , σ−i )
= Ti (σ−i ) 1 − KPr [σ̂i (H) ≥ σ̄ξ ] − E
∂σi
∂
−Ti (σ−i ) K
Pr [σ̂i (H) ≥ σ̄ξ ] .
∂σi

(2.38)

Focusing on the symmetric Nash equilibrium where σi∗ = σ ∗ for all i ∈ Cactive and
letting H∗ = (θ, σ ∗ ) a necessary condition becomes:


1 − K · Pr σ̂ (H∗ ) ≥ σ̄ξ −

E
(1 −

N −1
σ∗ )

= Kσ ∗



∂
Pr σ̂ (H∗ ) ≥ σ̄ξ ,
∗
∂σ

(2.39)

which can be solved with numerical methods.
One potential problem with the punishment strategy is that there does not need
to exist a symmetric Nash equilibrium in pure strategies (see ﬁgure 2.14(a)). Since
the existence of an order-independent Nash equilibrium is a desirable property
[WDTK02, DMRO05, CR+ 04] it would be beneﬁcial if this could be ensured by
selecting K in an appropriate way. As the existence of symmetric Nash equilibrium
in pure strategies is ensured if the utility functions are quasi-concave 21 our problem
becomes to choose K so that the agents utility functions are quasi-concave over
the relevant interval of strategies. This can be achieved by selecting K > 1 − E
(see ﬁgure 2.14(b)). The intuition behind this bound is that the access point’s
punishment must be so hard so that an individual agent never can beneﬁt (i.e.,
always receives a negative utility) from monopolizing the channel. Note that 1 − E
is an upper bound on the punishment K and that a particular game may have a
symmetric Nash equilibrium in pure strategies also if K < 1 − E.
As an illustration ﬁgures 2.14(a)-(d) depict the utility that agent i achieves as a
function of its own and the other agents transmission probabilities for a case where
K = 0.1 and K = 1 packets/detection, respectively. The transmission cost E =
0.05 and we have included the best response for agent i as well as the strategy proﬁles
that can constitute a symmetric pure strategy Nash equilibria. Focusing on ﬁgure
2.14(a) in which K < 1−E it is evident that the best response function of agent i is
discontinuous. The discontinuity is caused by that the punishment K for cheating
is too low, which, in turn, results in that an individual agent always has incentive
to monopolize the channel when the other nodes comply with the etiquette; even
if it always is detected as cheating by the access point.22 Figure 2.14(b) illustrates
21 A function f (σ) is quasi-concave if it is nondecreasing up to some value σ and non-increasing
0
for all σ > σ0 .
22 Note that there for this punishments K always exists a Nash equilibrium where one of the
agents always transmit while all other users remain inactive.
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Figure 2.14: The utility of agent i as a function of its own and the other four agents transmission
probabilities in a situation where K = {0.1, 1} packets/detection and E = 0.05. Note that the
best response associated with agent i is discontinuous when K = 0.1 packets/detection and that
it does not exist any symmetric pure strategy Nash equilibrium. Note that the best response
function of agent i is continuous for K = 1 packets/detection and that the there exist a symmetric
pure strategy Nash equilibrium. In the studied setting ξ = 10−3 .

the utility achieved by user i when the punishment K = 1 packets/detection. Note
that the best response function of agent i is both continuous and that a symmetric
Nash equilibrium exists.
Having established that the access point can guarantee the existence of a
symmetric pure strategy Nash equilibrium we now proceed to the second research
question stated in beginning of this section. That is, to what extent can the access
point improve sum utility by policing agents. Figure 2.15 presents the sum utility
that a policing access point can achieve as a function of K, θ, and ξ. From the
ﬁgure we can note that the sum utility is increased if the access point adopts the
role of a social welfare maximizing police (recall that the sum utility is zero without
a policing access point for the considered scenario since all nodes are in the same
collision set). However, we note that there will still exist a performance loss with
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respect to the scenario where nodes are cooperative and the access point never
drops any packets. The eﬃciency loss is an eﬀect of that there exist a maximum
requirement for false positives. As noted above this results in that the access
point needs to introduce a safe margin and, implicitly allow some over-utilization.
Note also that the eﬃciency increases as the θ increases. This is due to that the
access point’s estimate of the users transmission probabilities become more reliable,
enabling more accurate decisions. Finally we notice that there exists a punishment
that maximizes the sum utility; at least for the case where θ = 100 slots. This
maximum can be explained by that a too low punishment will result in that agents
over-utilize the channel whereas a too high punishment results in that agents use
too high safe margins when selecting their transmission probabilities; since the cost
of being falsely detected as cheating is unreasonably high.
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Figure 2.15: Average sum utility as a function of the punishment K, estimator depth θ, and
maximum allowed probability for false positives ξ.

2.5

Selﬁsh agents sharing a slotted multi-rate channel

Up until this point of the chapter we have focused on a single-rate ALOHA channel
in which agents transmit with a ﬁxed power. However, most systems where a
ﬁxed transmit power is used support some form of link quality control through
which the modulation level and coding rate can be adjusted to suit current channel
conditions. This section extends the previous analysis by considering a multirate ALOHA channel and we study both systems with link adaptation and
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incremental redundancy.23 In addition to characterize the stable operating points
and evaluate their eﬃciency with respect to traditional multiaccess protocols we
want to evaluate whether the eﬃciency always is increased by using more advanced
methods for combining packets at the receiving node in the presence of selﬁsh nodes.
This is exempliﬁed by comparing the system with incremental redundancy with the
system that only supports link adaptation. As in section 2.3 we consider both a
case where agents have complete knowledge about the path gain values of the other
wireless nodes and a setting where agents have to rely on statistical information
about the path gain values of the competing nodes.

2.5.1

Systems with link adaptation

This section discusses a system where link adaptation is supported. In such settings
agents must select their transmission probability σi as well as their modulation level
and coding rate (translating into SIR requirement γi ). To capture the fact that
users prefer high data rates over low data rates we extend the utility function used
in sections 2.3 and 2.4 as
⎧
⎨ w (γi ) − E if node i transmits and Γi ≥ γi
−E
if node i transmits and Γi < γi .
(2.40)
ui =
⎩
0
otherwise
Here the term 1−E in equation 2.5 has been replaced with w (γi )−E. Here w (γi )−
E denotes the satisfaction that agent i achieves when it successfully transmits a
packet requiring a SIR γi in a slot. It is assumed that
⎧
if γi < γ
⎨ 0
v (γi ) if γ ≤ γi ≤ γ .
(2.41)
w (γi ) =
⎩
v (γ) if γi > γ
Here γ (γ) denote the SIR requirement corresponding to the minimum (maximum)
supported data rate and v (γi ) is monotonously increasing in the interval [γ, γ].
Thus w (γi ) will be non-decreasing with γi and monotonously increasing in the
interval γi ∈ [γ, γ]. Using equation 2.40 the expected utility that agent i achieves
when using a transmission probability σi and a SIR requirement γi can be written
as


(2.42)
ui (σi , γi , σ−i ) = σi w (γi ) Ti (γi , σ−i ) − E
where Ti (γi , σ−i ) = Pr [Γi ≥ γi ] denotes the probability that agent i successfully
transmits a packet when its SIR requirement is γi and the transmission probabilities
used by the competing nodes are described by σ−i . Here
Γi =

gi ptx
j=i xj gj ptx + np

(2.43)

23 Incremental redundancy can be viewed as a form of “perfect” link adaptation in which
transmitting nodes always choose a SIR requirement that perfectly suits its experienced channel
conditions.
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where
xj =

1
0

if user j active
.
otherwise
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(2.44)

Note that the success probability Ti (γi , σ−i )(and thus also the utility) experienced
by agent i is independent on the signal to interference requirement employed by
the other agents.24 The packet transmission game with link adaptation (PTG-LA)
can now be deﬁned as:
(PTG-LA)

max

σi ∈[0,1], γi ∈[γ,γ ]

ui (σi , γi , σ−i )

for all i ∈ N .

(2.45)

and we note that the agents’ strategy space is 2-dimensional. Although agents
in the general case could vary their modulation and coding levels probabilistically
the analysis presented below assumes that each agent use one (although varying
between agents) SIR requirement γi for all its transmitted packets.
Nash equilibria PTG-LA-C
Having introduced PTG-LA we now proceed with characterizing the stable
operating points for a setting where agents have complete knowledge about the path
gains of the other nodes in the system. This setting will be referred to as PTGLA-C and we start characterizing the pure strategy Nash equilibria. Thereafter a
characterization of the mixed strategy Nash equilibria is presented.
The following theorem characterizes the pure strategy Nash equilibria of PTGLA-C.
 
Theorem 5. There exist Q1 =|C1 γ | pure strategy Nash equilibria where one
 
agent i ∈ C1 γ monopolizes the channel. The monopolizing agent will always
use the highest 
SIR threshold supported by its link budget. That is (σi∗ , γi∗ ) =

1, min

ptx gi
np , γ

and σj∗ = 0 for all other nodes j.

 
Proof. The procedure for showing that only agents who belong to C1 γ are
capable of monopolizing the channel is analogous with theorem 1. To realize that
a monopolizing agent must utilize its maximum SIR it suﬃces to note that the
resulting utility can be written as
ui (1, γi , 0) = w (γi ) − E.

(2.46)



Since w (γi ) is strictly increasing in the interval γi ∈ γ, γ agent i must choose


gi
γi∗ = min ptx
np , γ at the Nash equilibrium.
24 This is an eﬀect of that we study a system where each node every time it acquires the channel
keeps it for a constant time period. In WLAN this would not apply because nodes transmits
packets of ﬁxed size. Thus, a node utilizing a lower rate will inﬂuence the performance of other
nodes since it takes longer time to transmits its packets.
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The theorem states that only nodes who belong to the collision set of the node
with the greatest path gain, when this node employs the SIR requirement γ, can
monopolize the channel. This is a generalization of theorem 1. Note that this class
of Nash equilibria is Pareto eﬃcient since the monopolizing agents always use
the maximum SIR requirement that their link support.
The reminder of this section is devoted to ﬁnding the mixed strategy Nash
equilibria under PTG-LA-C. We note that this is composed by a set of SIR
requirements γ ∗ and transmission probabilities σ ∗ from which no agent can beneﬁt
by unilaterally deviating, i.e.




∗
∗
≥ ui γ  , σ  , σ−i
for all σ  ∈ [0, 1], γ  ∈ [γ, γ] and i ∈ N . (2.47)
ui γi∗ , σi∗ , σ−i
Before describing the approach used for identifying the mixed strategy Nash
equilibria PTG-LA-C we note that there can exists Nash equilibria where capture
occurs. Finding the related transmission probabilities requires that a (nonlinear)
system of equations accounting for that a packet transmitted by an agent may be
successfully received if a group of nodes transmit individually but not when they
transmit simultaneously.25 We have not been able to solve this set of equations
(for the general case). To identify the mixed strategy Nash equilibria we instead
propose an approach based on the following two observations:
Observation 1. When path gains are known to all agents there exists a countable
number of SIR requirement combinations γ that can constitute a Nash
equilibria.26
Observation 2. A set of SIR requirements γ and their corresponding transmission
probabilities σ constitute a Nash equilibrium if
w (γi ) Ti (γi , σ−i ) ≥ w (γi ) Ti (γi , σ−i )

for all γi and i ∈ N .

(2.48)

The ﬁrst observation states that there exists a ﬁnite number of SIR combinations
that are candidates for being part of a mixed Nash equilibrium. The second
observation can be used to evaluate whether a potential Nash equilibrium really
is an equilibrium. Thus, the two observations in principle allow us to identify all
mixed strategy Nash equilibria of PTG-LA-C. However, in our analysis we will
only consider Nash equilibria in which agents utilize the highest SIR requirement
25 To exemplify let us consider the case where there are four active nodes and where the
transmission of nodes 3 and 4 together cause an interference level so high so that the transmissions
of node 1 becomes
`
´ unsuccessful. Then a necessary condition for a mixed strategy Nash equilibria
is that T1 σ−1 = (1 − σ2 ) (1 − σ3 σ4 ) = E/w (γ1 ).
26 Let us as an example consider a system with three users for which g > g > g . Further
1
2
3
let γi,{j,k} denote a SIR threshold such that user i is captured if user j and k transmit
individually and γi,{j+k} a threshold where user i is captured if both user j and k transmit
simultaneously.
Then ´the` set of thresholds´ constituting
potential´ Nash
equilibria is given
`
`
`
´
by:
γ1,{} , γ2,{} , γ3,{} , γ1,{3} , γ2,{} , γ3,{} , γ1,{2,3} , γ2,{} , γ3,{} , γ1,{2+3} , γ2,{} , γ3,{} ,
´`
´ `
´
`
´
`
γ1,{} , γ2,{3} , γ3,{} , γ1,{2} , γ2,{3} , γ3,{} , γ1,{3} , γ2,{3} , γ3,{} , and γ1,{2+3} , γ2,{3} , γ3,{} .
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supported by their link budget. We believe that these are more likely than
equilibria where capture occur since the latter class of equilibria would require
that agents coordinate their SIR thresholds for each conﬁguration of nodes. Next,
two lemmas characterizing the mixed strategy Nash equilibria for situations where
capture cannot occur are presented. While the ﬁrst lemma derives the transmission
probabilities associated with a potential Nash equilibrium, the second lemma can
be used to evaluate whether a particular set of nodes can be active at a Nash
equilibrium. Note that both these lemmas take the SIR requirements used by the
agents as input argument and focuses on deriving the transmission probabilities
that must be used given these.
Lemma 2.5.1. At any mixed strategy Nash equilibrium where capture does not
occur, an active node i must transmit packets with a probability

1/(Qactive −1)
j∈Cactive Ej
∗
.
(2.49)
σi = 1 −
Ei
Here Ej = E/w (γj ) for all j ∈ Cactive and γj =
used by node j.

ptx gj
np

denote the SIR requirement

Proof. A detailed proof of this lemma is presented in Appendix B. Here we present
a sketch of the involved steps. To prove the lemma note that
 ∗  

=
1 − σj∗ = E/w (γi ) = Ei
Ti σ−i
(2.50)
j=i

 ∗ 

,
at the mixed strategy Nash equilibria. Forming the product of k∈Cactive Tk σ−k

 
Qactive −1
∗ Qactive −1
∗
exploiting that j=i 1 − σj
= Ei
and solving for σi gives the
desired result.
This lemma suggests that active agents experiencing unfavorable channel condition
must transmit packets more frequently than agents experiencing a strong channel at
the mixed strategy Nash equilibrium. As the condition for mixed Nash equilibrium
can be written as a system linear equations (by using a logarithmic transformation
on equation 2.50) it can readily be veriﬁed that there exists one operating point
where all agents are active. However, note that lemma 2.5.1 neither ensures that
the corresponding transmission probabilities are feasible nor a mixed strategy Nash
equilibrium (since some agents might beneﬁt from changing their SIR requirement)
The following lemma provides a suﬃcient condition for determining when a
particular active set is feasible:
Lemma 2.5.2. An active set Cactive = {n1 , . . . , nM } has a feasible mixed strategy
Nash equilibrium if and only if

1/(Q
−1)
Ej active
≤ min Ej
(2.51)
j∈Cactive

j∈N
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where N represents the set of backlogged nodes in the system and where Ej =
E/w (γj ).
Proof. A detailed proof is presented in Appendix B. Here we present a sketch
of the proof and it consists of three parts: The ﬁrst part assumes that the node
for which Ei is smallest (we assume that this is node 1) is inactive and derives
the conditions under which node 1 would choose to remain inactive. The second
part assumes that node 1 is active. Noting that node 1 must utilize the smallest
transmission probability, equation 2.49 is used to derive a condition for ensuring
that this probability is greater than zero. The third part consists of showing that
no inactive node can beneﬁt from starting to transmit given that equation 2.51 is
fulﬁlled. This can be performed by means of equation 2.50.
This lemma shows that the satisfaction that active agents’ must experience a similar
normalized transmission cost w (γi ) /E. Note also that as long as equation 2.51
holds, the lemma ensures that none of the inactive agents can beneﬁt from start
transmitting. As w (γi ) increases with γi , lemma 2.5.2 further implies that the set
of nodes that can be active is determined by the agent with best channel quality
(greatest path gain) and it can be seen as an extension of lemma 2.3.2. Together
lemma 2.5.1 and lemma 2.5.2 characterize the transmission probabilities that agents
will use at any mixed strategy Nash equilibrium where capture does not occur.27
We are now in position to describe the method that we use for identifying the
Nash equilibrium in PTG-LA-C. This is presented in ﬁgure 2.16 and we stress
that we only evaluate potential Nash equilibria where all agents use the highest
SIR threshold supported by their path gain. As an initial condition all agents
are assumed to be active and given their path gains the related transmission
probabilities are computed via lemmas 2.5.1 and 2.5.2. If any of the resulting
transmission probabilities is infeasible or if at least one of the agents could improve
its expected utility by reducing their SIR threshold the node with lowest path gain
is removed from the active set. Note that we in this way ensures that inactive
nodes never have incentives to start transmitting. This procedure is repeated until
we have identiﬁed a Nash equilibrium (σ ∗ , γ ∗ ).
Bayesian equilibria in PTG-LA-I
In this section we consider the case where agents are aware of their own path gain
but must rely on statistical knowledge regarding the path gains associated with the
other nodes. This information is captured by their beliefs and as before we let Bi
denote the beliefs of agent i. We further assume that all agents have identical beliefs
about the path gains of the competing nodes and that these are described by the
cumulative distribution function Fg (g). Similar as in section 2.3.4 this represents a
27 We highlight that even though our primary focus has been on a scenario where all nodes
transmit to the same access point lemma 2.5.1 and lemma 2.5.2 would also be applicable in an ad
hoc network if all nodes are in the same collision set.
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Figure 2.16: Algorithm used for identifying the Nash equilibria in PTG-LA-C.

case of highly mobile nodes and we will refer to the described scenario as the packet
transmission game with link adaptation and incomplete information (PTG-LA-I).
The problem is described as a N -person Bayesian game where agents’ strategies
represent a mapping from their path gain and beliefs into a transmission probability
and signal to interference requirement, i.e. (σ (gi , Bi ) , γ (gi , Bi )) → [σi , γi ] where
we have exploited that the transmission strategy and SIR threshold that an agent
should use are separable, i.e. the SIR level that an agent should use does not depend
on its transmission probability.
The utility that agent i achieves in a certain slot can be written as
ui =

w (γi (gi )) I (Γi ≥ γi ) − E
0

if user i is transmitting
if user i is not transmitting

(2.52)

where I (·) corresponds to the indicator function which takes on the value one if
the SIR chosen requirement γi is fulﬁlled. The following theorem characterize the
symmetric Bayesian equilibrium corresponding to PTG-LA-I.
Theorem 6. When agents have similar beliefs about the other nodes’ path gains
there exist a symmetric Bayesian equilibrium to PTG-LA-I in which
σ ∗ (g) =

1 if g > z
0 otherwise

(2.53)
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and
γ ∗ (g) =

⎧
⎨

ptx g
np

if

 ∗

⎩ arg maxγ≤ ptx g w (γ) T σ−i
(g) if
n
p



n
z ≤ g ≤ γ z + ptxp


. (2.54)
n
γ z + ptxp ≤ g

The path gain threshold z used by agents is the solution to the equation
FgN −1 (z) = E/w

ptx z
np

.

(2.55)

Proof. A detailed proof is presented in Appendix B. Here we only present an outline
of the involved steps. Showing that agents must rely on a threshold strategy can be
done in a similar way as for single-rate systems (see theorem 3). Exploiting that an
agent with a path gain coinciding with the threshold z never can be captured, these
agents must be indiﬀerent to whether they transmit. This gives equation 2.55. The
SIR level that agents should use is given by equation 2.54. The upper case covers
the path gains for which capture is physically impossible (thus the agent should
always use the highest SIR requirement supported by its link budget). The lower
case depicts the scenarios for which capture can occur.
Theorem 6 illustrates that agents should employ a threshold strategy at the
order-independent Bayesian equilibrium. This is similar to the results for PTGI. However, unlike PTG-I, the theorem suggests that agents experiencing favorable
channel conditions may beneﬁt from using a lower SIR threshold. An example of
γ ∗ (g) is presented in ﬁgure 2.17 for case situation where
v (γi ) =

log2 (1 + γi )

.
log2 1 + γ

(2.56)

Note that this function describes a case where users’ utility increases linearly with
the amount payload data that they are able to successfully transmit in a slot. For
this utility function ﬁgure 2.17(a) illustrates the equilibrium strategy γ ∗ (g) for
several node densities. It is evident that an individual agent who experiencing a
strong link generally is better oﬀ by using a lower modulation level and coding
rate than the one supported by their link. The intuition behind this result is that
an agent by reducing its SIR requirement can hedge its risk for being aﬀected
by the transmissions of other nodes.28 Figure 2.17(b) presents the average utility
corresponding to the γ ∗ (g). We have also included the average utility that the agent
would obtain by using the highest SIR requirement that its link budget support (see
dotted lines).
28 Similar results would hold for delay and bandwidth adaptive utility functions for which the
utility at “high” data rates are concave; see e.g. [She95] for a more detailed discussion concerning
the other types of utility functions proposed for modeling the performance perceived by users
running data applications.
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Figure 2.17: The SIR requirement γ ∗ (g) and the average utility chosen at Bayesian equilibrium
for PTG-LA-I. Dotted lines in (b) represents the average utility achieved when the agents use the
highest SIR supported by their link.

2.5.2

Systems with incremental redundancy

The second setting that has been studied is one where the access point can store
the received packets, request retransmissions and combine the information from
multiple transmission attempts. More speciﬁcally, we focus on systems that support
type-II ARQ (“incremental redundancy”). For this mode, it is known that the
amount of useful information in each received packet is proportional to the
spectral eﬃciency log2 (1 + min (Γi , γi )) as measured by the receiving node [ZAS06].
Compared to a system only supporting link adaptation the use of incremental
redundancy eliminates the risk that a packet transmitted by a node is discarded.
To obtain a maximum utility of the its transmissions it is further clear (with our
model) that agents should always transmit at the maximum rate supported by their
link budget. The utility that agent i achieves in a certain slot can be written as


E w (Γi (σ−i )) − E if user i transmits
(2.57)
ui =
0
if user i does not transmit


where E represents the transmission cost and E w (Γi (σ−i )) denotes the expected
payoﬀ that agent i experiences given the other agents’ transmission probabilities
σ−i . Since there does not exist any hard minimum SIR requirement (γ)
w (γi ) =

w (γi ) if γi ≤ γ
.
w (γ) if γi > γ

(2.58)

The expected utility that agent i achieves when it transmit with a probability σi
becomes
 


ui (σi , σ−i ) = σi E w (Γi (σ−i )) − E .
(2.59)
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Figure 2.18: Algorithm for determining the Nash equilibrium for the PTG-IR-C.

This allows us to deﬁne the packet transmission game with incremental redundancy
(PTG-IR) as
(PTG-IR) max ui (σi , σ−i )
σi ∈[0,1]

for all i ∈ N .

(2.60)

Nash equilibria in PTG-IR with complete information
This section focuses on identifying the Nash equilibrium when agents have complete
knowledge of the path gains of the other nodes in the system. We will refer to this
as PTG-IR-C. We will show that there exist one unique order-independent Nash
equilibrium and to ﬁnd this equilibrium we exploit the structure of PRG-IR-C and
divide the set of agents into three disjoint sets:
• Agents that always transmit (denoted by the set A),
• Agents that never transmit (denoted by the set I), and
• Agents that transmit packets with some probability (denoted by the set N \
(A ∪ I)).
The used algorithm for identifying the Nash equilibria is presented in ﬁgure 2.18
and we note that the transmission probabilities used by agents in the last set are
computed by solving a nonlinear equation system.
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Bayesian equilibria in PTG-IR with incomplete information
For the case where agents only know their own path gain, we originate from equation
2.59 wherefrom it is evident that an agent’s expected utility will be non-decreasing
in its path gain. Thus, agents should rely on threshold strategy
σ ∗ (g) =

1 if g ≥ z
0 if g < z

(2.61)

where the threshold can be derived from the condition
w (Γ (σ ∗ (z))) = E,

(2.62)

which can be solved with numerical methods.

2.5.3

Numerical results

This section presents the numerical results associated with our studies on the multirate ALOHA channel. As in the previous sections of the chapter our objective is
to evaluate the eﬃciency (measured as the sum utility) that can be achieved when
selﬁsh agents control the probability with which they transmit packets as well as the
modulation level and coding rate that they use (modelled as signal to interference
plus noise requirement γ). In the numerical results we assume that
v (γ) =

log2 (1 + γ)

,
log2 1 + γ

(2.63)

i.e. the utility that nodes enjoy by successfully transmitting a packet increases
linearly with the amount of payload data that they can transfer in a slot.
To evaluate the eﬃciency of the operating points derived in sections 2.5.1 and
2.5.2 we consider a multiaccess protocol in which all nodes use the transmission
probability that maximize the sum utility in a system where incremental redundancy
is used. We will refer to this as ALOHA-IR (sum utility). Note that the
transmission probabilities have been optimized with respect to each speciﬁc
conﬁguration of nodes and therefore completely account for the path gains of the
nodes. Note also that the sum utility that could have been achieved with ALOHALA always would be lower than the sum utility achieved by ALOHA-IR. The
simulation parameters are summarized in table 2.2.
System eﬃciency and performance variations
Figure 2.19 presents the sum utility for a situation where there are ﬁve agents
contending for the channel as a function of their transmission cost (additional results
for other user densities are presented in ﬁgure 2.21). For settings where agents are
aware of the path gain of the competing nodes (PTG-LA-C and PTG-IR-C) it is
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Table 2.2: Summary of simulation parameters.
Parameter
System bandwidth [MHz]
Carrier frequency [GHz]
Propagation exponent α
Noise ﬁgure [dB]
Pathgain@1ma g0 [dB]
Minimum distance r [m]
Transmit power ptr [W]
Minimum signal to interference threshold γ [dB]
Maximum Signal to interference threshold γ [dB]
Noise power (including noise ﬁgure) np [dBW]
User distribution
a

Value
20
2.4
4
5
-40
5
0.1
5
25
-126
uniform

g0 = 20 log10 (4πf /c)

evident that selﬁsh agents use the resources more eﬃciently than ALOHA-IR in
which all nodes use the same transmission probability but act cooperatively. This
suggests that selﬁsh nodes can use the resources eﬃciently also for a multi-rate
ALOHA channel. Comparing the results in ﬁgure 2.19 with those presented in
ﬁgure 2.21 one can observe that for low E:
• PTG-LA-C oﬀers higher eﬃciency than PTG-IR-C, and
• The sum utility for PTG-IR-C decreases as N increases whereas the sum
utility associated with PTG-LA-C increases with N .
Both these two observations are an eﬀect of that the use of incremental redundancy
results in higher utilization (and thus also interference) levels because nodes will
achieve a positive payoﬀ – also when other nodes are transmit simultaneously.
When agents’ perceived cost becomes very small all agents will thus transmit
constantly. This is in contrast to PTG-LA-C where collisions always results in
packet losses. This results suggests that more complicated receiver techniques
(incremental redundancy) actually can reduce the sum utility as compared to
a system that “only” supports link adaptation when nodes are selﬁsh. This is
in contrast to traditional distributed protocols with cooperative nodes for which
advanced receiver techniques always improve performance.
To study the performance variations amongst nodes ﬁgure 2.20 presents the
average utility that a node located at a normalized distance Δ from the access
point can achieve with the protocols when E = 0.15. As above, focus is on a
case where (in addition to the node of interest) four other nodes are uniformly
distributed in the cell (additional results for other node densities are presented in
ﬁgure 2.21(b) and 2.21(d)). For this case, the performance oﬀered by PTG-LA-C
and PTG-IR-C is similar (note that this is in alignment with the results presented in
ﬁgure 2.19). Compared to ALOHA-IR (sum utility) both PTG-LA-C and PTG-IRC oﬀer higher performance for nodes close to the access points whereas the average
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Figure 2.19: Average sum utility for the allocation methods as a function of the energy cost
E for a case where there are ﬁve users in the cell. For low transmission costs we note that the
eﬃciency achieved by selﬁsh agents are similar to the one achieved by a distributed scheduler with
explicit objective of maximizing the sum utility (ALOHA-IR). In situations where the transmission
cost is higher, the selﬁsh multiaccess protocols oﬀers higher sum utility.

utility achieved by nodes in the outer part of the cell is signiﬁcantly smaller. In
summary, the presented trends are similar to those presented in section 2.3.5 with
respect to the overall trends.
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Figure 2.20: The average utility that a user located at a distance Δ from the access point
experience with the multiaccess protocols where there are four other users in the cell and E = 0.15.
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(a) Sum utility vs. transmission cost (N = 2)
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Figure 2.21: Average sum utility as a function of the transmission cost (ﬁgures (a) and (c))
and the average user utility as function of the normalized distance (ﬁgures (b) and (d)) for a
case of 2 and 10 backlogged nodes. In the latter the normalized transmission cost E = 0.15.

Performance diﬀerences between link adaptation and incremental
redundancy
Having discussed the system eﬃciency and performance variations of the various
multiaccess protocols, this section compares the diﬀerence in eﬃciency between
systems with link adaptation and systems with incremental redundancy. Figure
2.22 illustrates the diﬀerence in average user utility between PTG-IR-C and PTGLA-C as a function of E and N . As noted above it is evident that there exist several
conﬁgurations where PTG-LA-C oﬀers higher eﬃciency than PTG-IR-C.
Figure 2.23 shows the diﬀerence in average user utility under PTG-IR-I and
PTG-LA-I. Unlike the case where agents had complete information about the other
nodes’ path gain values, PTG-IR-I always oﬀers higher utility than PTG-LA-I; even
though the diﬀerence reduces with both increasing N and E. The qualitatively
diﬀerent behavior compared to the case where agents were aware of the path gains
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Figure 2.22: Diﬀerence in average user utility between PTG-IR and PTG-LA as a function of
the number of backlogged nodes and transmission cost for a setting where agents have complete
information about the other nodes path gain values.
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Figure 2.23: Diﬀerence in average user utility between PTG-IR-I and PTG-LA-I as a function
of the number of backlogged nodes and the transmission cost for a setting where agents have
incomplete information about the path gain of the other nodes.
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is a consequence of that the utility that nodes experience under PTG-LA-I is
sensitive to the behavior of other users. As noted previously this gives agents
located in favorable positions incentives to transmit with a lower modulation level
(SIR requirement). Although this increases their utility it lowers the eﬃciency
compared to PTG-IR-I. Under PTG-IR-I agents always transmit at maximum rate
and the performance experienced by users is less sensitive the behavior of other
users. Thus, a higher eﬃciency can be achieved.

2.6

Conclusions

Radios capable of sensing and adapting to their environment could generate
signiﬁcant improvements in terms of higher capacity, redundancy, scalability, etc.
However, it could also promote selﬁsh behavior if the wireless nodes adjust their
parameters with the aim of maximizing their own performance only. Since the
performance of nodes are interrelated, e.g., via interference, such selﬁsh behavior
may result in ineﬃcient overall resource utilization. This chapter evaluated how
severe the performance degradation caused by selﬁsh behavior could be in a context
where wireless nodes sharing an ALOHA channel could adjust the probability with
which they transmit packets as well as their modulation levels and coding rate
(given that they transmit).
The problem was formulated as a static noncooperative game between a set
of backlogged wireless nodes. Both the case of stationary and mobile users were
treated and even though emphasis was on single rate systems (where the modulation
level and coding rate were the same for all nodes), the eﬀects of multi-rate systems
were also considered. The main conclusion of the chapter is that the stable
operating points of a multiaccess protocol, where selﬁsh agents decide individually
upon how to share the channel, oﬀer similar performance as traditional distributed
multiaccess protocols. Below we summarize the more detailed ﬁndings for the single
rate and multi-rate systems, respectively.

2.6.1

Single rate systems

We started by studying systems that supported a single rate and where agents
consequently only controlled their transmission probability. For a case where
agents knew whether there existed another node(s) that could be captured even
if the node of interest was transmitting simultaneously, we provided a complete
characterization of the stable operating points (Nash equilibria) where all nodes
were doing simultaneously their best. Through this analysis its was shown that
capture cannot occur at any of these equilibria. It was also shown that there
always exists an unique order-independent Nash equilibrium that could be reached
by nodes in a completely distributed manner. At this operating point the wireless
nodes who experienced a relatively strong link budget shared the channel fairly
while nodes characterized by a weak link never attempted to transfer any packets.
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For link level parameters representative of a WLAN access point (in Europe) we
showed that except for contexts where the transmission cost perceived by the agent
was vanishingly small in comparison with the satisfaction enjoyed by successful
transmission, the sum utility (“eﬃciency”) achieved by selﬁsh agents was higher
than the eﬃciency oﬀered by traditional distributed protocols. However, the
performance variations were larger and it was shown that nodes with low path
gains were “starved”.
When the agents were aware only of their own path gain and had to rely
on statistical knowledge about the path gain of the other nodes in the system,
then the optimal strategy for agents was shown to be a threshold policy in
which nodes always tried to monopolize the channel if their path gain exceeded
some critical path gain value. For
 the case of homogeneous beliefs this threshold
was shown to be Fg−1 E 1/(N −1) (where N was the number of backlogged users,
E < 1 the normalized transmission cost, and Fg−1 (·) the inverse of the cumulative
distribution function associated with the path gain). This suggested that nodes
became increasingly aggressive as either N or E decreased. The sum-utility of this
operating point was shown to be similar to the one oﬀered by distributed protocols.
It was also shown that an access point that adopted the role of a social welfare
maximizer could increase the resource utilization eﬃciency in situations where the
agents’ normalized transmission cost was small. We considered the case where
the access point broadcasted a transmission probability that nodes should use
and subsequently monitored the channel in order to identify nodes that were
misbehaving. These misbehaving nodes were penalized by the access point who
dropped a number of packets that it had successfully decoded. A condition on
how hard the access point should punish cheating nodes in order to guarantee the
existence of an order-independent symmetric Nash equilibrium was also provided.

2.6.2

Multi-rate systems

The second part of the chapter extended the earlier studies to multi-rate systems
where agents controlled both how frequently they transmitted and the amount of
payload data that they tried to transfer in a slot by adjusting their modulation level
and coding rate. Both systems with link adaptation and systems with incremental
redundancy were treated.
For the case where all nodes were aware of the path gain of the other backlogged
nodes we proposed a method for ﬁnding the Nash equilibria when the system
supported link adaptation and incremental redundancy, respectively. At these
operating points it was shown that selﬁsh agents could achieve a higher eﬃciency
than traditional distributed multi-access protocols. We also showed that a system
supporting link adaptation only, can oﬀer higher sum utility than systems that
allow nodes to transmit additional parity bits if their packet could not be decoded.
This phenomena occurred when the transmission cost as perceived by agents was
small and it was an eﬀect of the fact that the option of being able to incrementally
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add parity bits stimulated nodes to act more aggressively. This is in contrast
to distributed regimes (cooperative nodes) where the performance can always be
improved by using more advanced receiver techniques.
When the agents only knew their own path gain and had to rely on statistical
knowledge about the path gain of the other nodes in the system it was shown that
agents should rely on a binary transmission strategy and always transmit when
their path gain exceeded some threshold. Systems that supported incremental
redundancy resulted in slightly lower path gain thresholds (and thus higher
coverage) as compared to systems only supporting link adaptation. With regard
to the chosen data rate requirement, we showed that agents always should utilize
the maximum feasible data rate in systems supporting incremental redundancy.
For systems that only supported link adaptation it was, on the contrary, shown
that agents in the close proximity to the access point in general beneﬁted
by using lower modulation levels – thereby increasing their protection against
potential interference. Together, these eﬀects resulted in systems with incremental
redundancy always oﬀering higher sum utility than systems with link adaptation
only.

2.6.3

Validity and reliability

The results presented in this chapter rely on several simpliﬁcations that should
be kept in mind when interpreting the results. First, the results presented
are limited to situations where users had identical preferences. We further
modeled these preferences by means of a simplistic utility function: the diﬀerence
between the normalized satisfaction enjoyed by successfully transmitting a packet
and the transmission cost. Although similar utility functions have been used by
other researchers focusing on random access games and uplink power selection
[AsSA02, IW06, MW01, AAJ03, MW03, KN05, NK07] one could also imagine other
types of utility formulations; such as the ratio between the satisfaction and the
transmission cost [SMG02a, SMG01] or one that ignores the transmission costs
[SW03, CGAH05].
We also conﬁned our studies to two extreme cases; one where the nodes had
a constant path gain and one where the path gain of the nodes varied so quickly
that path gain values in adjacent slots were independent. In reality, the situation
experienced by wireless nodes would likely be somewhere in between these extremes.
Unfortunately, a strict game-theoretic treatment of this intermediate scenario is
extremely diﬃcult and outside the scope of this chapter. Additionally, we only
considered the scenario of backlogged nodes (i.e., the users always had something
to transmit). Thus our results are mainly applicable to highly congested systems.
In this chapter we furthermore identiﬁed that the studied games typically were
associated with many Nash (and Bayesian) equilibria. However, when evaluating
the performance we only considered the order-independent equilibrium. This
was motivated by the fact that the order-independent equilibria are the only type
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of equilibria that can be attained without correlated strategies. While we do believe
that order-independence represents one reasonable way for prioritizing between the
equilibria there does not exist a uniﬁed approach to equilibrium selection (as noted
in chapter 1).
To evaluate the performance of these equilibria Monte Carlo simulation were
used. Such simulations will always be inﬂuenced by statistical uncertainties. Finally
we only evaluated the performance at equilibrium where all agents were doing their
best (Nash or Bayesian equilibria). That is we did not study how and if agents
can reach this equilibrium point. In models where the traﬃc is varying dynamically
this could be a challenging problem.

2.6.4

Future work

Starting from our discussion about the validity, several possible extensions can be
identiﬁed. First, a similar analysis but with another utility function would be
valuable since this could be used to validate (or invalidate) the claim that selﬁsh
nodes are capable of sharing a channel eﬃciently. Some other topics for future
research would be to consider the cases of heterogeneous user preferences (diﬀerent
utility functions), heterogeneous path gain distributions, multiuser receivers, multicell and multi-channel environments, and equilibrium selection techniques (e.g, by
access point policing).29 Of these we would believe extensions to heterogeneous
path gain distributions and multi-cell environments are of greatest importance.

29 Some of these aspects, such as interference canceling receivers have been studied to some
extent; see e.g. [MW03]. However, all existing studies that we are aware of have relied on a
multi-packet reception model where the probability of successful transmission only depends on
the number of users that transmit simultaneously. Thus, eﬀects such as nodes with a relatively
high path gain being more likely to be successful have not been considered.

Chapter 3

Selﬁsh users sharing a wireless
channel – the time-dynamic case
The previous chapter analyzed the eﬃciency that selﬁsh agents sharing a slotted
ALOHA channel could achieve. The problem was studied by means of a static
analysis where the number of nodes with packets in their buﬀer ready to transmit
was taken as an input variable. It was shown that the probabilities with which
agents should transmit packets in addition to transmission cost and the number of
backlogged nodes depended on whether the agents were acting in a cooperative or
selﬁsh manner. As the transmission probabilities inﬂuence the success probability
(“service rate”) diﬀerent policies will in general result in diﬀerent number of nodes
being backlogged, given a constant average arrival rate of packets. Thus, the ﬁrst
part of this chapter (section 3.3) studies the eﬃciency that selﬁsh nodes sharing a
single-rate ALOHA channel can achieve by means of a dynamic analysis where we
treat the number of backlogged nodes as an endogenous variable. This analysis
also allow us to evaluate the performance with stochastic arrival rates where the
system may also be idle during some of the slots. Such an analysis is of interest
because the vast majority of time, systems operate under conditions where the
oﬀered traﬃc is much lower than during the busy hour.
Section 3.4 studies the eﬃciency losses caused by agents’ selﬁshness in a context
of a reservation based multiaccess protocol in which the nodes are responsible for
creating a schedule that the access point subsequently executes. This problem
has received considerable attention in the context of cooperative nodes, while less
attention has been given to the design of eﬃcient schedulers in contexts where
agents are selﬁsh. For this purpose we design and evaluate a framework in which
agents with heterogeneous preferences compete to obtain wireless resources by
participating in a divisible auction. The remaining part of the chapter is organized
as follows: we start in section 3.1 by presenting an overview of the related literature.
Based on this review we subsequently describe our contributions in section 3.2.
Thereafter we study the eﬃciency loss incurred by selﬁshness for a single-rate slotted
87
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ALOHA channel and when the resources are shared by means of a reservation
based multiaccess protocol in 3.3 and section 3.4, respectively. Conclusions and
suggestions for future work are presented in section 3.5.

3.1

Related literature

In this section we present related literature. As the related work concerning selﬁsh
agents sharing a wireless resource by means of a distributed multiaccess protocols
(slotted ALOHA or CSMA/CA) was discussed in section 2.1.2; this section is
conﬁned to reservation based multiaccess protocols. More speciﬁcally, we focus on
work that has adopted pricing as a mechanism for ensuring an eﬃcient allocation
of resources amongst the nodes.
An early paper that discussed the combined use of game-theory and pricing
in telecommunications was [CSEZ93]. It originated from the observation that
service sensitive pricing will be a fundamental component in any network
oﬀering access services of varying quality whenever resource management is not
entirely centralized. In particular, the paper focused on the intertwining between
multi-service networks that, if used properly, can increase eﬃciency and pricing
policies that can be used for creating the necessary user rationale. Based on this,
the authors argued that with properly designed incentive mechanisms (e.g. pricing
schemes) implicit cooperation between self-interested users could be obtained and
the social value of the network maximized.
In [MV93] a so-called smart market was proposed. In this architecture agents
informed the network how much they were willing to pay per transmitted packet.1
To allocate resources on a link the network relied on a Vickrey auction in which the
“winner” (i.e. the agent with highest bid participating in the auction) could transmit
a packet at a cost determined by the second highest bid. Under the presumptions
that the auctioneer can be trusted and that agents cannot form coalitions, this
auction is known be to incentive-compatible (i.e., the best strategy for agents is
to bid their true valuations). Although the price that an agent has to pay varies
dynamically, the cost never exceeds its valuation for obtaining resources. A similar
architecture was studied in [DSC04] wherein an allocation method designed as a
series of generalized Vickrey auctions was proposed for high speed downlink packet
access (HSDPA). The paper focused on data application and several types of utility
functions, suitable for diﬀerent data services (e.g. ﬁle transfer, streaming, etc.) were
proposed. As in [MV93] the purpose was to improve resource eﬃciency by tracking
demands, thereby increasing the social welfare in an environment where multiple
nodes who demanded diﬀerent types of access services were present.
In [DSC04, MV93] the auctioneer relied on a unit auction for partitioning the
network resources to agents and it was based on that the good (e.g. real estate)
1 Notice that the concept originally was proposed for ﬁxed networks. A similar concept was
later studied for wireless networks in [DSC04].
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for which the auction’s participants are competing cannot be divided into smaller
pieces. Divisible auctions represent another class of auctions. These are based
on the good being auctioned being divisible into inﬁnitesimal parts according to
some publicly known allocation rule. Compared to unit auctions one advantage of
using divisible auctions is that all participants that place a nonzero bid will attain
a portion of good that is being auctioned and this share is based on a predeﬁned
allocation rule known to all. Thus, agents participating in the auction can validate
that their obtained share corresponds to their bid and that the auctioneer is not
malicious.2
For resource management problems the proportionally fair divisible auction has
been widely used. This uses an allocation rule such that the participants obtain a
share of the resource that is proportional to their bid. In [MB03b] a proportionally
fair divisible auction where agents compete for service time in a single server system
was studied. Several strategies (including a “minimum cost” and “minimum delay”
strategy) were analyzed and it was shown that these could be implemented in
a distributed manner and that local stability was ensured. In [MB03a, BS02] the
analysis was extended to cover aspects such as colluding agents and how the servers
should act to maximize their revenue. Proportional fair divisible auctions have also
been used for wireless radio resource sharing problems. In [HBH04] this auction was
used in the context of spectrum sharing for a single cell system characterized by a
maximum allowed noise rise at the receiver (“interference temperature”). By means
of bidding, agents competed to obtain a share of the available noise-rise budget. In
addition to the bid placed by agents, the authors proposed adding linear pricing
schemes to internalizing the negative externalities that transmitting nodes cause in
terms of interference. Both a price based on the received power and the SIR were
evaluated and it was shown that the latter oﬀered a higher sum-utility.

3.2

Our contributions

The ﬁrst part of this chapter focuses on packet transmission games in a stationary
and mobile setting where capture can occur for a single-rate access slotted ALOHA
channel. Unlike the previous chapter the evaluation is performed by means
of a time-dynamic analysis. Although such has previously been presented in
[MW01, MW03], the study [MW01] did not account for the fact that packets
could be captured whereas [MW03] used a multi-packet reception model in which
the probability of capture only depends on the number of nodes that transmit
simultaneously, i.e. the strategy of an individual agent was independent of its path
gain. We consider the case where agents account for path gains when choosing
2 In a Vickrey auction the user with the highest bid obtains the entire resource at the price
of the second highest bid. However, his price is unknown for the users. Due to the lack of
transparency, there are incentives for the auctioneer to charge the “winner” of the auction a higher
price than the second highest bid. As a matter of fact this is a major reason that this type of
auction is seldom used in reality, see e.g. [San96] and references therein.
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whether or not to transmit. Further the analysis presented in [MW01, MW03] was
limited to a situation where wireless nodes were highly mobile and they focused on
the performance at heavy loads. We are interested in the performance at low and
moderate arrival rates, which is the typical operating point of wireless systems and
we consider both the case of stationary and highly mobile nodes. The only studies
that have considered strategies conditioned on the agents’ path gains that we are
aware of are [QB03, NK07, WCMAD08a]. However, all of them focused on the case
of highly mobile users and they did not perform any time-dynamic analysis where
the number of backlogged nodes is treated as an endogenous variable. We are not
aware of any study that has treated the case of static users in settings where capture
can occur and agents are allowed to condition their action on path gains. Thus the
contributions of the ﬁrst part of the chapter (section 3.3) are:
• We show that the eﬃciency oﬀered by multi-access protocols in which
agents selﬁshly select their transmission probability can be comparable in
performance to distributed multiaccess protocols when the transmission cost
is non-negligible.
• We evaluate the case of stationary as well as mobile nodes and account for
the traﬃc distribution being non-uniform (even though the user distribution
is uniform) when users are stationary.
• We study the performance at low and moderate packet arrivals rates and
compute statistics for backlogged nodes given a packet arrival rate. We believe
that these can be useful when interpreting the results of static studies.
The second part of the chapter (section 3.4) develops a market-based framework
in which selﬁsh agents with heterogeneous preferences and diﬀerent channel gains
compete by bidding for resources in a proportionally fair divisible auction. With
respect to the existing literature [MB03b, MB03a, BS02, HBH04] presented above
our main contributions are:
• We compare the performance of selﬁsh agents with the one achieved by
centralized schedulers accounting for ﬁle size, service class, as well as channel
peak data rate.
• We show that selﬁsh agents using opportunistic strategies exploiting varying
system conditions (e.g., load) can improve their performance. For this purpose
a heuristic opportunistic strategy is developed.

3.3

A time dynamical analysis of the packet transmission
game

This section complements the results presented in the previous chapter by analyzing
the packet transmission game under a constant arrival rate. This means that the
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number backlogged users is treated as an endogenous variable. As a performance
measure we use the average utility over time (see equation 3.1 below). This
describes the average utility that a backlogged node experiences in a random slot,
conditioned on the system not being empty. More formally, it can be deﬁned
as [CJ07]:
 

E u σ, N N > 0) = lim

t→∞

!t
0

N
max
u (σ, N (v)) I(N (v) > 0)dv
πk
u (σ, k)(3.1)
=
!t
1
−
π0
I(N (v) > 0)dv
k=1
0

where πk represents the probability that there are k backlogged nodes, π0 is the
probability that the system is empty, Nmax is an upper bound on the number
of simultaneously active wireless nodes, I (N (v) > 0) the indicator function, and
u (σ, k) the expected utility that one user obtains when there are a total of k
backlogged nodes.3
The following subsections describe the settings for mobile and stationary nodes.
For the case of selﬁsh agents the strategies presented in theorems 2 and 3 (in
the previous chapter) are used. We recall that these theorems are based on the
assumption that agents do not value future payoﬀs, i.e. the expected payoﬀ that
an agent ascribes to the option of not transmitting a packet in a certain slot is
zero. In systems where nodes can complete a transfer and leave the system, then
the expected utility of waiting would be positive if agents valued future payoﬀs
(since there always will exist a nonzero probability of eventually ending up in a
state where no other backlogged user are present and where the agent of interest
could achieve a payoﬀ 1 − E). This would reduce agent’s transmission probabilities
and result in more eﬃcient resource utilization. As the presented results ignore
this fact, the results related with selﬁsh resource sharing regimes should be viewed
as pessimistic bounds! The following subsections describe the setting of mobile
and stationary nodes in more detail.

3.3.1

The case of selﬁsh mobile agents

This section describes the case when agents are only aware of their own path
gain, thus they have to rely on statistical knowledge about the other nodes’ path
gain values. Throughout the section we focus on the case where agents rely on
symmetric strategies and where the number of backlogged nodes (N ) is known to
all nodes. As in section 2.3.4, a strategy represents a mapping from N and g into
a transmission probability, i.e. σ (g, N ) → [0, 1].
Let {λt } denote the probability that t packets arrive during a time-slot and
consider the case where the path gain of users, at transmission occurrence, can be
described by an identical, independently distributed random variable. We further
max
let the vector σ = [σi (g, N )]N
N =1 whose elements σ (g, N ) denote the strategy
3 Note that N
max in principle could be inﬁnite if we can derive explicit expressions for πk and
evaluate the sum.
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used by agents in each of the Nmax states. Note that this assumes that each node
will have at most one outstanding packet. Given σ and an arrival process {λt } the
dynamic behavior of the cell can then be described by a discrete-time Markov chain
where the number of backlogged nodes at the beginning of a time-slot constitute
the state. For example, consider a system with N (v − 1) backlogged users at
the beginning of time-slot v − 1. These are made up by the nodes who did not
succeed to transmit their packet in slot v − 2 and the new nodes who arrived to
the system during slot v − 2. We assume that a total of t new nodes with one
packet to transfer (with probability λt ) enter the system each slot. In slot v − 1
there will be a total of N (v − 1) backlogged nodes contending for the channel and
each of them will rely on the strategy σ (g, N (v − 1)) when determining whether
or not to transmit. Note that this would require that the access point broadcasts
the number of backlogged nodes that are present. Let hs (σ (g, N (v − 1))) where
s = {0, 1} denote the probability that there is s successful packet transmissions,
given that there are N (v − 1) backlogged users.4 Then assuming that t additional
nodes arrive to the system during slot v − 1 (with probability λt ) the number of
nodes competing for the channel in the next slot v will be N (v) = N (v − 1) + t − 1
with probability h1 (σ (g, N (v − 1))) and N (v) = N (v − 1) + t with probability
h0 (σ (g, N (v − 1))), respectively.
For notational convenience we now let k represent the current state (i.e. the
number of backlogged nodes in the beginning of a certain slot) and j the number
of backlogged nodes at the beginning of the following slot. Then we can write the
transition probabilities as:
⎧
1
if Nmax > j ≥ k
⎪
t=0 λj−k+t ht (σ (g, k))
⎪
⎨
if j = k − 1
λ0 h1 (σ (g, k))
.
(3.2)
pk,j =
0
if j < k − 1
⎪
⎪
⎩
1
∞
if j = Nmax
t=0 ht (σ (g, k))
q=Nmax −k+t λq
Note from equation 3.2 that the probability to move to the end state Nmax has
been adjusted to account for the fact that the system in reality could end up in
a state with more than Nmax backlogged nodes. For example, consider the case
where the system state is Nmax − 1, two packets collide, and where there could
arrive 0, 1, 2, or 3 packets during a slot. Then the transition probability of going
form state Nmax − 1 to state Nmax would be pNmax −1,Nmax = λ1 + λ2 + λ3 .
Figure 3.1 presents an example of the considered discrete-time Markov chain for
a case where λt = 0 for all t > 2. Using the global balance equation the steady
4 The model can readily be extended to account for the case where there can be multiple
packet transmissions; e.g. when the SIR requirement γ < 1 or when multiuser (interferencecanceling) receivers are used by replacing h (σ (g, k + t)) with hk+t,t−j−k (σ (g, k + t)), which
denotes the probability that there are t − j − k successful packet transmission given that in total
there are k + t backlogged users utilizing the transmission strategy σ (g, k + t). and summing
over the probabilities that k packets are successfully received. Note that for interference-canceling
receivers the utility is not nondecreasing with path gain (which means that a binary strategy does
not constitute the Bayesian equilibrium).
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Figure 3.1: Markov chain describing the the number of number of users present in the system.
Note that in this example the maximum number of packets that can arrive in a slot is 2.

state distribution of the number of backlogged nodes can
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be derived as:
if k = 1
if Nmax > k > 1

(3.3)

if k = Nmax

where pj,k denotes the transition probability from state j to state k. This equation
allow us to express πk as a function of π0 for all k > 0. Combining this with the
fact that
K

πi = 1
(3.4)
i=0

we can compute the steady state probabilities necessary in equation 3.1 given an
arrival process {λt } and transmission policy σ (g, N ).

3.3.2

The case of selﬁsh stationary agents

In contexts where a temporal correlation of the path gain that nodes experience in
consecutive slots exists, the system cannot be modeled as a one-dimensional Marov
chain. This is the case for stationary users, which is discussed in this section.
As in chapter 2, the focus is on the case where all agents are aware of whether
there exists another node that could be captured if they transmitted simultaneously
and the transmission probabilities are given by theorem 2. Compared to the static
analysis presented in chapter 2 one qualitative diﬀerence captured by the timedynamic analysis is that backlogged nodes will not be uniformly distributed when
users are stationary – even though users are uniformly spread over the service area.
In our case this is an eﬀect of agents only transmitting with a nonzero probability
if they belong to the collision domain of the closest backlogged node (see lemma
2.3.2). As this probability decreases with reducing path gain, agents in the outer
part of the cell will on average remain in the system for a longer time period. Figure
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3.2 illustrates the stationary distribution of the distance between backlogged nodes
and the access point for several packet arrival rates in the case of stationary users.
Note that the distribution of backlogged nodes becomes increasingly skew as the
arrival rate increases, i.e. there will be an accumulation of nodes with poor link
budgets.
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Figure 3.2: Cumulative distribution function of the distance between backlogged users and the
access point. In presented case we used γ = 5 dB and E = 0.2.

3.3.3

Transmission strategies for cooperative agents

As in chapter 2 we want to compare the performance that selﬁsh agents could
achieve with the performance of cooperative nodes utilizing a distributed multiaccess
protocol. This protocol should be designed so that equation 3.1 is maximized.
Let σk denote the probability with which cooperative agents transmit when
there in total are k backlogged nodes and hk (σk ) represents the probability of
having a successful transmission in a slot where there are k backlogged users. Then
the expected payoﬀ from using a strategy σk can be written as
u (σk ) =

∞

1
k−1
λt u (σk−1+t ) +
hk (σk ) − σk E +
hk (σk )
k
k
t=0



1 − hk (σ)

∞

t=0

λt u (σk+t )

(3.5)
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where the ﬁrst and second term represent the utility in the current slot whereas
the third and fourth term represent the total payoﬀ in future slots. In order to
maximize the future payoﬀs it can be shown that a maximum throughput policy
is optimal whereas the maximum sum-utility strategy used in chapter 2 maximizes
the payoﬀ in the current slot. Thus, the cooperative transmission strategy when
the transmission costs are small (so that the term σk E can be neglected), the future
expected payoﬀs are substantially larger than the current payoﬀs, or when the load
is high, is to maximize throughput. In fact, it has been claimed in [MW01] that
this strategy also maximizes the social welfare (thus the average experienced user
utility). Although we have not been able to prove this result, simulations indicate
that this strategy indeed oﬀers good performance and throughout the section we will
assume that cooperative agents always use the transmission probability maximizing
the sum throughput.5 An intuitive explanation for why such a policy is beneﬁcial
with respect to the social welfare is that it maximizes the probability for nodes to
ﬁnd the system in a low state – or even empty where nodes obtain a payoﬀ of 1 − E.

3.3.4

Numerical results

Having introduced the transmission strategies, this section evaluates the timeaverage utility that nodes will experience under the diﬀerent regimes. Related
simulation parameters are presented in table 3.1. Note that these are identical
to those used in section 2.3.5 and correspond to a standard WLAN access point
allowed in Europe. To provide a benchmark we also include the performance what
could be achieved with a centralized scheduler (modeled as a M/D/1 Processor
Sharing queue).6
Table 3.1: Summary of simulation parameters.
Parameter
System bandwidth [MHz]
Carrier frequency [GHz]
Noise ﬁgure [dB]
Pathgain@1ma g0 [dB]
Minimum distance r [m]
Transmit power ptr [W]
Noise power (including noise ﬁgure) np [dBW]
User distribution
Arrival process
a

Value
20
2.4
5
-40
5
0.1
-126
uniform
Poisson

g0 = 20 log10 (4πf /c)

5 We have veriﬁed that a maximum throughput transmission policy represents an eﬃcient
transmission policy for cooperative nodes via simulations. In those we started from the assumption
that agents always utilize a maximum throughput strategy, then tried to ﬁnd a more eﬃcient
transmission policy by changing the transmission probability in one of the states. No improvement
has been found and the results are presented in section A.1 in Appendix A.
6 This depicts the case of a TDMA systems. See section 5.2.3 for further details.
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Figures 3.3 and 3.4 illustrate the time-average utility that nodes experience when
E = 0.2 and E = 0.05, respectively. The SIR requirement for successful reception
is γ = 5 dB in both settings. Note that the time-average utility is convex. This
suggests that the performance that nodes experience is good up until a certain point,
where the number of backlogged nodes starts to grow drastically with increased
queuing and reduced eﬃciency as a result. Note also that a higher arrival rate can
be supported when the nodes are highly mobile than when they are stationary; both
for selﬁsh and cooperative regimes. This is an eﬀect of that a nonproportionally
large fraction of the backlogged nodes will be located in the outer part of the cell
in the stationary case (as illustrated in ﬁgure 3.2). Since the probability of having
a successful transmission decreases with an increasing number of backlogged nodes,
this lowers the utility that the users will experience. When nodes are mobile and
have a new path gain value at each transmission occurrence the traﬃc distribution
remains uniform. As the probability of having a successful transmission when the
traﬃc is uniform increases, because the probability of having capture, the eﬃciency
will increase. The fact that settings with mobile nodes were more eﬃcient than
setting with stationary nodes was not observable in previous chapter.7
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Figure 3.3: Time average utility as a function of the packet arrival rate for a setting where the
SIR requirement is γ = 5 dB and the agents’ transmission cost corresponds to E = 0.2.

7 A consequence of this is that nodes could achieve even larger gains by cooperating when they
are stationary. For example, by using more advanced time-dynamic strategies (e.g. you transmit
ﬁrst, then I transmit).
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Figure 3.4: Time average utility as a function of the packet arrival rate for a setting where the
SIR requirement is γ = 5 dB and the agents’ transmission cost corresponds to E = 0.05.

Figures 3.5 and 3.6 present the time-average utility when the required SIR
level required for successful transmission is γ = 10 dB. Comparing ﬁgures 3.3–
3.6 it is evident that the diﬀerence between selﬁsh and cooperative behavior is
more pronounced when nodes are stationary than when they are mobile. The
reason for this was discussed above. Second, the performance degradation caused
by agents’ selﬁshness increases as E decreases. This eﬀect was also observed in
chapter 2 and it is a consequence of that the incentives for selﬁsh backlogged
nodes to transmit increases as the cost they perceive when experiencing a collision
decreases. Third, we can observe that the performance diﬀerence between selﬁsh
and cooperative agents increases as the SIR requirement increases. This is a
consequence of the need to coordinate transmissions amongst nodes increases as the
probability of successfully decoding a packet in the case of multiple simultaneous
packet transmissions decreases. However, comparing the ﬁgures, it seems like that
the transmission costs are of greater importance than the SIR requirement.
Figure 3.7 presents the average number of backlogged nodes as a function of the
packet arrival rate for the various regimes. Note that the number of backlogged
nodes, on average, is small up until some arrival rate where the system becomes
unstable and the number of backlogged nodes starts to grow very rapidly. Figure 3.8
presents the probability of having at least one, two, ﬁve, and ten backlogged nodes
for the case where E = 0.2 and γ = 5 dB (which was our main scenario in chapter
2). For “stable” systems where the packet arrival rate is smaller than the system’s
service rate it is evident that the number of backlogged nodes will be zero, one, or
two backlogged nodes during the vast majority of cases. Although the systems at
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Figure 3.5: Time average utility as a function of the packet arrival rate for a setting where the
SIR requirement is γ = 10 dB and the agents’ transmission cost corresponds to E = 0.2.
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Figure 3.6: Time average utility as a function of the packet arrival rate for a setting where the
SIR requirement is γ = 10 dB and the agents’ transmission cost corresponds to E = 0.05.
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Figure 3.7: Average number of backlogged nodes as a function of the packet arrival density.

times can be characterized by multiple backlogged nodes, these situations are fairly
infrequent and mainly occur when system is working very close to its capacity.

3.4

Market based scheduling for delay elastic data traﬃc

Up until this point focus has been on contention based multiaccess protocols. We
have observed that both the lack of coordination and the selﬁshness of users can
reduce the performance experienced by nodes. As touched upon in section 2.4 the
access point can improve its performance by adopting the role of an arbitrator,
e.g., announcing information which agents can utilize in their strategies. Ideally
this information could be used to create a common schedule corresponding to a
reservation-based multiaccess protocol. In the context of an agent’s selﬁshness the
problem then becomes how eﬃcient schedulers selﬁsh nodes requesting service of
diﬀerent priority can create.
This section evaluates a multiaccess protocol where agents compete for transmission
time by bidding for resources in a proportionally fair divisible auction held at the
access point (this will be described in detail in section 3.4.2). Users request delay
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Figure 3.8: Probability of having at least N backlogged nodes in the system as a function of the
arrival rate for the case where E = 0.2 and γ = 5 dB.

elastic ﬁle transfers, whose size is described by a Pareto distribution, and their
preferences are modeled as a weighted sum of the monetary expenditure and delay
associated with the ﬁle transfer. The problem for agents is to determine a strategy
whereby they can minimize their expected disutility (“cost”) for transferring a ﬁle.
The objective of this section is to:
• Determine whether selﬁsh agents can achieve similar performance as a
schedule created by a centralized controller (base station), and
• Evaluate if agents’ performance can be improved signiﬁcantly if they rely on
bidding strategies that opportunistically try to exploit time-variations (e.g.
varying channel conditions or demand).
To answer the ﬁrst question we compare the average weighted sojourn time achieved
by selﬁsh agents to the performance oﬀered by several known centralized schedulers.
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Figure 3.9: Description of the studied environment. User terminals are equipped with software
trade agents that bid for resources on behalf of their users. As users, and consequently trade
agents, are selﬁsh, and their actions interrelated they are involved in a noncooperative game.

The evaluation is performed by means of time-dynamical Monte Carlo simulations
and in the following we outline the related modeling assumptions, describe the
agent problem as well as our devised bidding strategies in more detail.

3.4.1

System model

The evaluation has been performed for a single cell in a wide area cellular system
deployed in a hexagonal pattern characterized by a cell radii of 440 m. Users are
uniformly distributed over the service area and their ﬁle requests arrive according
to Poisson processes. The ﬁle size is modeled by a Pareto distribution. This is an
example of a heavy-tailed distribution8 , which has been frequently used to model
the ﬁle size distribution in data networks [CBC95, LTWW94], and its probability
distribution function can be written as:
f (q) =

ηqbη /q η+1
0

if q ≥ qb
if q < qb

(3.6)

where η and qb are shape and scale parameters. The path loss is described by the
COST231 Walﬁsch-Ikegami model and with standard parameters for urban areas
(see table 5.2 in chapter 5) this can be written as
L = L0 + 10α log10 (d)

(3.7)

where d corresponds to the distance between the base station and the wireless node.
The constant L0 represents the path loss at 1 m and it depends on carrier frequency,
8 A distribution f (x) is said to be heavy-tailed if lim
λx P r (X > x) = ∞ for all λ > 0.
x
x→∞ e
For all heavy-tailed distributions it is known that limx→∞ P r (X > x + t|X > x) = 1 as x → ∞.
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building heights, base station heights, etc. Also the propagation exponent α
depends on the environment (but not the carrier frequency) and with the standard
parameters for urban areas L0 = 35.3 dB and α = 3.8, respectively. We neglected
shadow fading, modeled the interference as coming from constantly transmitting
base stations, and used a truncated version of the Shannon bound (adjusted for
eﬃciency losses) where the channel peak data rate is given as
r = min (W log2 (1 + βΓ) , rmax )

(3.8)

where rmax denotes the maximum peak data rate, W the eﬀective channel
bandwidth, and Γ the signal to interference plus noise ratio associated with the node
and β is the SIR gap describing the diﬀerence between practical and information
theoretic results.

3.4.2

Proportionally fair divisible auctions

To allocate resources (“transmission time”) to nodes we utilize a proportionally fair
divisible auction. Auctions are held every TA second and in each auction an agent
(“auctioneer”) located at the access point gathers the agents’ bids and partition
resources amongst contending nodes based on a predeﬁned allocation-rule known
to all agents.9 Compared with single-unit auctions, such as the Vickrey auction the
main advantages with divisible auctions are that auctions can be held more seldom,
and that they allow agents to verify that the auctioneer is not malicious [San96].10
Assume that there are N backlogged nodes at an access point and letting φi,j ∈
[0, φmax ], where 0 < φmax < ∞, denote the bid associated with agent i in auction j.
Then the proportion of the resources allocated to the agent i with a proportionally
fair divisible auction is given by
Δi,j =

φi,j
N
k=1

φk,j + ε

=

φi,j
∈ [0, 1)
φi,j + φ−i,j

(3.9)

where φ−i,j  k=i φk,j + ε and ε denotes the reservation price associated with
the access point. The latter is a nonzero bid placed by the access point and it
9 Notice that the granularity with which resources can be divided between users in reality is
determined by the ratio between the slot-time and the duration between two consecutive auctions
TA . Moreover, note that there will be a ﬁnite number of predeﬁned bids, determined by the
number of bits available to user trade-agents for describing their bids. For example, if the slot
duration is 2ms, the duration between two consecutive auctions is 1s, and the user trade-agents
can use 8 bits to describe their bid, then the minimum granularity is 2 · 10−3 s and there are
28 = 256 discrete values available for the bids. However, it should be stressed, that, we here have
neglected both these limitations and assume that the resource can be divided into inﬁnitesimally
small parts and that the bids can be perfectly described.
10 The latter may be important in situations where access points try to maximize their revenue
as opposed to the system eﬃciency (social welfare). This topic is further discussed in chapter 6.
Such an environment is studied in [BH07b] where access points compete by means of selecting
their reservation price.
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can be interpreted as a price ﬂoor below which the resource is not sold.11 The
allocation rule described by equation 3.9 results in an allocation of resources that
is proportionally fair by weight. I.e. any allocation Δi,j satisﬁes
N


φi,j

j=1

N



Δi,j − Δi,j
≤ 0, for all Δ1,j , Δ2,j , . . . , ΔN +1,j such that
Δi,j = 1
Δi,j
j=1

(3.10)
as shown in the following theorem.
Theorem 7. The rule
φi,j

Δi,j =

N
k=1

φk,j + ε

∈ [0, 1)

(3.11)

result in an assignment of transmission time that is proportionally fair by weight
for all N agents.
Proof. This is a known result that, for example, has been shown in [TAG06]. The
proof is presented in Appendix B for the sake of completeness.

3.4.3

The user problem and bidding strategies

Users’ desire for fast and cheap ﬁle transfers is described by a cost function
(disutility), modeled as a weighted sum of the total sum of bids placed by agent (for
transferring the ﬁle) and the delay associated with the ﬁle transfer. This monetary
cost may either represent “virtual” money where the price charged by the access
point serves as a policing signal for describing the level of congestion, or represent
“real” money that the access point charges agents for utilizing the resource. Let ri,j
denote the average channel peak data rate that node i experiences during auction
j and j + 1 and qi the ﬁle size associated with node i. Then, we deﬁne the sojourn
time of the ﬁle as
n



n ∈ {1, 2, . . . },
Δi,j ri,j TA ≥ qi
Di  TA · min (n) :

(3.12)

j=1

Note that we do not take the order of which users are scheduled between successive
auctions into consideration, and only account for the average channel peak datarate ri,j during two consecutive auctions. The total cost associated with the ﬁle
transfer can then be written as
ci = (1 − αi ) Ei + αi Di = (1 − αi )

z
e

j=1

φi,j + αi z#TA =

z
e


ci,j (φi,j , φi,−j ) , (3.13)

j=1

11 Thus, if the objective of the access point is to increase resource eﬃciency the reservation price
could be set very low. However, if the objective of the access point is to maximize its revenue it
could be used as a tunable parameter; see [Hul07] for a more detailed discussion.
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Portion of the available transmission
ε
time that is “wasted” due to the
∑φk,1+ ε networks reservation price ε
k

Time and rate allocation
for competing users in
auction 1

Σ x k,1
k=i

x i,z-1

x i,z
Node i leave
the system

Time [s]
Auction z+1

x i,1

Auction z

Node i want to start
transferring a file

TA

Transferred bits for user i: xi,1 r i,1 TA

Auction 2

r1,j

Auction 1

Rate [Mbps]

where αi ∈ (0, 1) [mu/s] is a parameter that reﬂects how sensitive user i is to delays,
z# is an integer random variable corresponding to the number of auctions in which
z
e
agent i needs to participate in order to complete its ﬁle transfer, and Ei = j=1 φi,j
is the total monetary cost required for completing the transfer. Figure 3.10 shows
an example where agent i initiates a ﬁle transfer in auction 1. Each period, TA , the
trade agent is able to transfer Δi,j ri,j TA bits and in order to complete the transfer
it needs to participate in z auctions. Consequently the transfer delay becomes
Di = zTA .

Figure 3.10: Illustration of the auction procedure associated with a ﬁle transfer. In the example,
agent i initiates a ﬁle transfer in auction 1. In auction j agent i is allocated a portion Δi,j of
the total available transmission time TA and depending on its current channel peak data rate ri,j
the agent will be able to transfer a total of Δi,j ri,j TA bits. After participating in z auctions the
ﬁle transfer is completed and consequently the ﬁle transfer delay becomes Di = zTA in this case
(note that we do not take the order in which users are scheduled into consideration).

As mentioned, the objective of the agent is to minimize its user’s expected cost,
described by equation 3.13, for transferring ﬁles. More formally the agent’s problem
can be written as
⎡
⎤
z
e

E⎣
ci,j (φi,j , φ−i,j )⎦ for all users i ∈ N ,
(3.14)
min
φi,j ,...,φi,j+ze

j=1

where ci,j (φi,j , φ−i,j ) is the total costs that agent i experience at the jth auction.
Since the actions of the competing agents are intertwined through, e.g., equation
3.9 they are involved in a noncooperative game. In fact, since trade-agents typically
need to participate in multiple auctions to complete their ﬁle transfers, equation
3.14 represents a multi-stage noncooperative game where the strategy proﬁle for
agent i consists of {φi,j , . . . , φi,j+ez }, i.e., the bids in the auctions in which it needs
to participate for completing its ﬁle transfer. The Nash equilibria of this multistage depends on both the number of competitors N − 1 (which in general varies
over the duration of the ﬁle transfer) and their strategies. It is easy to realize that
ﬁnding the equilibrium to equation 3.14 is very complicated. We will consider two
approximative approaches, which are described in the following section.
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A persistent bidding strategy
The ﬁrst method tries to approximate equation 3.14 as a sequence of single-shot
games and its derivation is based on the assumptions that:
• The channel peak data-rate of the particular node i on whose behalf the
agent is acting remains constant during the entire ﬁle transfer, i.e. ri,k =
ri,l for all k, l, and
• The total demand associated with the other trade-agents remains unchanged
during the ﬁle transfer, i.e.
z=i φz,k =
z=i φz,l for all k, l.
Under these two conditions agent i would place the same bid in all auctions. The
delay and monetary expenditure associated with the ﬁle transfer thus becomes
Di =

qi
qi
TA =
,
Δi ri TA
Δi ri

and
Ei = φi

(3.15)

qi
,
Δi ri TA

(3.16)

respectively.12 Here qi denotes the ﬁle size of agent i. Substituting equations 3.15
and 3.16 into equation 3.13, we may write the cost function as
qi
φi qi
+ αi
=
Δi ri TA
Δi r i
φ−i
(1 − αi ) (φi + φ−i ) + αi TA 1 +
φi

ci (φi , φ−i ) = (1 − αi )
qi
ri TA

(3.17)

where φ−i =
z=i φz denotes the sum of the bids placed by the other agents
(including the reservation price ).Hence, the noncooperative multi-stage game
simpliﬁes into a static noncooperative game that can be described by
min

φi ∈[0,φmax ]

(1 − αi ) (φi + φ−i ) + αi TA 1 +

φ−i
φi

for all i ∈ N

(3.18)

Note that the term riqTiA in equation 3.17 has been abolished since it does not aﬀect
the solution. The best response function describing how agent i should act given
the behavior of all other agents can be obtained from the ﬁrst order optimality
condition of 3.18.This gives the following update rule for agent i
(
αi
TA φ−i .
(3.19)
φi =
1 − αi
Below we show that the agents updating their bids according to equation 3.19
always converge to a unique Nash equilibrium.
12 Notice

that we have dropped the subscript j denoting auctions.
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Theorem 8. The user problem has a unique Nash equilibrium and agents updating
their actions with the best response dynamics will always converge to this.
Proof. This is a standard proof and a detailed description is presented in Appendix
B. We use the same approach as in [SMG02b] divide the proof into three parts:
the existence, uniqueness, and convergence.
An opportunistic bidding strategy
Two drawbacks with the persistent bidding strategy are that agents bid more
aggressively in situations where the access point is congested and that the cost for an
agent associated with the option of refraining from participating in a single auction
is inﬁnite even though the incremental increase in sojourn time is TA seconds. Based
on these observations we propose a heuristic opportunistic bidding strategy where
agents utilize the following best response function:

0)
if equation 3.21 is fulﬁlled
(3.20)
φi =
αi
T
φ
otherwise
1−αi A −i
and we stress that users who have placed a zero-bid in an auction are not allowed
to reenter and start bidding in the same auction. For determining whether or not
to continue bidding in an auction agents use the condition:
E [qi − bi |qi > bi ]
>
r i Δi
E [qi − bi |qi > bi ]
φ−i
E [q]
αi .
+
−1
ri
φi
E [r]
((1 − αi ) φi + αi TA )

(3.21)

Note that bi represents the amount of data that has been transferred by agent i
and that we assume that agents are unaware of their own ﬁle size qi . Also note that
agents are unaware of how much data the other agents participating in the auction
has transferred and that we approximate the remaining service time for each of the
other nodes as E[q]/E[r]. Here the left hand side represents the expected remaining
cost necessary for completing the ﬁle transfer with the persistent strategy. The right
hand side describes the expected cost associated with the option of waiting until
all users still participating in the auction have transferred their ﬁles (assuming that
they have just started transferring their ﬁles) and then transferring its own ﬁle
(under the assumption that no new ﬁles arrive to the system). Note that


η max (qb , b) − b + b
(3.22)
E [qi − bi |qi > bi ] =
η−1
represents the expected remaining ﬁle size (note that this only exists when η > 1).
It assumes that agents have derived their own estimate of their ﬁle size distribution.
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This could be based on observations of past sessions, hence if there is enough history,
then the agents’ estimate of this function should be at least indicative of the actual
distributions. For simplicity, it is assumed that agents have complete knowledge of
the true ﬁle size distribution and that all users have the an identical distribution.

3.4.4

Traditional scheduling policies

To evaluate the performance of the persistent and opportunistic bidding strategies
we compare them to several known resource allocation policies (“schedulers”). In
addition to a round robin scheduling policy we consider schedulers that account for
resource consumption (channel peak data rate), traﬃc priority, remaining ﬁle sizes,
as well as combinations thereof. The schedulers can be expressed as
i = arg max s (rj , αj , bi ) ,

(3.23)

j∈N

where s (rj , αj , bi ) represent the score function used for prioritizing amongst nodes,
N denotes the set of users with data to transfer, and i is the scheduled node.
The scoring function for the considered schedulers are summarized in table 3.2 and
we note that none of them considers potential monetary costs. The most advanced
scheduling rule is the shortest remaining processor time ﬁrst (SERPT/C) policy. In
addition to priority class and resource consumption the rule accounts for the ﬂows’
remaining size qi − bi . This scheduling policy is known to minimize the average
weighted ﬁle latency and we highlight that it requires complete knowledge of ﬁle
sizes [Kle76]. In situations where the remaining ﬁle sizes qi − bi are not available
to the scheduler, and only the distribution of ﬁle sizes is known we replace qi − bi
with E [qi − bi |qi > bi ]. For the Pareto distribution this is given by equation 3.22.
We will refer to this scheduler as the statistical SERPT/C-type I rule. The last
considered scheduler is the statistical SERPT/C-type II rule. This is identical to
the statistical SERPT/C-type I rule with the exception that it ignores the diﬀerent
priority classes. Note that this is representative of the case where agents always
report that their traﬃc has highest priority.
Table 3.2: Summary of the studied schedulers. Potential ties are solved by coin tossing.
Scheduler
Weighted maximum data rate
SERPT/C
Statistical SERPT/C – type I
Statistical SERPT/C – type II

3.4.5

Score function
1/αi ri
(qi − Bi )/αi ri
E (qi − Bi |qi > Bi ) /αi ri
E (qi − Bi |qi > Bi ) /ri

Numerical results

This section evaluates the performance of the schedulers outlined above. One part
focuses on determining whether the strategies in which selﬁsh agents create the
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transmission schedule by bidding for resources can oﬀer similar performance as
the centralized schedulers. Because these centralized scheduling strategies do not
account for monetary expenditures we use average weighted sojourn time
∞


αk Dk

(3.24)

k=1

as the performance measure for this comparison. The other part of this section
focuses on evaluating how much agents can gain by using an opportunistic bidding
strategy in which they account for time-dynamic variations in the traﬃc mix and
demand. For this purpose we utilize the average cost
∞


ck

(3.25)

k=1

as performance measure. Throughout the section we consider the case where users
with a ﬁle characterized by a size and sensitiveness to delays arrive to the system
according to a Poisson distribution. Once the transfer is completed they leave the
system. The simulation parameters are summarized in table 3.3.
Table 3.3: Summary of simulation parameters.
Simulation parameter
User classes α
Probability to belong to classes
Slot duration [s]
Number studied slots (excluding warmup)
Warmup period [slots]
Minimum ﬁle size qb [kbit]
Shape parameter η
User distribution
Propagation exponent
Path gain at 1 m [dB]
Arrival process
File size distribution
Maximum data rate rmax [Mbps]

Value
{0.1, 0.3, 0.5, 0.7, 0.9}
1/5
0.01
1,800,000
200,000
100
0.55−1
Uniform
3.8
-35.8
Poisson
Pareto
14.4

Average weighted sojourn time
Figure 3.11 presents the average weighted sojourn time of the various schedulers
as a function of the served traﬃc. As expected the SERPT/C scheduling rule
oﬀers the best performance whereas the worst performance is associated with the
round robin scheduler. Unlike the round robin scheduler, the persistent bidding
strategy accounts for the priority classes, thus oﬀering decreased average weighted
sojourn time. However, the reduction is rather small. By using a scheduler that
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also accounts for the ﬁle size distribution (SERPT/C-type II) the weighted sojourn
time can be decreased further. It is interesting to note that this is the best possible
centralized scheduler when agents are “selﬁsh” and always report that their traﬃc
belongs to the service class with highest priority. The opportunistic bidding strategy
experiences similar performance. The conceptual diﬀerence between the persistent
and opportunistic bidding strategy is that agents using the later strategy account for
the option of letting another wireless node obtain all the necessary resources actually
can be beneﬁcial. Although it is also evident that a central scheduler accounting for
the priority (SERPT/C-type I) decreases the average weighted sojourn time further,
this additional gain is fairly small. Note that the SERPT/C-type I represents
the performance that could be achieved by a centralized scheduler with statistical
knowledge about the users’ ﬁle sizes under the assumption that all agents report
their true priority class. Thus we can conclude that the increase in average weighted
sojourn time caused by the selﬁshness of users is small and that agents could beneﬁt
by using opportunistic bidding strategies.

40

Weighted average file latency

35

30

Persistent bidding
Opportunistic bidding
SERPT/C
Stat. SERPT/C − typeI
Round robin
Stat. SERPT/C − typeII

25

20

15

10

5
0.5

1

1.5

2

2.5

3

3.5

4

Served traffic [Mbps]
Figure 3.11: Average weighted sojourn time for the various scheduler. Note that the SERPT/C
scheduling rule represents a lower bound which only can be achieved when the priority class, ﬁle
size and peak data rate of all backlogged users are perfectly known by the access port.

Comparison between the persistent and opportunistic bidding
Figure 3.12 illustrates the average cost (disutility) per transferred ﬁle as a function
of the served traﬃc for the persistent and opportunistic bidding strategy. It is
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noticeable that the disutility obtained by users relying on the opportunistic bidding
strategy is considerably smaller than when they rely on the persistent strategy. This
strengthens the results from previous section where we showed that the delay cost
could be reduced by relying on opportunistic schedulers.
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Figure 3.12: Average cost for the persistent and opportunistic bidding strategies.

3.5

Conclusions

This chapter studied the eﬃciency loss caused by selﬁsh agents that share a wireless
channel by means of time-dynamic analysis where the number of backlogged wireless
nodes were treated as an endogenous variable decided by the traﬃc arrival rate
and the transmission policies used by the wireless nodes. The problem was studied
in the context of both a single-rate slotted ALOHA channel and a reservation based
(TDMA) protocol where the used schedule was based on bids that agents placed in
a proportional fair divisible auction. The two main conclusions of chapter are
that selﬁsh agents are able to share the channel eﬃciently if the transmission cost
as perceived by agents is non-negligible, and that agents can beneﬁt by relying
on dynamic transmission strategies in which they account for variations in the
network conditions. The ﬁrst of these conclusions supports the results presented
in chapter 2. More detailed conclusions of each of individual study are presented
below.

3.5. CONCLUSIONS

3.5.1
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Single rate slotted ALOHA channel

The ﬁrst part of the chapter complemented the results presented in the previous
chapter by evaluating the eﬃciency loss caused by selﬁsh agents sharing a slotted
single-rate ALOHA channel by means of a time-dynamical analysis. Both a case
of stationary and highly mobile wireless nodes were treated and we accounted for
the fact that the traﬃc associated with stationary nodes will be non-uniform even
though nodes are uniformly distributed. To determine whether or not to transmit
agents relied on a simple persistent strategy that only considered the payoﬀ in the
current slot. Thus, the agents’ strategies ignored future possible payoﬀs that could
be realized by waiting until competing nodes had ﬁnished their transfer. As a result,
selﬁsh agents were very aggressive and the presented results should therefore be
interpreted as a pessimistic bound – especially when the transmission cost is small.
Even though the cooperative transmission polices accounted for future payoﬀ we
showed that the performance loss in comparison to the case of cooperative nodes
utilizing a throughput maximizing strategy can be modest if the transmission cost
is non-negligible. Several system conﬁgurations were studied. We showed that the
utility perceived by nodes is fairly insensitive to the required signal to interference
ratio (for successful transmission) whereas the performance loss could be signiﬁcant
if the transmission cost was marginal.

3.5.2

Auction based multiaccess protocol

The second part of the chapter studied the performance loss of selﬁshness in contexts
where the channel is shared via a reservation based multiaccess protocol. In this
context the degradation will not be due to packet losses caused by collisions,
but rather an eﬀect of a sub-optimal schedule, for example because selﬁsh nodes
always want to be scheduled as frequently as possible. We considered a scenario
where nodes with ﬁles whose size was described by a Pareto distribution arrived
according to a Poisson process. To study how the selﬁshness aﬀects the performance
we proposed an auction based framework in which nodes competed for wireless
resources (“transmission time”) by placing bids in a proportionally fair divisible
auction held at the access point. For this type of auction both a persistent and
dynamic (“opportunistic”) bidding strategy were proposed. While the former was
based on current conditions (the number of users competing for the channel, channel
peak data rates, etc.) remained constant during the ﬁle transfer, agents using the
opportunistic bidding strategy tried to exploit variations in channel quality and
traﬃc demand. The performance of the devised bidding strategies was compared
to traditional schedulers that accounted for priority class, resource consumption, as
well as (possibly statistical) knowledge about the remaining ﬁle size. Our results
showed that reservation-based protocols in which selﬁsh nodes created a schedule,
which the base station subsequently executed can oﬀer similar performance as
centralized schedulers using the same information for prioritizing among users.
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Further, the resulted suggested that agents could gain by using dynamic strategies
in which they tried to exploit varying network conditions.

3.5.3

Validity and reliability

Throughout the chapter we relied on very simple modeling. For a discussion
regarding the validity about the single rate ALOHA we refer to chapter 2. Focusing
on the second part of the chapter several assumptions deserves to be highlighted.
First we have neglected the increased overhead caused by the placing of bids in the
auction. On the other hand, we neither accounted for the overhead associated with
the centralized schedulers. Moreover we assumed that interfering access ports were
transmitting continuously with a ﬁxed power. This resulted in that the interference
level at a given position was constant. With time-varying interference, nodes’
channel peak data-rate will be dependent on the signal to interference ratio. This,
on the other hand, depends on the load at the access port, which in turn is a
function of the outcome of the auction. Hence the peak data-rate would, in reality,
have to be estimated a priori to the auction. Although this might be feasible for
situations where users are stationary and where access ports use time-hopping (to
smoothen interference), it is questionable if it would hold for, e.g., fast moving
users.

3.5.4

Future work

There exists several extensions of the work presented in this chapter that we think
would be worth pursuing. For example, the slotted ALOHA game was based on that
nodes used persistent strategies that did not account for future payoﬀs. A natural
extension would thus be to extend the framework to account for future payoﬀs –
in particular for the case stationary nodes. Another setting that we believe could
be interesting to study is when there exist a ﬁxed group of nodes, each with one
(or a ﬁnite number of) packets to transfer that competed for the channel. Unlike
the study presented in this chapter we would not consider any arrivals. In the
context of cellular systems, this could depict a scenario where the nodes competed
on a common control channel for setting up a dedicated channel and one could, for
example, study how agents should behave given a total maximum energy budget.
One interesting feature with this game is that agents would be able to learn about
the path gains of the competing nodes during the game by observing their actions.
With respect to the work presented section 3.4 the most interesting extensions in
our opinion is to apply the framework for a multicell where agents possibly could
place bids at multiple auctions held at diﬀerent access ports.

Chapter 4

Load based access selection in
wireless data networks
A factor that distinguishes wireless access services suitable for data applications
from those associated with mobile telephony is that users in the latter category may
require considerably higher rates while active. This will result in systems that need
to be dimensioned for fewer simultaneously active users per cell. However, with a
reduced number of active users per cell the demand for resources (“load”) may vary
considerably between adjacent cells due to a lower degree of statistical multiplexing.
This may motivate load based access selection for wireless data services, Thus, in
this chapter we evaluate:
1. Criteria in addition to the channel peak data rate1 taking the current demand
for resource (“load”) at the candidate base stations into account. The
hypothesis is that this can increase data rates.
2. Throughput seeking agents who individually, and selﬁshly, select access
point. The second hypothesis is that this can oﬀer similar performance as
centralized user assignment.
We adopt a game theoretic approach where the access point selection problem is
formulated as a noncooperative game between selﬁsh agents who try to maximize
their users’ individual data rates. The remainder of this chapter is organized as
follows: we start by presenting an overview of the related work in section 4.1. With
respect to these works we present the contributions of the chapter in section 4.2.
Thereafter, in section 4.3, the two research questions stated above are evaluated
for a setting of WLAN access points using orthogonal channels. These results are
extended in section 4.4 where we, instead, quantify the gains that can be achieved by
1 Recall that the (channel) peak data rate is deﬁned as the maximum amount of data that can
be transferred per unit of time for a certain user (i.e. if it is given all resources).
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load based base station selection in a cellular data network for which the interference
generated in a certain cell 2 depends on the user assignment. Section 4.5 concludes
the chapter.

4.1

Related literature – Load based access selection in
wireless data networks

The problem of how users capable of connecting to multiple base stations
(potentially using diﬀerent radio access technologies) should be assigned is a
classical problem within radio resource management. Without fractional assignment
it is well-known that this problem is N P-hard even in the case of no (or constant)
interference.
The problem has been studied in terms of when a mobile terminal should
do a handover between base stations for wireless systems supporting circuitswitched voice traﬃc. Less attention has been given to the prioritization between
base stations in possibly heterogenous systems that support data users. In the
paragraphs below we will examine some of the related work which does consider
data traﬃc.

4.1.1

Access point selection in cellular data systems

An early study focusing on the potential capacity gains that can be achieved by
pooling resources of multiple subsystems is presented in [THH02]. This study
considers both realtime services (such as video conversations) and non-realtime
services. The authors’ objective is to quantify the capacity gains that can be
attained by reallocating users that attempt to access a congested subsystem
(carrier).3 For realtime services the integrated multi-carrier network is modeled
as an M/M/c/c queue. With a WCDMA-like multi-carrier system it is shown that
pooling resources oﬀers capacity (“trunking”) gains in the order of 10 percent and the
gain increases with both the data rate requirement and the number of subsystems
that are integrated.4 In the case of non-realtime (“interactive”) traﬃc the integrated
2 By cell we here refer to the logical cell which is based upon traﬃc served by a single base
station.
3 As a comparison the authors use a scheme where blocked users are reassigned to a randomly
selected carrier (i.e. without using any load information).
4 The Erlang loss-formula describes the probability that a user is blocked from the system in
a situation where users arrive according to a Poisson process with intensity λ, have exponentially
distributed service time
.Pμ, andk where c servers are available. The blocking probability is then
c
ρ
c
given as Pb (c, ρ) = ρc!
k=0 k! where ρ = cλ/μ. Note that the formula assumes that there is no
waiting queue and that blocked users do not retry to reenter the system. At a 5 percent blocking
level, and with 10 parallel servers, the maximum oﬀered load ρ is 6.216 Erlangs. With twice as
many servers, the corresponding load is 15.25 Erlangs and we note that 15.25/6.216=2.45. In
other words by doubling the number of servers in the system we can more than double the oﬀered
load. The additional capacity is usually referred to as trunking gain.
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system is instead modeled as nonblocking and the maximum number of users that
can be admitted given that the latency experienced by the 90th percentile for
transferring a message whose size is described by a Pareto-distribution (with a
mean 4.5 kBytes and truncated at 2 MBytes) does not exceed 5 seconds is used as
the performance measure. Their results show that the number of admitted users,
can be increased by approximately 75 percent if two subsystems are integrated and
that the gain, in general, increases with the stringency of the latency requirement.
These results have been extended in [LSH01, Lin05a, Lin05b] where access
selection for heterogeneous multi-access systems is addressed. As in [THH02]
the integrated subsystems are assumed to be co-located and capable of supporting
both data and voice users. To model the multi-access system a multi-dimensional
M/M/c/c queue – where each dimension corresponds to one particular access service
– is utilized. The overall aim of the study is to reduce blocking levels, but in
contrast to [THH02] only a subset of users are equipped with multimode terminals
and only this subset is capable of accessing both subsystems. Given this setting, the
authors determine how important it is to reallocate the “appropriate user”. Their
results suggest that advanced methods for prioritizing between users can reduce
the necessary penetration levels of multimode terminals signiﬁcantly. As a matter
of fact, it is insinuated that, for most situations, a penetration level of multimode
terminals around 25 percent is suﬃcient to exhaust the potential gains from reduced
blocking enabled by multi-access radio resource management.5

4.1.2

Access point selection in multi-access systems

A similar approach is used in [KFZK04] where the capacity of a multi-access
blocking system is evaluated for a traﬃc-mix that consists of data and voice
users. Contrary to the aforementioned studies, both the trunking gain and the
service-based assignment gain are taken into consideration. The latter arises as an
eﬀect of the diﬀerent subsystems being optimized for handling access services with
diﬀerent characteristics. For a combined GSM/EDGE and WCDMA-like multiaccess system the authors show that the trunking gain, which is between 10-15
percent, is insensitive to the traﬃc-mix while the gain associated with service-based
user assignment depends heavily on the traﬃc mix.6
5 Notice that these results were based on the assumption that half of the remaining terminals
could access one of the subsystems while the other half only could access the other subsystem.
In a scenario where all single-mode terminals are conﬁned to the same radio technology, which
would correspond to the typical situation when a new radio technology is introduced, the number
of terminals that have to be equipped with multimode capabilities would likely need to increase.
6 For multi-access, multi-service systems and where the capacity regions of the individual
subsystems are linear it is possible to derive an expression of the gain due to service-based
assignment. A more detailed discussion can be found in [Hul07] (Appendix A, Theorem II).
There we show that, compared to a distributed service-based radio access technology selection,
the maximum gain per service-class, from ideal service-based assignment (which has complete
information about the load per service class in all subsystems) is always smaller than min (n, m)
where n is the number of subsystems and m is the number of service classes. For realistic
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Service-based assignment is also the theme in [FZ05]. Therein a methodology
for evaluating the capacity of multi-access systems is developed. This methodology
can also be used to study how users, requesting diﬀerent access services, should be
assigned to a set of available subsystems. As the input variable, the methodology
takes the capacity regions of the individual subsystems. These regions depict the
feasible traﬃc-mixes given some quality requirement. The authors show that it is
beneﬁcial to mix traﬃc (i.e., support multiple access services) in subsystems with
convex capacity regions, whereas subsystems with concave or linear regions should
support a single traﬃc type if possible. For a combined GSM/EDGE and WCDMA
multiaccess system it is further shown that service-based assignment can increase
the capacity by roughly 50 percent as compared to having the same traﬃc mix in
all subsystems.7,8
Recently, a few studies focusing on the problem of ﬁnding suitable assignment
policies in multiaccess systems that are composed of cellular and high-speed
short range technologies have been presented. One example is [YFPS05] where
a combined IEEE 802.11b and HSDPA system is discussed for an environment
where users are clustered around certain hot-spots. More precisely the authors
evaluate a set of policies for assigning data users located in these hot-spots to
the appropriate subsystem. Aside from a rudimentary “signal-based” approach
where users simply connect to the WLAN access point if they are within WLAN
coverage, a criterion that tries to balance the relative load between the subsystems
and a policy that allocates users to the subsystem oﬀering the highest expected
throughput are analyzed. While minor performance diﬀerences between the
outlined allocation policies exist, a general conclusion is that the rudimentary
“use WLAN if coverage exists”-rule works satisfactory for all studied scenarios
since WLAN oﬀers considerably higher peak data-rates than the HSPDA cellular
technologies.
Prioritization between subsystems using diﬀerent radio access technologies is
also discussed in [KMR+ 01] where a qualitative analysis concerning technical
criteria for access selection in multi-access systems is presented. Aspects considered
in this paper include range, capacity (measured in bps/Hz), as well as setup delay.
The paper discusses WCDMA, GSM/EDGE, WLAN, and Bluetooth in detail.
The authors argue that as the technical capabilities oﬀered by GSM/EDGE and
WCDMA are similar (just as are the capabilities in bps/Hz for the WLAN and
Bluetooth), the important decision is whether a certain user should be assigned
subsystems, however, the gain is usually around 20 percent and very sensitive to the service
mix.
7 It should be noted that these results assumed that the network controller knew which service
the user requested as well as the load per service class in all available subsystems.
8 Note that since the proposed methodology relies on the capacity regions associated with the
individual subsystems as input, potential gains of increased trunking eﬃciency and macroscopic
diversity (in case of non co-sited base stations) are ignored. For uplink transmission where
terminals usually are constrained by a too weak link budget the size of the gains arising from
increased macroscopic diversity can be substantial. This is discussed in [HJ06b] for combined
EDGE and HSPA system and it will also be discussed in chapter 5 of this dissertation.
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to cellular or hot-spot technology. As the peak data-rates oﬀered by the hotspot technologies, in general, are much higher than those oﬀered by the cellular
counterparts it is advocated, as noted above, that data users always should be
allocated to the short-range system if possible.
A common conclusion seems to be that there in general is not a need to consider
load when prioritizing between subsystems in multi-access networks. In fact, all of
[KFZK04,FZ05,YFPS05,KMR+ 01] suggests that data users always should connect
to the technology associated with highest peak data rate. Based on this, we will
only consider the gains of load based access selection in systems using the same
technology.

4.1.3

Access point selection in hotspot wireless LAN systems

The problem of prioritizing between access points has also attracted attention for
wireless LAN systems where the relative number of users assigned to diﬀerent access
points can vary signiﬁcantly if the prioritization is based only on the received signal
strength (alternatively the path gain).
This problem is, for example, addressed in [BBV02] for a context where users
request an access service characterized by a minimum bandwidth requirement. The
authors propose and evaluate the performance of two methods for reallocating users
(whose bandwidth requirements can not be supported by their initial access point):
• Explicit channel switching where users are reassigned to another access point
within communication range, and
• Network directed roaming where users are provided with information of
another physical location in the WLAN network where the service requirements
can be met – this method presumes that users are willing to change their
physical location.
Both proposed methods rely on a centralized admission control server that is aware
of the access point information (such as load and the path gain matrix). Through
numerical examples the authors show that both methods can balance the load across
the network. This results in higher network capacity and/or better service quality
being oﬀered.
Unlike [BBV02], most other studies focusing on the user-assignment problem
in WLAN networks are based on the assumption that active users are unwilling
to change their physical location. Thus their focus has been devoted to ﬁnding
appropriate channel switching schemes. In [BHL04] the authors develop an
algorithm for achieving a max-min bandwidth fair user assignment in a noiselimited WLAN hot-spot. The allocation of users is controlled by a central unit
that dynamically updates the assignment and it requires complete knowledge of the
peak data rate for all user-access point combinations, the access point load, as well
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as possible wireline limitations.9 Thus, for a noise limited system the authors
show that the solution to a fractional max-min bandwidth allocation problem is
equivalent to a min-max load assignment.10 To evaluate the eﬃciency of the maxmin bandwidth fair allocation, it is compared to both a path gain based and a
least load assignment rule. Their results indicate that the max-min bandwidth
assignment outperforms these heuristics – not only in terms of fairness, but also
in terms of system throughput. In fact, for their scenario the max-min assignment
oﬀers higher instantaneous system throughput than oﬀered by the path gain based
assignment, which in turn performs better than the least-load selection criterion.
Both methods proposed in [BBV02] and [BHL04] rely on a central unit that is
aware of the dynamically changing radio conditions. These measurements can be
obtained, e.g., through the IEEE 802.11k standard whereby terminals and access
points can initiate, measure, and assess their radio environment.11 Several studies,
see e.g. [BRP05, VFA06], have applied the IEEE 802.11k standard for balancing
load between access points in a WLAN network. While [VFA06] approaches the
problem by basing the prioritization of access points on a combination of load
and signal strength, a cell-breathing technique is used in [BRP05]. In the latter,
congested access points simply reduce their transmit power whereas access points
that are under-utilized increase their power. To determine an appropriate power
level the link measurement report; in which terminals measure and report, how
many decibels the access point to which they are associated can reduce its transmit
power and still provide the desired data-rate is used. This mechanism can further
be applied to reduce potential co-channel interference between adjacent access
points. Finally we also mention that there has been work on standardizing methods
through which access points in the same network can exchange information. Besides
the IEEE 802.11F recommendation, the Inter-Access Point Protocol, which allows
distributed information exchange between access points; there is also ongoing work
on the IEEE 802.11v standard. IEEE 802.11v focuses on network management. It is
based on the control and provisioning of wireless access points (CAPWAP) protocol
9 In this paper, the access point load was deﬁned as the time-duration it would take for the
access point to transmit a packet of ﬁxed size to all its connected users.
10 With fractional assignments devices are allowed to split their time between multiple access
points as long as the total proportion of time that they use the channel is less than one. The
limitation that the total proportion of utilized time should be smaller than one was due to that
the authors assumed that each terminal was equipped with one radio. In the case where devices
have multiple radios it is suﬃcient that the total fraction of time per radio is smaller than one.
11 The IEEE 802.11k standard deﬁnes several measurement reports. These include a beacon
report, which provides information about the received signal strength, signal to noise ratio, number
of associated stations, average access delay, and the antenna used for these measurements; a
channel load report containing information about the percentage of time during which the medium
is busy; a noise histogram report that oﬀers information about the proportion of time that energy
detected is within a certain power range (during the idle periods); location reports that facilitate
the exchange of location information; and a neighbor report, which is a list of a available access
points in the neighborhood [Ins05, wik]. It is noteworthy that neither the measurement procedure
that should be used nor the measurement duration is speciﬁed by the standard. The latter was
discussed in [MB05], where it is suggested that measuring terminals, besides the average value,
also could report the conﬁdence interval of their estimate.
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that allows standardized communication between access points and a centralized
controller [OCK05, YZS05].

4.2

Our contributions

As noted in the related work the problem of “optimally” assigning users to a set of
access ports, whose capabilities are coupled via interference is known to be N Phard without fractional assignment. This calls for heuristic methods for prioritizing
between candidate base stations. This chapter evaluates the eﬃciency that selﬁsh
throughput seeking users can achieve and compares it with the performance
achieved by centralized algorithms. The ﬁrst part of the chapter (section 4.3)
focuses on a wireless LAN hotspot in which the access points operate on separate
channels. The contributions of this part of the chapter are that we show that:
• Load aware access point selection can increase user performance in situations
where access points use orthogonal channels.
• Accounting for load can give substantia performance gains. However, as
long as a criteria considers in some way the exact method is of secondary
importance.
• The loss in performance due to delegating the decision of selecting access
point to selﬁsh throughput seeking agents is marginal.
While the ﬁrst bullet has been treated in the existing literature we are not aware
of any studies that has presented results regarding the second and third bullets.
Having evaluated the performance for a noise-limited WLAN system we extend
the analysis to cellular systems with co-channel interference and where users
have a ﬁnite amount of data to transfer in section 4.4. In such settings the base
station loads (and thus also interference levels generated by a certain cell) will
depend on which base stations that users are connected to. This scenario has not
been treated in the existing literature. In addition to conﬁrming the claims listed
above (when co-interference is considered) the main contributions of the section are
that:
• We develop methods that allow distributed implementation inspired by
market dynamics where each base station sells its resources (“transmission
time”) for a local price that depends on its current demand (“load”).
• We show that the capacity gains that can be achieved by introducing a
channel plan in combination with load-aware access selection is small (in
comparison to reusing the spectrum in all cells and using the maximum path
gain assignment criteria).
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Load based access point selection in WLAN hotspots

In the ﬁrst section of the chapter we evaluate whether the user data rates and system
capacity, i.e. the maximum traﬃc volume that can be supported given some quality
requirement, can be increased by means of load based access selection in a WLAN
traﬃc hotspot when access points use orthogonal channels.12 Besides centralized
resource sharing regimes – here modelled via the class of (p, α) throughput fair
allocations [MW00] – we devise a greedy algorithm where agents select the access
point that maximizes their expected data rate without considering how their choice
aﬀects the data rates experienced by the other users. Unlike centralized assignment
this approach does not need a central controller. In the following subsections we
introduce our modeling assumptions as well as discuss the proposed methods for
prioritizing between access points and their related performance.

4.3.1

Multi access scheme and data rate estimations

The throughput derivations presented below are based on [XR03,BT05,HRBSD03,
Bia00,IEE]. It should be noted that they treat a single access point serving N users
at saturation.13
Focusing on the asymptotic user throughput, it is well known that the behavior
of users complying with the IEEE 802.11 multiaccess protocol can be described by
their transmission probability σ and the conditional collision probability c [Bia00].
The former represents the probability that a user transmits a packet in a randomly
chosen slot while the latter denotes the probability that a transmitting terminal
experiences a packet collision.
Since terminals have equal long-term probability to access the channel [HRBSD03],
the net access point throughput can be written as
SAP =

Ptr Ps E[P ]
.
(1 − Ptr ) Tslot + Ptr (Ps E[Ts ] + Pc E[Tc ])

(4.1)

Here the numerator denotes the payload data transferred, on average, in a slot while
the denominator corresponds to a slot’s average time-duration. Furthermore, E[P ]
12 This is a reasonable assumption in situations where numerous orthogonal channels exist
and/or a distributed channel allocation scheme is employed. The IEEE 802.11a standard, which
is the one studied here, has 12 non-overlapping channels [wik]. Note that the results are not
applicable for the IEEE 802.11b standard, which only uses three non-overlapping channels. With
co-channel interference, the gains from load based access selection would be smaller.
13 The saturation throughput refers to the amount of transferred data per unit of time that
is achieved when all users in the system have full buﬀers. Notice that the derivations assume a
ﬁxed number of active users, and neither capture nor hidden nodes are taken into consideration.
Saturation throughput is mainly relevant for systems exposed to heavy traﬃc, such as during the
“busy hour”. Assignments that ensure high saturation throughput may, in addition to avoiding
“over-crowded” traﬃc situations, also reduce the time that is required until the system can return
to stable operations.
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represents the expected payload per transmitted packet, Tslot the duration of an
idle slot, while E[Ts ] and E[Tc ] depict the expected time-duration associated with
a successful transmission and collision, respectively. Ptr is the probability that a
packet transmission occurs in a randomly chosen slot and it is given as
N

Ptr = 1 − (1 − σ)

(4.2)

N

where (1 − σ) is the probability that all N users remain silent in a given slot.
Similarly, the probability that a successful transmission occurs Ps can be written
as
N −1
N σ (1 − σ)
Ps =
.
(4.3)
N
1 − (1 − σ)
Following the approach outlined in [Bia00], σ and c can be expressed as
σ (c) =

2 (1 − 2c)
ν ,
(1 − 2c) (W + 1) + cW (1 − (2c) )

and
c (σ) = 1 − (1 − σ)

N −1

,

(4.4)

(4.5)

where W represents the minimum contention window and ν denotes the maximum
back-oﬀ stage.14 Together equations 4.4 and 4.5 form a system of nonlinear
equations that can be solved with numerical methods. Inserting the result into
equation 4.1 gives the access point saturation throughput.

4.3.2

Access point selection criteria

This section describes the criteria studied for selection of an access point. For the
centralized resource sharing regimes (max-sum throughput, max-min throughput,
proportional fair, and minimum delay) the general system maximization problem
can be written as
maximize
b∈M

fobj (X)


diag XX T = [1 . . . 1]T
.
F ◦X =0
xjm ∈ {0, 1}

(4.6)

14 When a packet is to be transmitted for the ﬁrst time the backoﬀ counter is chosen uniformly
from the interval [0, W − 1]. For each idle slot the value of the backoﬀ counter is reduced by one
and when it reaches zero the user transmits the packet (alternatively they can transmit an RTS
to cause other to avoid transmitting). If the packet collides with a packet transmitted by another
user and is not successfully received, then a new backoﬀ counter is generated. However, the new
backoﬀ counter is chosen uniformly from [0, W 21 −1]. If also the next transmission is unsuccessful,
then a new backoﬀ counter is generated from the interval [0, W 22 − 1], etc. The νth time a packet
is retransmitted the backoﬀ counter will be chosen form the interval [0, W 2ν − 1]. If also this
transmission attempt is unsuccessful the backoﬀ counter is, once again, chosen uniformly from the
interval [0, W 2ν − 1]. In the IEEE 802.11a standard ν = 6. Note that in reality a packet is only
retransmitted a total number of 6 times in IEEE 802.11a. Thereafter it is dropped. Although we
have not accounted for this this could be incorporated into the analysis by using [BT05].
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Here the matrix F = [fij ] describes the set of infeasible allocations, i.e. fij ∈ {0, 1}
takes on the value of one if access point j cannot support user i with the minimum
peak data rate and zero otherwise. X = [xij ] is a matrix with elements xij ∈ {0, 1}
that describes the user allocation and xij takes on the value of one if user i is
assigned to access point j. F ◦ X = [fjm xjm ] denotes Hadamard (elementwise)
multiplication. Notice that the ﬁrst and third constraint in equation 4.6 imply
that terminals can only connect to a single access point at a time, i.e. fractional
assignment is not allowed, whereas the second constraint ensures that none of the
users capable of obtaining service is blocked.
We ﬁnally note that the centralized user assignment criteria fobj (X) in general
requires complete knowledge about the path gains for all users in the system and
they may, hence, be associated with large overhead as well as high complexity.
Throughout this chapter we neglect this overhead. In the following we will describe
a few common allocations, but we begin by highlighting that they are all load aware.
Maximum sum data rate
The maximum sum data rate criterion assigns users to the access points so that the
instantaneous system throughput

xij sij (X)
(4.7)
fobj (X) =
i

j∈B

is maximized. Here sij (X) represents the throughput that user i would obtain if
it was connected to access point j and B denotes the set of available access points.
Notice that the ﬁrst constraint in equation 4.6 ensures that j∈B xij = 1 for all
users i.
Max-min data rate
The max-min bandwidth fair criteria instead assigns users so that the minimum
data rate that any user in the system obtains is maximized. That is

xij sij (X) .
(4.8)
fobj (X) = min
i

j∈B

With this criteria the majority of resources are devoted to users in “unfavorable”
positions.
Proportionally fair allocation
The proportionally fair criteria tries to balance the minimum throughput achieved
by a user and the system throughput and it can be described through following
objective function
⎛
⎞


log ⎝
xij sij (X)⎠ .
(4.9)
fobj (X) =
i

j∈B
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Letting si (X)  j∈B xij sij (X) denote the throughput that user i achieves with
the proportionally fair criteria given the allocation matrix X. We note that all
other feasible allocations will result in the sum of changes being negative, i.e.
 si (X  ) − si (X)
si (X)

i

≤0

(4.10)

for all X  such that


diag X  X T = [1 . . . 1]T , F ◦ X  = 0, xjm ∈ {0, 1}.

(4.11)

Minimum delay allocation
The ﬁnal considered centralized assignment criteria is the minimum delay allocation
and it assigns users so that the potential delay (aggregated delay for transferring
a packet to all users) is minimized. It can be described via the following objective
function
⎛
⎞−1
 
⎝
fobj (X) = −
xij sij (X)⎠ .
(4.12)
i

j∈B

Maximum received signal strength
Distributed methods where the decisions are taken by wireless nodes and are based
on locally available information (and possibly feedback information from the access
point) are usually considered as preferable since they are more robust and require
less signaling. The simplest criteria for ordering a set of candidate access point is
to use the received signal strength (path gain)
arg max gi,j

for all i.

(4.13)

j∈B

This is standard in today’s WLAN system as well as in most cellular data networks.
The main beneﬁts with this criteria are its simplicity and the fact that it facilitates
distributed implementation.
Maximum data rate selection
Connecting to the access point associated with highest path gain will, under the
assumption of constant interference, maximize the peak data rate. However, it does
not account for the fact that the resources (“useful transmission time”) need to be
shared amongst all users connected to the access point. As the WLAN multiaccess
protocol ensures that all users connected to the same access point achieve identical
throughput at saturation [HRBSD03] a selﬁsh agent could, by avoiding access
points serving several users with low channel peak data rates, avoid collisions as
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well as obtaining the channel more frequently and therefore increase its data rate
even though its peak data rate decreases.
This observation is the starting point for the maximum data rate selection where
a node entering the system connects to the access point that maximizes its expected
throughput. We assume that agents know their own path gain and the number of
backlogged connected to the each access point but that they are unaware of the
other nodes path gains. To maximize their expected throughput they thus use the
following criteria:
E [Sj (gi |Nj + 1)]
(4.14)
arg max
Nj + 1
j∈B
where Nj denotes the number of users already connected to access point j and
E [Sj (gi |Nj + 1)] represents the throughput that the user of interest – with path
gain gi – would obtain (on average) at an access point already serving Nj users.
Note that E [Sj (gi |Nj + 1)] could be based on statistics from previous sessions and
that the situation is similar to that of a Bayesian game (although our formulation
here is not as strict as in chapter 2).
Combining equation 4.4 and equation 4.5 Nj can, given a minimum contention
window size W and maximum back-oﬀ stage ν, be written as
Nj = 1 +



log 1 −

log (1 − c)
2(1−2c)
(1−2c)(W +1)+cW (1−(2c)v )



(4.15)

where the conditional collision probability c is the only unknown parameter. By
observing the channel a user can, however, estimate c as the ratio of the number
busy slots (where one or multiple transmission is detected) and the number of
observed slots.15 Notice that we assume that users have perfect knowledge about
their own path gain and that the access point load remains constant during ongoing
estimations.16 Finally, we also stress that since the maximum data rate selection
is load-sensitive, users may, if fast access point reselection is supported, conduct
handoﬀ during ongoing sessions even though they are stationary.

4.3.3

Results

We are now in the position to evaluate the performance achieved with the
access selection algorithms outlined above. The evaluation is performed via timedynamical simulations. Users with a ﬁle to transfer arrive according to a Poisson
15 Notice that ĉ is a Bernoulli random variable, with expectation c, and variance c (1 − c). With
independent events, the variance of the estimation is inversely proportional with the number of
observed packets.
16 The latter is, as will become apparent in the following sections, a reasonable assumption since
the required measurement time per access point, test , typically is on the order of 10 ms. Also the
assumption that the terminal can estimate its path-loss perfectly is reasonable since there are only
a few modulation levels (see ﬁgure 4.1) and the eﬀects of potential measurement errors therefore
is small.
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process and while active they remain stationary. During the transfer users do
not reselect an access point and once the transfer is completed the user leaves
the system. As a performance measure we utilize the maximum oﬀered traﬃc ω
measured in Mbps per access point that can be supported at a maximum average
delay per transferred Mbit. For each load and algorithm we have studied at least
80,000 users (excluding those that enter during the “warmup period”) and we have
studied 250m×250m area where a total of 19 access points are randomly deployed.
Figure 4.1(a) illustrates the cumulative distribution function of the number of access
points that a randomly chosen user could obtain service from. Note that a typical
user can hear ﬁve access points. Figure 4.1(b) shows the peak data rate as a function
of the path gain while the remaining simulation parameters are summarized in table
4.1.
Table 4.1: Summary of simulation parameters.
Parameter

Value

1

18

0.9

16

0.8

Peak data rate [Mbps]

Cummulative distribution function

System bandwidth [MHz]
Shadow fading standard deviation [dB]
Shadow fading decorrelation distance [m]
Thermal noise power [dBm]
Terminal power [dBm]
Minimum contention window
Average ﬁle size [MBytes]
Maximum backoﬀ stage
Packet size [kByte]
Access point deployment

0.7
0.6
0.5
0.4
0.3
0.2

Minimum data rate
Maximum data rate

0.1
0

0

2

4

6

8

10

12

14

16

20
8
5
-91
20
16
4
6
1000
Random

14
12
10
8
6
4
2

18

0
−104

−102

−100

−98

−96

−94

−92

−90

−88

−86

Number of access points in range

Path gain [dB]

(a) CDF of access points in range

(b) Achievable peak data rate

−84

Figure 4.1: Cumulative distribution of the number of access points in range for the users. Peak
data rate as a function of path gain. Related parameters are presented in table 4.1 and. Values
for the required receiver sensitivity has been taken from [IEE]
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Average data rates
Figures 4.2 and 4.3 present the average data rate and delay associated with the
algorithms as a function of the average oﬀered traﬃc per access point ω, which we
compute as the ratio between the average traﬃc served by the system per second and
the number of access points. For low loads, access points are empty during the vast
majority of time and the diﬀerence between the algorithms is therefore minimal. As
the oﬀered load increases, the diﬀerence between load aware and path gain based
criteria becomes increasingly pronounced. In general load based selection increases
user data rates and/or capacity. It is interesting to notice that all algorithms
accounting for load – including the max rate selection where selﬁsh agents select
an access point – oﬀer similar performance. This suggests that the performance loss
incurred by delegating the responsibility of selecting an access point to throughput
seeking users is small.

Average experienced data rate [Mbits/s]

14
Min Delay
Prop. Fair
Max−Min
Max−Sum
Max−Rate
Path gain

12

10

8

6

4

2

0

2

4
6
8
Offered traffic ω [Mbits/AP/s]

10

12

Figure 4.2: Average experienced data rate as a function of the oﬀered load. Notice that all users
utilize the same algorithm for prioritizing amongst candidate access points and that no reselection
during ongoing sessions is supported.

Sensitivity Analysis
The maximum data rate selection is based on that agents are aware of the number
of backlogged nodes present at the candidate access points. This information could
for example be broadcasted by the access point by using the traﬃc indication map,
which is transmitted once per 100 ms [IEE]. However, if this information is not
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2
Path gain
Max−Sum
Max−Min
Max−Rate
Prop. Fair
Min Delay

Average experienced delay [s/Mbit]

1.8
1.6
1.4
1.2
1
0.8
0.6
0.4
0.2
0

0

2

4
6
8
Offered traffic ω [Mbits/AP/s]

10

12

Figure 4.3: Average transfer delay (measured in seconds per transferred MBit) for the studied
access selection algorithms as a function of the oﬀered load. Notice that all users utilize the same
algorithm for prioritizing amongst candidate access points and that no reselection during ongoing
sessions is supported.

broadcasted or if terminals themselves can estimate the access point load in less
time, it could be beneﬁcial for terminals to estimate the load via equation 4.15
by observing the channel. This section evaluates how long time-period a terminal
should devote to load estimations before selecting an access point. Figure 4.4
illustrates the relative average capacity, compared to the ideal maximum data rate
selection as a function of the time-duration test (measured in seconds per access
point) that is used for estimating the access point load. Note that we in this ﬁgure
neglect the channel switching cost, which according to [UTAT06] varies between 15 ms. From ﬁgure 4.4 it is evident that the maximum supported load rather quickly
approaches the performance with perfect information. As a matter of fact, with a
measurement time test of 10 ms per frequency channel the diﬀerence in supported
traﬃc is less than 10 percent.
With distributed regimes, where each node individually chooses the method for
prioritizing between candidate access points, several diﬀerent criteria may be used.
For instance, some nodes may rank the candidate access points with respect to the
associated path gain – while other nodes might also account for the load. Figure
4.5 shows the average ﬁle latency for a setting where a fraction of the terminals use
the maximum data rate selection while the remaining nodes rely on the path gain
for prioritizing amongst access points. For “high” traﬃc demand and in contexts
where only a small proportion of the users rely on the max rate selection, it is
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1
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Percentage of ideal capacity
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Infeasible due to
channel switching
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(4.42)
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(8.09)
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(9.31)

(4.03)
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(3
(3.71)
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(6.40)
4
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Maximum data rate selection
Experience data rate 3.2 Mbps
Maximum data rate selection
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(2.72)
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−2

10

−1

t est [s]
Figure 4.4: The percentage of the ideal maximum data rate selection capacity that can be
achieved as a function of the time-period test devoted to measuring the load per access point for
two diﬀerent data rate (ﬁle latency) requirements. Agents use identical measurement times and
the markers correspond to diﬀerent ﬁle arrival rates (see values within parenthesis). Note that we
have not accounted for the actual time that it take for a terminal to switch between two channels.

evident that terminals using max rate selection can reduce their average latency
per transferred Mbit by more than 65 percent as compared to those that base their
decisions only on the path gain. However, it is interesting to note that, even at high
traﬃc demand, as long as at least 50 percent of the agents rely on the maximum
data rate selection, then the transfer delay experienced is similar to that achieved
if all users relied on maximum data rate selection.

4.4

Load based access selection in cellular data networks

While the previous section evaluated load based access selection in the case of
wireless LAN access points using orthogonal channels, this section focuses on
quantifying the capacity gains that can be achieved from load based access selection
in a cellular data network where there exists a ﬁxed amount of spectrum that
needs to be shared amongst all cells. Aside from the commonly used criteria
(maximum path gain, maximum SIR, and maximum data rate) we develop a
method inspired by market dynamics whereby base stations assist terminals by
broadcasting a local “virtual price” that reﬂects the current demand (load) at the
base station. Terminals subsequently connect to the base station that minimizes
their total cost for obtaining the desired data rate.
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Figure 4.5: Average ﬁle latency as a function of the percentage of agents that utilize the maximum
data-rate criteria for selecting an access points. The remaining agents use the maximum path gain
criterion. Note that the oﬀered load ω = 5.92 Mbit/s/AP is a rather high load that, for example,
is not supported if all users utilize the path gain based criterion.

4.4.1

System model

The focus in this section is on a time-slotted cellular system deployed in a regular
hexagonal pattern. Base stations are equipped with omnidirectional antennas and
a total system bandwidth of 2W is divided into K = {1, 3, 7 . . . } orthogonal
duplex channels. Each base station is assigned one duplex channel, with a channel
bandwidth 2W/K equally shared between downlink and uplink. The channels
are allocated to base stations so that the minimum distance between adjacent cochannel interferers is maximized. Users are uniformly distributed over the service
area and they are assumed to request an average throughput requirement s∗ .
Propagation model
The path gain between transmitter i and receiver j is expressed as
gi,j = −Li,j + Zi,j

[dB]

(4.16)

where Li,j denotes the deterministic path loss and Zi,j a spatially correlated lognormal variable that represents the shadow fading. The path loss is described by
the COST231 Walﬁsch-Ikegami model [DC99] and with standard parameters for

130

CHAPTER 4. LOAD BASED SELECTION IN WIRELESS NETWORKS

urban areas (see table 5.2 in chapter 5) it can be written as
Li,j = L0 + 10α log10 (di,j ) ,

(4.17)

where di,j corresponds to the distance between the receiving and transmitting node.
The constant L0 represents the path loss at 1 m and it depends on carrier frequency,
building heights, base station heights, etc. Also the propagation exponent depends
on the environment (but not the carrier frequency); with the standard parameters
for urban areas L0 = 35.3 dB and α = 3.8, respectively.
As the deterministic path loss, the shadow fading Zi,j depends on the
environment. The focus in our study is on an urban area, thus we have modeled the
shadow fading as a spatially correlated lognormal random variable characterized by
a standard deviation of 8 dB and a decorrelation distance corresponding to 110 m.
Link level performance and medium access control protocol
With rate adaptation the channel peak data rate that user i can achieve while
connected to base station j is modeled by a truncated version of the Shannon
bound adjusted for eﬃciency losses. That is
*
W
(4.18)
log2 (1 + βΓi,j ) .
ri,j = min rmax ,
K
Here rmax denotes the maximum supported peak data rate (determined by coding
and modulation), β = −1.5 log (5BER) the SIR gap that describes the diﬀerence
between practically feasible and information-theoretical results [WN06]. Γi,j
represents the average SIR experienced on the link and it is assumed that timehopping is used to even out interference. This means that the SIR at receiver i
while connected to transmitter j can be written as
Γi,j =

gi,j pj
g
q∈I i,q ρq pq +

N0 W F
K

(4.19)

where I is the set of interfering nodes, gi,j is the path gain between transmitter j
and receiver i, ρq ∈ [0, 1] the load generated by node q, N0 the noise spectral density,
F the noise ﬁgure at the receiver, and W/K the channel bandwidth. Notice that in
equation 4.19 we neglect the potential eﬀects of intracell interference. For a HSPAlike system this is a reasonable assumption in downlink since users use orthogonal
codes and the transmissions are synchronous. On the uplink this could be achieved
by scheduling the users in a TDMA fashion.
Given an average throughput requirement s∗ the proportion of time-slots
(“load”) required by user i experiencing a peak data rate ri,j can be written as
ρi = s∗ /ri,j . Hence, the total load associated with cell j becomes

ρi ≤ 1 for all j ∈ B.
(4.20)
ρj =
i∈Uj
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where the sum is taken over all nodes connected to base station j and B denotes the
set of base stations. Notice that the load ρj represents the proportion of resources
(in our case transmission time) that is used by base station j. For instance, ρj = 0.6
would correspond to a scenario where base station j needs to be active 60 percent
of the time in order to meet its current demand.

4.4.2

Base station selection criteria

The integer problem of assigning a set of users to a set of base stations so that the
capacity is maximized is known to be N P-hard [BHL04]. This calls for heuristic
methods. The approach taken here is to divide the overall assignment problem
into a number of subproblems. In our case, each subproblem is to ﬁnd the optimal
base station for one speciﬁc agent given the allocation of the other nodes. Each
subproblem is then solved by the corresponding user, individually, and if needed
repeatedly. This section describes the criteria that a terminal may rely on to
prioritize between a set of candidate base stations.
Maximum received signal strength selection
The perhaps most popular criteria for prioritizing between base stations is the
received signal strength (or path gain) criteria. With this metric, the preferred
base station for user i can be written as
bi = arg max gi,j .

(4.21)

j∈B

One advantage with this criteria is that the assignment of a particular user only
depends on the path gain value of this user. This allows distributed implementation
as well as ensures convergence. The drawback, is that the load at the candidate
base stations are not taken into account. This can lead to performance losses when
the load of the base stations are not close to being uniform.
Maximum received signal to interference ratio selection
An alternative to path gain based prioritization is to rely on the SIR, i.e.
bi = arg max Γi,j .

(4.22)

j∈B

With this criteria the users’ resource consumption is minimized. We may further
note that this simpliﬁes to the maximum received signal strength criteria when
the interference is constant. While increased eﬃciency is the main advantage,
the drawback is that this selection criteria is more complex. In particular, a
user’s preferred base station will depend on the choices of the other users due
to interference. Thus each user may have to update its selection multiple times
before, possibly, reaching a stable point at which no user want to reselect a base
station.
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Maximum data rate selection
While both SIR and path gain based selection account for the resource consumption
at the candidate cells they do not account for the fact that base stations may
experience diﬀerent demand (load) for resources. With the maximum data rate
criteria, this fact is taken into account by ranking the candidate cells according to
bi = arg max ri,j (1 − ρj ) .

(4.23)

j∈B

The term ri,j (1 − ρj ) can be viewed as an estimate of the maximal data rate that
user i could obtain if it connected to base station j.17
In both the SIR and maximum data rate algorithms agents’ preferred base
station depends on the interference levels and therefore user allocation. This is an
eﬀect of the fact that users have a ﬁnite amount of traﬃc that needs to transferred.
A consequence is that agents may have to update their decision multiple times
before reaching a stable allocation where no agent wants to change base station. In
fact, neither of these algorithms are guaranteed to converge to a stable allocation
and if agents are selﬁsh and do not account for how their behavior aﬀects other
users they will, in most cases, result in cyclic paths in a Markov graph. When
evaluating the performance of the maximum data rate and maximum SIR criteria
we say that they are able to support a certain throughput s∗ if there exists one
allocation in the path for which
max (ρ1 , ρ2 , . . . ρB ) ≤ 1.

(4.24)

In reality this convergence problem can be avoided by introducing a hysteresis
margin, so that users only are allowed to reselect base stations if the diﬀerence
in SIR, data rate, etc., exceeds some minimum margin. However, setting an
appropriate level for this margin is nontrivial since the performance of cells is
coupled. This leads us to our proposed method for selecting access point; as
described next.
Market based selection with local pricing
In our proposed method, which we refer to as market based selection, the access
network is viewed as a market place. In our context, base stations represent sellers
while agents represent potential buyers and the basic idea is to let dynamic pricing
in combination with the demand-supply dynamics govern the base station selection
process. To transfer data agents purchase transmission time on the wireless channel
by placing bids of virtual money in a proportionally fair divisible auction held at
the access points (see chapter 3 for details about the auction). One property of
this auction is that the price increases with demand and the price associated with
a base station therefore represents a signal of its current load.
17 We

note that the potential load incurred from user i is not accounted for in this criteria.
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Compared to the previously outlined methods the potential advantages with
market based selection stem from three factors:
• The introduction of (virtual) prices that reﬂect the current demand at base
stations forces users to act less greedy. For example, when an arriving user
tries to connect to an already congested base station the increased demand
will result in the price for wireless resources at that base station increasing.
This, in turn, results in users in contact with other base stations capable of
providing similar performance obtaining incentives to consider whether they
should switch to another base station.18
• In contrast to the maximum SIR or data rate criteria, market based selection
converges to a stable allocation where no terminal agent can improve its
performance, unilaterally, by changing base station.
• Prices represent a compact way to describe the system state (e.g. load,
backbone limitations, etc.) to users.
To maximize system capacity it is intuitively appealing to assign agents with the
task of minimizing their expenses for achieving their target data rate s∗ . If terminals
further are equipped with multiple radios, fractional assignment where a terminal
connects to multiple base stations simultaneously, is possible. Thus the general
optimization for agent i can be written as
φi,k
∗
k∈B Δi,k ri,k ≥ s
φi,k > 0 for all k

minimize
s.t.

k∈B

(4.25)

where φi,j as in chapter 3 denotes the bid that agent i places at base station j,
Δi,j =

φi,j
φi,j
,
=
φ
+
ε
φ
k,j
−i,j
k=i

(4.26)

and ri,j represents the channel peak data rate that agent i achieves while served by
base station j. The ﬁrst constraint in equation 4.25 ensures that the average data
rate requirement is fulﬁlled while the second requirement stipulates that agents
cannot place negative bids.19 We furthermore let
pj =



φk,j + ,

(4.27)

k
18 Note

that the maximum data rate selection criterion also exhibits this property.
it could be reasonable to interpret negative bids as oﬀers to leave the access point
this is not the case for the proposed framework where negative bids have no meaning. In fact,
negative bids would (with our formulation) make it possible for another agent to obtain more than
100 percent of the resources.
19 Although
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where  is a bid placed by the base station itself, denote the price charged by base
station j. For instance,  could be tuned depending on the available backbone
capacity.
For simplicity we will consider a case where an agent can participate in at
most two simultaneous auctions at a given time instant (as will be detailed below
though, this set of base stations may change). Let base station j and k represent
the candidate base stations for agent i. Then equation 4.25 simpliﬁes to
minimize φi,j + φi,k
s.t.
Δi,j ri,j + Δi,k ri,k ≥ s∗
φi,j , φi,k > 0

(4.28)

To ensure that their average data rate requirement is fulﬁlled each agent make their
bids at these two base stations. Each iteration, agent i solves equation 4.28 and
bids according to the following set of rules
⎧
φ
(r −s∗ )2
s∗
⎪
φ−i,j < −i,kri,ji,j
⎪
⎪ φ−i,j ri,j −s∗
ri,k
⎪
⎪
φ
(r −s∗ )2
⎨ 0
φ−i,k < −i,jri,ji,k
ri,k
r
(4.29)
φi,j =
ri,k φ−i,k
∗
⎪
(s
−r
)φ
+r
φ
⎪
−i,j
i,k
i,k
−i,k
ri,j φ−i,j
⎪
⎪
⎪
otherwise
ri,k φ−i,k
⎩
(ri,j +ri,k −s∗ )
ri,j φ−i,j

φi,k

⎧
⎪
0
⎪
⎪
⎪
⎪
⎨ φ
s∗
−i,k ri,k −s∗
r
=
ri,j φ−i,j
∗
⎪
(s
−r
)φ
⎪
i,j
−i,k
ri,k φ−i,k +ri,j φ−i,j
⎪
⎪
⎪
ri,j φ−i,j
⎩
(ri,k +ri,j −s∗ )

φ−i,j <
φ−i,k <

φ−i,k (ri,1 −s∗ )2
ri,j ri,k
φ−i,j (ri,k −s∗ )2
ri,j ri,k

(4.30)

otherwise

ri,k φ−i,k

The rules stipulated by equations 4.29 and 4.30 describe how the agent should
bid given the price for the resource. These equations have been obtained via the
KKT conditions and the three subcases corresponds to the situations where: (i)
∂
∂
∂
∂
∂φi,j (φi,j + φi,k ) > ∂φi,k (φi,j + φi,k ), (ii) ∂φi,j (φi,j + φi,k ) = ∂φi,k (φi,j + φi,k ),
and (iii) ∂φ∂i,j (φi,j + φi,k ) < ∂φ∂i,j (φi,j + φi,k ) at the bidding pair where φi,j ri,j +
φi,k ri,k = s∗ .
Notice that the candidate base stations j and k are selected by the agents,
at regular intervals, by examining the prices per transferred bit for all available
base stations in the previous auction. For each set of candidate base stations the
agents update their bids according to the best response function (equations 4.29
and 4.30) until a Nash equilibrium where none of the agents can beneﬁt from
updating their bid and/or change base station is reached. Due to the complex
nature of the problem, where the channel peak data rates and load in diﬀerent
cells are interdependent, we have not been able to prove the existence of a unique
equilibrium nor that best response dynamics are guaranteed to converge to this
equilibria. Extensive simulations, however, indicate that a unique equilibrium exists
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and that global convergence is ensured. An overview of the algorithm used to
identify the Nash equilibrium is presented in ﬁgure 4.6.
Since agents are allowed to bid for resources at multiple base stations the market
based selection may result in fractional assignments. This can be seen as a form of
soft handover. Since the base station selection criteria outlined in section 4.4.2 do
not support fractional assignment we introduce a rounded version of the marketbased selection where agents are only allowed to connect to one base station. This
allocation is determined as
bi = arg max φi,j ∀ i ∈ U,
j∈{χi ,ξi }

(4.31)

where χi and ξi are the two alternatives from equation 4.28.
As a ﬁnal remark we highlight that unlike the maximum data rate and maximum
SIR criteria the market based algorithm can be used to determine how and which
of the users should be connected to multiple base stations and, furthermore, the
time share that the user should obtain at the base stations.

4.4.3

Results

To evaluate the base station selection criteria we utilize the capacity gain with
respect to a reference case where the system reuses the spectrum in all cells and
users rely on the maximum path gain criteria for prioritizing between base stations.
Recall that we deﬁne the capacity as the maximum number of users that can be

Figure 4.6: Iterative algorithm for the market based base station selection problem.
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supported given that the minimum average throughput requirement s∗ is fulﬁlled.
Users that require service are placed according to a uniform distribution into the
service area and admitted in a random fashion. For each criteria additional users
are only admitted if the resulting system is stable. The simulation parameters are
summarized in table 4.2 and we highlight that we have accounted for the eight
closest interfering cells for all reuse factors. I.e. when the reuse factor is 1/3/7 we
study a system consisting of 9/27/63 cells. Note further that we consider a system
made up of omnicells serving outdoor users and assume that both base stations and
terminals use a ﬁxed transmit power. Detailed simulation statistics are presented
in section A.2.
Table 4.2: Summary of simulation parameters (downlink/uplink).
Parameter
Transmit power (p) [W]
Cell radius [m]
Path gain exponent
Shadow fading standard deviation [dB]
Base station correlation factor
Shadow fading decorrelation distance [m]
Maximum data rate (rmax ) [Mbps]
System bandwidth (W ) [MHz]
Reuse factor (K)
Simulated cells
SIR gap (β)
Noise spectral density [dB/Hz]
Noise ﬁgure (F ) [dB]

Value
(20/0.25)
300
3.8
8
0.5
110
(14/5.76)
3.84
1/3/7
9/27/63
0.5
-204
(10/4)

Downlink capacity
Figure 4.7 presents the average gain in downlink capacity for the studied criteria
and reuse factors. For networks where the system bandwidth is reused in all cells
it is evident that the gains from load based selection are marginal. The modest
capacity gains are an eﬀect of the fact that agents who switch from a heavily loaded,
to a less loaded cell always reduce their channel peak data rate. Given a certain
ﬁxed throughput requirement the reallocated user must therefore always consume
more resources; in our case they must be active a larger time-fraction. Thus the user
will generate more interference. If the bandwidth is reused in all cells the increased
interference levels, in turn, lowers the SIR in the original cell. As a consequence the
potential low reduction in load achieved by reallocating a user from the congested
cell is neutralized.
When a channel plan exists and the bandwidth is divided between the cells we
see that the capacity associated with path gain based selection is reduced. With
load-aware access selection the average capacity can be increased with around 25
percent with respect to a setting where the bandwidth is reused in all cells. If

4.4. LOAD BASED SELECTION IN CELLULAR DATA NETWORKS

137

Capacity gain compared to reuse 1 and
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Figure 4.7: Average downlink capacity gain for the studied AP selection methods at a reuse
factor K = {1, 3, 7}. As reference we utilize a system where the frequencies are reused in all cells
and where users connect to the access point from which they receive maximum signal strength.

the comparison instead is made to a system with reuse factor 3 that (combined
with the maximum path gain criteria for assigning users) the capacity gain is
approximately 40 percent. The observed capacity gains are an eﬀect of the fact
that users who switch from a congested base station now also change channel. As
a result of this channel change, the original congested cell avoids the “additional”
interference generated by the reallocated user. From ﬁgure 4.7 it is evident that
best performance is achieved with the market based base station selection, although
maximum data rate selection (where all agents selﬁshly select their base stations)
oﬀers comparable performance. As a matter of fact both criteria oﬀer a capacity
that is very close to that achieved with simulated annealing, which is a heuristic
method for ﬁnding an approximate “optimal” solution.
As mentioned repeatedly the load of base stations will depend on the assignment
of users if users have a ﬁxed throughput requirement (as opposed to the scenario
where users always have packets to transfer). As this also makes the problem
hard to study, it would be of interest to know how important the assumption of
full load is and what this assumption’s consequences would be on the estimates of
the capacity gains. Figure 4.8 depicts the cumulative distribution function for our
studied network conﬁguration with the same expected number of active users per
cell for the path gain and market based user assignment. It is clear that path gain
based base station selection typically results in a “unbalanced” network – especially
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when the average number of active users per cell is small.20 The assumption of
full load at all base stations will therefore underestimate the capacity as compared
to the case when users have a ﬁxed data rate requirement. In the case of market
based selection we see that the base station loads are closer to unity, thus the
underestimation of network capacity under the full load assumption will be less
pronounced. Combining these two eﬀects, we conclude that the capacity gain from
load based base station selection at full interference, in general, is overestimated.

1
Maximum path gain (10 users/cell)
Maximum path gain (40 users/cell)
Market based (10 users/cell)
Market based (40 users/cell)

Cumaltive distrubtion function

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

0

0.2

0.4
0.6
Base station load

0.8

1

Figure 4.8: Cumulative distribution function s of the access point loads in a network with reuse
factor K=3. The maximum signal strength and the market based access selection are applied to
two user densities. For each algorithm the throughput requirement is chosen so that at least one
access points is operating at full load. It is clear that utilizing a full interference approximation
when evaluating system performance is less accurate for low user densities and is also dependent
on the method of allocating users.

Uplink capacity
Although a terminal in principle could use diﬀerent base stations for uplink and
downlink transmission it is desirable if the gain in downlink capacity due to load
based base station selection does not come at the expense of uplink capacity. Figure
4.9 illustrates the average uplink capacity gain corresponding to the downlink
allocation. Notice that the path gain based selection coincides for uplink and
20 In reality, where the network seldom is “perfectly” planned we would expect the expected load
per cell to vary amongst cells causing even larger load variations.
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maximum path gain selection

downlink and that the fractional market based allocation where users can be
connected to multiple access points simultaneously have been excluded.
The results presented in ﬁgure 4.9 indicate that the uplink performance is
insensitive to the method used to select a base station as well as the reuse factor.
However, there is a trend that the load-aware methods do not harm the uplink
performance and for a reuse factor 7 we see a clear positive eﬀect for market based
selection.21 Finally we note that relative gains on the uplink from load based base
station selection, in comparison to path gain based assignment, is smaller than for
the downlink. To some extent this can be explained by the fact that any user who
is not connected to its maximum path gain base station will in addition to requiring
an increased time-share for meeting the average throughput requirement will also
have a higher path gain to the base station with which it interferes (this eﬀect is
not present in downlink).

1.1
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0.5
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Max data rate
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Simulated annealing
1

3
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Figure 4.9: Uplink capacity gains for the studied access point selection methods at reuse factor
K = {1, 3, 7}.

21 This can be explained by the fact that the links of the system are getting more noise limited
with high reuse, resulting in that the interference situation for the uplink and the downlink
becomes similar. Consequently, a good choice of base station for the downlink will be a good
choice for the uplink.
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Conclusions

The introduction of wireless access services suited for data applications will lead
to a need to provide higher data rates. This can be accomplished by deploying a
denser network. However, denser networks will result in the demand for resources
potentially varing considerably between adjacent cells. One way to improve
performance would then be to account for the current demand (“load”) when
prioritizing between candidate base stations. In this chapter we studied:
1. Whether data rates can be improved with load-based criteria for prioritizing
between a set of candidate access ports?
2. If these potential gains can be achieved when the decision of prioritizing
between radio ports is delegated to throughput seeking selﬁsh wireless nodes
or whether centralized user assignment is necessary?
The evaluation was performed by means of Monte Carlo simulations for a WLAN
and cellular data network via snapshot as well as time-dynamic analysis.
Our results show that load aware access selection can improve system capacity
and user data rates as long as the system does not reuse the entire bandwidth
in all cells. The largest gains are achieved when a large reuse factor is used and
the coupling between cells is small. Under these conditions, methods that account
for the current load at the base stations can increase the capacity (and data rates)
considerably compared to methods where nodes only rank the cells with respect to
resource consumption.
We further showed that the performance loss of selﬁsh resources sharing regimes,
where throughput seeking nodes themselves select to which base station they should
connect, is small. This suggests that the beneﬁts of centralized user assignment is
limited. Moreover, it indicates that as long as the prioritization accounts for the
current demand experienced by the access points (i.e., load) the speciﬁc manner
through which this load is accounted for is of secondary importance.
Finally, we studied whether a mobile operator with a ﬁxed bandwidth that was
reused in all cells and where nodes only accounted for the resource consumption
when ranking the candidate base stations could increase its capacity by introducing
load based access selection in combination with a channel plan. Compared to a
system conﬁguration where the entire bandwidth was reused in all cells, we showed
that the gains from load-based methods (in combination with a channel plan)
are limited and for the studied scenarios these gains did not exceed 20 percent.
Hence if operators have the possibility of reusing their entire bandwidth in all cells,
this in combination with a path gain based assignment constitutes a good design
alternative.

4.5.1

Validity of results

The results presented in this chapter are based on several assumptions that deserves
to be highlighted. Although we in general have used similar and in some cases more
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detailed models that the existing work in the subject, also we have used very simple
models. First we neither consider the eﬀects of power control, sectorized antennas,
and traﬃc mixes. In reality all these eﬀects may inﬂuence the achievable data
rates on the medium access control layer. Second we only account for the average
interference, assume that nodes are fully aware of the loads associated with the
diﬀerent access ports. This may lower the gains from load aware access selection
as compared to the path gain based criterion. We note that we have used the same
models when comparing all methods. Thus, comparisons between diﬀerent load
aware criteria should still be valid. Third we have neglected the eﬀects caused by
higher layers, e.g., the inﬂuence of TCP. As handoﬀ may trigger retransmission
timeouts, and, thereby, reset the congestion window size to one it is not certain
that nodes are limited by the multiaccess layer data rates. In particular, the eﬀects
of these protocols could be substantial when the bandwidth-delay product is high.
With existing TCP versions it is therefore not obvious that increased data rates
at the medium access layer results in higher application layer throughput and our
results should be interpreted as optimistic estimates of the gains that users are
likely to achieve. However, it should be mentioned that there exist proposals that
seek to mitigate the adverse eﬀects caused by handoﬀs (e.g., Freeze-TCP [TA05]).
Finally, TCP slow start may reduce the gains achieved from load based access
selection when the ﬁle size distribution is heavy-tailed and the vast majority of ﬁles
are small. Since the rate with which these ﬁles can be transmitted typically are
constrained by the congestion window, as opposed to the data rates achievable at
the multiaccess layer. Thus the gain from load based selection (or any other method
that merely improves the multiaccess data rates) is marginal for these transfers. In
fact, prioritization amongst diﬀerent base stations and technologies are only useful
in situations where medium access layer is the limiting factor.

4.5.2

Future work

With respect to the work presented in this chapter there exist a few extensions
that we believe would be interesting to pursue. First, the methods that we have
evaluated could be studied with more detailed radio network modeling and by means
of time-dynamic simulations. Two concrete aspects that could be interesting study
are the eﬀect of sectorized antennas and multi-carrier systems. Second, it would also
be interesting to evaluate if advanced access selection criteria considering, e.g., load,
carrier frequency, service mix, channel bandwidth, etc, could be used to improve
the uplink data rates in the context of a heterogeneous network where one of the
subsystems has a signiﬁcantly stronger link budget than the others (e.g., due to
lower carrier frequencies). Finally, it would be valuable to study the problem of
access port selection with a cross-layer approach where the eﬀects caused by TCP
are accounted for.

Chapter 5

Cooperative wireless access as a
capacity expansion strategy
To support the data rates and traﬃc volumes associated with wireless data
services mobile operators will sooner or later have to increase their network
capacities.1 Traditional ways for doing this has been based on either using a
larger system bandwidth, improving the signal to interference plus noise ratio at the
receiving nodes (e.g., by using a higher transmit power, reducing interference levels,
improving path gain statistics, etc.), or combinations thereof.2,3,4 As noted in the
introduction of this dissertation, mobile operators have in recent years started to
consider solutions where they can share infrastructure with other operators. In
this chapter we focus on roaming based infrastructure sharing (“national
roaming”) where cooperating mobile operators allow their subscribers to roam
across all their networks. Originally the model was intended to reduce the time to
market and to reduce the initial capital investments required when introducing new
technologies [CEDHM07, Nor01]. Since then roaming based infrastructure sharing
has been highlighted as also useful for operators with already deployed networks as a
way to increase capacity. The advantages from roaming based infrastructure sharing
stem from improved path gain statistics (since subscribers have more base stations
to choose from), increased scope for time-multiplexing (“trunking”) gains, while
1 Throughout this chapter we deﬁne capacity as the maximum average area throughput that
can be supported given that a minimum data rate requirement is fulﬁlled for the users (see equation
5.1).
2 While a larger system bandwidth, e.g., multi-carrier systems, also can increase the capacity
it would require new terminals, capable of using the requisite frequencies and bandwidths.
3 Higher transmit power would mainly be beneﬁcial in settings where the wireless link is weak
(and interference levels low). For an equal share of uplink/downlink traﬃc this would primarily
occur for the uplink. Note that health regulations limit the maximum transmit power that can
be used in terminals.
4 This can for example be achieved by using receivers with interference canceling capabilities
and channel-aware scheduling (possibly in conjunction with intercell scheduling and advanced
antenna concepts).
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keeping the operators’ networks business-wise decoupled. This chapter addresses
the following research questions:
1. Can roaming based infrastructure sharing oﬀer capacity improvements that
are signiﬁcantly greater than traditional methods? and
2. How sensitive are the gains achieved from roaming based cooperation with
respect to the network geometry, traﬃc pattern, and relative site density of
the cooperating operators?
The main rationale for comparing roaming based cooperation with alternative
capacity expansions strategies is that we believe that the decision relevant for
most mobile operators wanting to increase capacity is not simply whether they
should cooperate with other operators. Rather the question is if they should
increase capacity by deploying additional infrastructure, by using a lower carrier
frequency,...or by cooperating with other operators. Hence a relative comparison
should be of greater interest than a study merely quantifying the gains that can
be achieved by operator cooperation as it gives more useful information to these
operators.
Throughout the chapter we focus on a mobile broadband scenario where
part of the users are located in indoor locations. User requirements are modeled
as a minimum data rate at the multiaccess layer (during a busy hour) of 2
and 1 Mbps for downlink and uplink respectively (this is comparable to ADSL
connections).5 To answer the two research questions stated above, we use a casebased approach. In addition to a reference scenario where each operator increases
its capacity individually by deploying a denser network and the scenario where
operators cooperate, we consider following options (which all are currently being
discussed in the industry):
• Using the 900 MHz spectrum band for oﬀering wireless broadband access,
• Deploying wireless access points6 for coverage extension, and
• Using path gain based carrier assignment (“reuse partitioning”).7
The evaluation is performed by means of Monte Carlo simulations. In order to
study a number of diﬀerent system conﬁgurations, but still capture time-dynamical
5 As indoor users, on average, will have a weaker link than outdoor users these are typically
the users that will experience worst performance and, in the end, determine the service quality
that a mobile operator can oﬀer with “full” coverage. The inﬂuence that indoor usage has on the
network’s capacity is discussed in Appendix A
6 These access points could be either pico base stations using the operator’s assigned frequencies
or wireless LAN access points. They can further be connected to the residential broadband
connections (if possible) or wirelessly connect to the macro base stations.
7 Note that this method only is applicable in situations where the mobile operator has deployed
multiple carriers.
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eﬀects, such as queuing delays, we rely on simple physical and multiaccess models
that only account for average values of interference, load, peak data rates, etc.
These models are introduced in section 5.2. This is followed by an evaluation of
the capacity gains that operators can achieve by a multi-provider architecture and
the alternative expansion strategies in section 5.3 and section 5.4, respectively. A
discussion focusing on their relative performance is presented in section 5.5 and
conclusions are given in section 5.6.

5.1

Our contributions

As mentioned in section 1.1.2, infrastructure sharing (including roaming based
sharing) has been discussed as a method for reducing network related costs
by several authors [CEDHM07, Nor01, BS05, LHS+ 02, VWC02, PLDH05, LSGN01,
THH02]. Yet, the vast majority of the existing studies [CEDHM07, Nor01, BS05,
VWC02] have focused on providing a general discussion about the gains and
drawbacks with infrastructure sharing. Although a few of the studies [LHS+ 02,
PLDH05, LSGN01, THH02] also provided numerical results the used models have
in general been extremely simple ( [LHS+ 02] is based on that each cell has an
average cell radii and throughput, [THH02] considers co-sited systems and does not
explicitly model path gains, [LSGN01] does not account for interference, [PLDH05]
focuses on spectrum sharing only) and all of them focused on circuit switched
traﬃc. We extend these studies by focusing on a packet data service scenario,
using more detailed models that account for path gains, average interference levels,
as well as the base station loads. Further, we study several network conﬁgurations
characterized by diﬀerent intersite distances and account for the fact that part of
the traﬃc are generated by indoor users.
Another diﬀerence between the approaches in [CEDHM07,Nor01,BS05,LHS+ 02,
VWC02, PLDH05, LSGN01, THH02] and this chapter is that we compare the
gains via cooperation with those that an individual mobile operator can achieve
via several other expansion strategies. All strategies are evaluated with the
same simulator. This enables us to discuss the relative merits of roaming based
infrastructure sharing. Finally, we also consider the case where cooperating
operators are non-symmetric and characterized by diﬀerent site densities. Thus,
with respect to existing literature on the subject the contributions of this chapter
are:
• We quantify the achievable gains from operator cooperation for packet data
traﬃc and compare these gains with those that can be achieved by using
3G technology in the 900 MHz, and/or path gain carrier assignment with a
uniﬁed simulator.
• We study numerous network conﬁgurations characterized by diﬀerent intersite
distances. Further both downlink and uplink are analyzed.
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• We determine how sensitive the gains from operator cooperation are with
respect to network geometries (site locations, antenna twisting, traﬃc
pattern) of two cooperating network providers. We also consider the gains
when the cooperating operators have diﬀerent site densities.

5.2

Performance measure and system model

In this section we introduce the performance measure and the models which we have
used. These models only depend on the average values of loads, interference, path
gains, etc. This simpliﬁcation has been made due to our desire to study and compare
the performance of several diﬀerent system conﬁgurations (resource management
policies, intersite distances, propagation conditions, etc.). Given the computational
resources available, this ruled out detailed time-dynamical evaluations. A more
detailed discussion regarding this simpliﬁcation is presented in section A.3.2 in
Appendix A. Note that as we make the same assumptions for evaluated strategies
relative comparisons should still be valid.

5.2.1

Performance measure

As a performance measure we use the average area capacity, λ∗ , measured in
Mbps/km2 /carrier that can be supported – given that the 10th percentile of the
time average data rate measured at the multiaccess layer (this will be properly
deﬁned in section 5.2.3) that users experience exceeds some minimum threshold.
That is
λ∗  max (ω : Pr (s ≥ r∗ ) ≥ 0.1)
(5.1)
ω

where ω denotes the average oﬀered area throughput, s is a random variable
describing the time-average data rate, and r∗ represents the data rate requirement.
A deﬁnition of s is presented in section 5.2.3, but here we note that it accounts
both for transmission and queuing delays.8

5.2.2

Traﬃc model

The traﬃc distribution is uniform and characterized by an average area throughput
ω measured in Mbps/km2 /carrier. Given the total number of carriers nc , a
subscriber density u (per operator), and an average monthly traﬃc volume of Ω
[GBytes/subscriber], this translates into an average throughput requirement
s∗ω 

ω
Ω 0.006 · 8 · 103
=
·
unc
nc
3600

[Mbps/user],

(5.2)

8 A user with an experienced data rate s [bps] would, on average, experience a latency of b/s
seconds when transferring a small ﬁle containing b bits.
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during a busy hour. Note that we have used the standard assumption that 0.6
percent of the monthly traﬃc is generated during each busy hour. This average
throughput requirement will in reality be a result of the ﬁle transfer request
arrival intensity and expected ﬁle size (measured in Mbits) so that the average
throughput is s∗ω . The number of users (and hence the number of ﬁles) contending
for the channel will therefore vary and we throughout the chapter assume that the
aggregate arrival process of ﬁle transfer requests as seen by base stations can be
described by a Poisson process. We also assume that the ﬁle transfers are driven
by user requests with one outstanding ﬁle per user and that the channel peak data
rate is limiting the performance.

5.2.3

Time-average multiaccess data rates

The channel is shared via an egalitarian (in our case time-fair) multiaccess protocol
where all users, having data to transfer, obtain an equal time-proportion of a given
channel. Focusing on an individual cell j where Nj users have packets to transfer
the average service rate that an arbitrary user i with an average channel peak data
rate ri,j obtains is ri,j /Nj . Jumps in the service rate occurs whenever the number of
active users or the channel peak data rate change.9 In our analysis we will assume
that the channel peak data rates that users achieve during the time-period the
ﬁle is transferred is constant. If the slot duration is signiﬁcantly shorter than the
minimum service time required to transfer a ﬁle, then the cell can be approximated
by an egalitarian processor sharing (EPS) queue.10 This approximation allows us
to derive an expression for a user’s average rate over time. Note that the derivation
takes the users’ average channel peak data rates as input.
The average rate over time that a user with average channel peak data rate
ri,j experiences is deﬁned as [CJ07]
! t ri,j
I (N (v) > 0) dv
0 Nj (v)
si,j  lim
!t
t→∞
I (N (v) > 0) dv
0
∞
ri,j
ri,j  πk
=E
|Nj > 0 =
,
(5.3)
Nj
1 − π0
k
k=1

where Nj (v) represents the number of users contending for the channel at time v,
I (N (v) > 0) corresponds to the indicator function, which takes on the value one if
9 This is in contrast to many of the traditional non-preemptive scheduling disciplines (e.g., the
ﬁrst-come-ﬁrst-served) where the service time only depends on the system state at the time-instant
when the job arrives in the queue.
10 Note that we neither account for eﬀects of schedulers that exploit channel state information
nor schedulers that rely on the ﬁle size of users. If the path gains variations (over which the
scheduling is performed) for a certain user is independent between base stations, then channelaware schedulers could be considered using the framework proposed in [Bor03]. The independence
assumption may be reasonable for schedulers that try to exploit fast fading. However, it is
not valid for schedulers that exploit slow-scale variations (e.g., variations caused by mobility)
or schedulers that account for the ﬁle sizes.
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N (v) > 0 and zero otherwise, and πk denotes the stationary probability that there
are k users with packets to transfer. We note that the average rate over time does
not account for the number of active users varying during the ﬁle transfer and it
consequently describes the expected data rate that a user transferring a small ﬁle
would experience.
For an arbitrary ﬁle-size distribution (measured in Mbits/ﬁle) and with peak
data rates varying amongst users, we can describe the total amount of time that a
user needs to use the channel via some general (arbitrary) probability distribution
function. Under the assumption that users’ aggregated arrival process can be
described by a Poisson process the dynamic cell behavior can be modelled as an
egalitarian processor sharing M/G/1 queue (or M/G/1-EPS queue for short). The
stationary queue length distribution, i.e. the probability that there are k users
with packets ready to transfer for M/G/1-EPS queues is known to be geometrically
distributed (i.e., πk = (1 − ρj )ρkj , k = 0, 1, . . .) [CJ07]. Exploiting this fact we can
compute
∞

(1 − ρj ) ρkj
k=1

k

= − (1 − ρj ) log (1 − ρj )

(5.4)

and that π0 = 1 − ρj , thus equation 5.3 can be rewritten as
E [si,j ] = −ri,j (1 − ρj )

log(1 − ρj )
.
ρj

(5.5)

We note that the time average data rate will be convex in ρj and approach zero as
the load approaches unity. Other than using the average rate over time, the next
most popular method that we are aware of for computing the “experienced user
data rates” is the weighted average rate over time. Unlike the approach chosen
here this method accounts for the number of active users Nj varying during a ﬁle
transfer. In fact, the method is based on the assumption that the user dynamics
vary so fast so that each ﬁle spends exactly a proportion of time πk of its total
service in each state k (except the zero-state).11 We believe that the average rate
over time is preferable if one wants to capture the performance of small jobs (“mice”)
while the weighted average rate over time should be used in situations where focus
is on large jobs (“elephants”).12
11 The

Rt

weighted average rate over time can be obtained by replacing
ri,j
I
Nj (u)

Rt

ri,j
0 Nj (u) I

(N (u) > 0) du

(N (u) > 0) du in equation 5.3. This results in E(si,j ) = ri,j (1 − ρj ).
with 0 N (u)
Note that the weighted average rate over time assumes that the dynamics in number of users
is signiﬁcantly faster than the time required to complete a job, since each job spends a timeperiod πk , k = 1, . . . in each state. A more comprehensive discussion concerning the diﬀerence
between the average rate over time and the weighted average rate over time is presented in [CJ07].
12 For small jobs one may note that the overhead of starting the transfer and higher layer
protocols (such as TCP slow start) may be signiﬁcant compared to the actual transfer delay.
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The derivation of users’ time average data rate is based on the users’ average peak
data rates. In this section we describe the approach used for computing the average
channel peak data rates.
The average channel peak data rate that an arbitrary user i can achieve while
connected to base station j is approximated as
ri,j = min (W η log2 (1 + βΓi,j ) , rmax ) ,

(5.6)

where W is the channel bandwidth, η a spectral eﬃciency coeﬃcient, β an oﬀset
factor (SIR-gap) that describes the diﬀerence between information theoretic and
practical results, Γi,j the average SIR, and rmax the maximum supported peak data
rate, which is determined by coding and modulation. For downlink transmission
the average SIR is approximated as


Γj,i =
k=j

gj,i pdj,i


d ρ
p
+
p
c gk,i + N0 W Fi
m k,m k,m

(5.7)

where gj,i is the path gain between base station j and user i, pdj,i the power with
which base station j transmits payload data to user i, pc the power dedicated to
common control channels, N0 the noise spectral density, Fi the receiver noise ﬁgure,
and ρk,m the (long-term) proportion of time that base station k needs to transmit
data to user m in order to meet its average throughput requirement sω (see equation
5.2) .13,14 The average uplink SIR is in a similar manner approximated as
Γi,j =

gi,j pdi
d
k=i pk gk,j ρk +

N0 W F j

.

(5.8)

where pdi denotes the power used by terminal i when transmitting information. Note
that as we study a TDMA multiaccess protocol we have no intracell interference in
the downlink or in the uplink.
The average interference generated in cell j is computed over all users with
respect to their long-term throughput requirement during a busy hour. Thus, we
deﬁne the load associated with cell j as
ρj 

 s∗
ω
ri,j

(5.9)

13 Note that we assume that base stations always transmit information on the control channels
(this is based on the downlink of HSPA).
14 Note that we make two assumptions when computing the channel peak data rate; we use
the (approximated) average SIR when computing the average peak data rates and we use the
average interference when computing the average SIR. While the ﬁrst approximation results
in an overestimation of peak data rates (since log2 (1 + Γ) is a concave function) the second
approximation results in an underestimation of the SIR (since the function 1/I is convex for
I > 0.) Hence the total overall eﬀect of our approximations are ambiguous.
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where ri,j is given by equation 5.6 and the sum is taken over all users served by
base station j. In reality each cell will follow a binary on/oﬀ transmission pattern
with activity factor ρj and since our system is time-shared the probability that a
user with peak data rate ri,j is active can be written as s∗ω /ri,j . Note that this
implies that most of the transmission time used in a cell is consumed by users with
low channel peak data rates.15
To ensure that neither terminals nor base stations use excessive transmit power
both downlink and uplink transmission use rudimentary power control. The
transmit power associated with user i is determined in an iterative fashion as
pdi,j = pd∗ min 1, κ
where pd∗ denotes the maximum power, γ ∗ =

1
β

γ∗
Γi,j



2

(5.10)

rmax
ηW


− 1 the maximum useable

SIR, Γi,j the average SIR at the receiving node, and κ a power margin.16
The path gain gi,j between a user i and base station j is expressed as
gi,j = −Li,j + Zi,j − Ii,j

[dB]

(5.11)

where Li,j denotes the deterministic path loss, Zi,j a spatially correlated log-normal
random variable that represents the shadow fading, and Ii,j ∈ {0, I0 } [dB] a random
variable that describes the outdoor-to-indoor penetration loss associated with user
i.17 The path loss between between user i and base station j is modeled via the
COST231 Walﬁsch-Ikegami [DC99] and COST231-Hata model for urban and rural
areas, respectively. Both of them result in a path loss that can be written as
Li,j = L0 + 10α log10 (di,j ) ,

(5.12)

where di,j represents the distance between the receiving and transmitting node.
L0 corresponds to the path loss at 1 m and in addition to the carrier frequency
it depends on the building height, base station height, etc. Also the propagation
exponent α depends on the environment and using the parameters speciﬁed in table
5.2 it simpliﬁes to 3.3 and 3.8 for rural and urban areas, respectively.
Just as the path loss, the lognormal shadow fading Zi,j depends on the
environment and we have modeled it as a spatially correlated lognormal random
variable characterized by a standard deviation and a decorrelation distance. For all
the settings studied in this chapter the standard deviation of the lognormal variable
has been 8 dB whereas the decorrelation distance was chosen as 20 m and 500 m
for urban and rural environments, respectively [Gud91].
15 Thus, the diﬀerence between computing the average peak data rates by means of the average
interference and as the average of multiple realizations of the interference should be small at high
loads.
16 Equation 5.10 is standard function. Aside from ensuring the existence and uniqueness of a
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Table 5.1: System parameters (downlink/uplink).
System parameters
Parameter

Value
[MHz]a

Eﬀective carrier bandwidth
SINR gap (β) [dB]
Spectral eﬃciency (η )
Receiver noise ﬁgure [dB]b
Cable and combiner losses [dB]
Transmit power control channel (pc ) [W]c
Maximum transmit power data channel (pd∗ ) [W]
Base station antenna gain [dBi]d
Mobile terminal antenna gain [dBi]e
Shadow fading standard deviation [dB]
Outdoor to indoor penetration loss [dB]f
Noise spectral density [dBW/Hz]
Sectors per site
Number of sites
Maximum data rate (rmax ) [Mbps]
Data rate requirement [Mbps]
Power control
Subscriber density (urban) [1/km2 ]g
Subscriber density (rural) [1/km2 ]g
Percentage of traﬃc per busy hour [%]

3.84
-3
0.7
(7/5)
3
(2/0)
(18/0.25)
18
2
8
15
-204
3
12
(14.4/5.76)
(2/1)
(yes/yes)
1000
10
0.6

a

Based on [Qua06, Qua07].
Based on [HT06].
c Based on pp.131 in [HT06].
d Both for 2G and 3G spectrum; see pp.100 [Con07].
e For antennas inside the terminal; see pp.205 in [HT04].
f [Qua06, Qua07] use 20dB, [HT04] pp.105 mention 15dB.
g Based on [LHS+ 02, HT04].
b

Table 5.2: Parameter assumptions for urban (COST 231 Walﬁsch-Ikegami model) and rural
areas (COST 231-HATA model).
Parameter

Value (m)
Urban areas

Antenna height
Street width
House height
Mobile height
Building separation
Decorrelation distance (shadow fading)a
a

Rural areas

30
15
25
1.5
30
20

60
N/A
N/A
1.5
N/A
500

Deﬁned as the distance where the correlation is 1/e.

ﬁxed point it also ensures global convergence [Yat95].
17 In reality the outdoor-to-indoor penetration loss may vary considerably depending on material
of houses, the ﬂoor on which a user is located, whether a user is beside the outer wall or deep
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5.3

Gains with roaming based cooperation

Having described the models that were used, in this section we evaluate the capacity
gains that can be achieved through roaming based infrastructure sharing between
two operators. From a technical viewpoint, there are two potential beneﬁts in terms
of increased capacity of the proposed multi-provider network architecture:
• The path gain statistics improve since users have more base stations to choose
from.
• Operators with nonoverlapping busy hours can achieve a time multiplexing
gain and therefore support larger traﬃc volumes.
While the former factor results in more eﬃcient resource utilization the latter may
reduce the peak over average ratio of the traﬃc demand. An illustration of the
latter’s eﬀects is presented in ﬁgure 5.1. Because of the diﬀerence in busy hours,
the area throughput experienced during busy hour of the combined system will be
smaller than the sum of the individual systems’ busy hour area throughput.
7

Traffic (operator 1)
Traffic (operator 2)
Combined traffic

Sum of the individual operators’
busy hour traffic
6
Multiplexing gain
due to cooperation

5

4

3

2

1

0
00

05

10

15

20

Figure 5.1: Example of the traﬃc pattern of two operators and the combined traﬃc pattern if
they cooperate.

In the numerical results presented below we take the area throughput ω as input
parameter. Thus, we only account for the capacity gains due to improvement in
inside the building. Reported values of the outdoor to indoor penetration loss are in the range of
5 to 25 dB [ARY95, FKRC06].
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path gain statistics. Aside from quantifying the capacity gain, the focus is on
determining how sensitive the gains are with respect to the network geometries
and the characteristics of the relative base station densities of the cooperating
operators. Potential time-multiplexing gains can be accounted for a posteriori as
further discussed in section 5.5.

5.3.1

The eﬀect of network geometry for symmetric operators

Throughout this ﬁrst subsection the focus is on a scenario where two operators
with identical networks (base station density, traﬃc pattern, carrier frequency, etc.)
cooperate by letting the subscribers of each other connect to their network. The
objective of this section is to determine how the capacity gain depends on the
network geometry. For this purpose, three diﬀerent geometries were analyzed:
1. The base stations of the cooperating operators are widely separated (see ﬁgure
5.2a).
2. The base stations of the cooperating operators are almost cosited and the
sectors of the operators are completely overlapping (see ﬁgure 5.2b).
3. The base stations of the cooperating operators are almost cosited, but the
antennas are rotated 60 degrees with respect each other (see ﬁgure 5.2c).

(a) Widely separated

(b) Almost cosited

(c) Twisted sectors

Figure 5.2: Illustration of the layout when the cooperating systems are widely separated, almost
cosited, and almost cosited but with twisted antennas.

We believe that the scenario with almost cosited base stations and overlapping
sectors provides a lower bound on the gain, whereas the scenario where the sites of
the cooperating operators are widely separated provides an upper bound. Although
none of these cases are realistic in isolation, together they oﬀer insights into how
sensitive the gains are with respect to the network geometries of cooperating
operators. This may be important because it, for example, can guide regulators
and cooperating operators in whether there is a need to coordinate site plans.
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Urban settings
Figure 5.3 and ﬁgure 5.4 present the downlink and uplink capacity as a function of
the intersite distance for an urban setting. In addition to the network geometries
outlined above, we have included the reference case without operator cooperation.
It is evident from these ﬁgures that roaming based infrastructure sharing can
increase the capacity for both downlink and uplink transmission. As expected
the gain is largest when the sites of the cooperating operators are widely separated.
However, it is noteworthy that gains are also present in situations where the sites
of the cooperating operators are almost cosited. In the case of almost cosited
sites, coinciding busy hours and overlapping sectors the capacity gain achieved
from roaming based cooperation is modest and the existing gain is an eﬀect of the
shadow fading decorrelation distance being as small as 20 m. With twisted sectors
the capacity improvement doubles; already achieving more than half of the capacity
gain associated with cooperation in the case where the sites are widely separated.
Comparing the downlink and uplink capacity it is noteworthy that the downlink
can handle signiﬁcantly higher traﬃc volumes. For example, with an intersite
distance of 500 m a traﬃc volume of almost 2 GBytes/month/subscriber can be
supported on downlink without operator cooperation. The corresponding number
for uplink transmission is around 0.8 GBytes/month/subscriber. Which of the
two links that is limiting thus depends on the downlink/uplink traﬃc asymmetry
and for situations where the traﬃc is almost symmetric the uplink thus represents
the bottleneck.18 Therefore methods that can improve uplink capacity are very
important in the short run. This observation is also valid for rural areas, which is
discussed next.
Rural settings
Figure 5.5 and ﬁgure 5.6 illustrate the achievable capacity in a rural environment.
The decorrelation distance associated with the shadow fading is 500 m. Thus
the gains for geometries where the sites are almost co-located and the sectors
overlapping are insigniﬁcant. However, already with rotated sectors the capacity
can be more than doubled and, as for urban areas, around half of the gains
associated with widely separated sites can be achieved.
In all of ﬁgures 5.3-5.6 we have also included the reduction in site density
that could be achieved by cooperation. We note that for downlink transmission
cooperation can yield a gain in the order of 50 percent (for the rural area the gain
exceeds 50 percent) if the systems are widely separated. As a site reduction of 50
18 In the short-run data usage (at least in terms of traﬃc volume) can be expected to be
dominated by indoor laptop users (where power outlets are available). If the traﬃc mix is similar
to the mix in ﬁxed networks where peer-to-peer applications makes up the majority of traﬃc the
performance will be limited by the uplink. Note though that mobile operators can circumvent this
problem by adding a disk with the information to a server in the ﬁxed network, thus removing
the uplink traﬃc.
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Figure 5.3: Downlink area capacity λ∗dl as a function of the intersite distance for an urban
scenario with and without roaming based infrastructure sharing.
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Figure 5.4: Uplink area capacity λ∗ul as a function of the intersite distance for an urban
scenario with and without roaming based infrastructure sharing.
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Figure 5.5: Downlink area capacity λ∗dl as a function of the intersite distance for a rural
scenario with and without roaming based infrastructure sharing.
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Figure 5.6: Uplink area capacity λ∗ul as a function of the intersite distance for a rural scenario
with and without roaming based infrastructure sharing.
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percents implies that the number of sites in the combined network is the same as
the number of sites in the operator’s individual networks. This result may strike
the reader as nonintuitive. While this reasoning would hold if the cooperating
operators also shared spectrum, it does not hold for scenarios where operators
use non-overlapping spectrum bands! In fact, by introducing a reuse factor the
interference associated with the beacon channel (on which the base stations was
assumed to be continuously transmitting at 2 W) can be reduced and therefore a
reduction larger than 50 percent is possible.
Experienced data rates at lower area throughput
So far we have only studied the performance during a busy hour, i.e. when
the system operates at peak load. However, most of the time the load will be
considerably smaller. In order to further identify diﬀerences it is interesting to
evaluate the performance at lower loads. Figure 5.7 illustrates the time-average
data rate as a function of the area throughput for an urban setting where the
intersite distance associated with the individual systems is 500 m. As expected we
can observe that the operator cooperation increases the data rate substantially; and
when the cooperating operators have widely separated sites the data rate can be
more than doubled. This improvement is due to the fact that the users’ link budget
is improved, since the average distance to a base stations is signiﬁcantly decreased.

Average experienced data rate [Mbps]
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Figure 5.7: Uplink data rates as a function of the oﬀered area throughput ω for the studied
network geometries for an urban scenario where the intersite distance is 500 m.
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Cooperation between nonsymmetric operators

The previous section evaluated the capacity gains that symmetric operators,
with identical base station density, coverage requirements, etc., can achieve by
cooperating. While this oﬀers insights into the magnitude of the capacity gains and
their sensitivity with respect to the network geometry, operators often have diﬀerent
base station densities. This section therefore evaluates the capacity gains that
nonsymmetric mobile operators can expect from roaming based infrastructure
sharing. Throughout this section we consider the case where the cooperating
operators have identical traﬃc requirements and only diﬀer in their site densities.
Unlike the case of symmetric operators, where we implicitly assumed that the
operators shared the capacity gains equally, it is not obvious how nonsymmetric
operators should divide the eﬃciency gains in a fair manner. We will consider three
possible approaches.19 These are described in the following sections. It should be
noted that even though the numbers associated with them diﬀer, they all indicate
that the operator with a sparse site density has the most to gain from cooperation.
Cooperation as a bargaining solution
The ﬁrst approach views the problem of deciding how large a share of the capacity
gain each operator should obtain as a Nash bargaining game in which the operators
individual capacities are used as disagreement point (i.e. if the operators cannot
agree on how to divide the capacity gain they do not cooperate). Assuming that
operators’ revenue (“utility”) is proportional to the served traﬃc volumes, then
the Nash bargaining solution describing how much of the total capacity thateach
operators should be entitled to is given as20
λ∗i,nbs = λ∗i +

Δλ
.
2

(5.13)

Here Δλ = λ∗tot − λ∗1 − λ∗2 represents the additional capacity that can be served due
to cooperation, while λ∗1 and λ∗2 denote the capacities that the operators achieve
without cooperation (i.e., the disagreement point). We note that operators share
the additional capacity Δλ equally, and that an operator’s share of the additional
capacity therefore is independent of the capacity that it can support without
cooperation. As we will see, this results in that the relative capacity gain Δλ/2λ∗i
always will be greater for operators with a sparse site density.
19 In the ﬁrst two approaches (cooperation as a bargaining solution and proportionally fair
cooperation) users are assigned to base stations based on a heuristics where we ﬁrst allocates
them to the base station associated with highest path gain and, thereafter, try to reallocate users
with worst performance to the other system (operating on a diﬀerent frequency).
20 The Nash baragaining solution (λ∗
, λ∗
) is given as the solution to the maximization
1,nbs
`
´ ` 2,nbs
´
problem arg maxλ1,nbs ,λ2,nbs λ1,nbs − λ∗1 λ2,nbs − λ∗2 with respect to the following set of
∗
∗
constraints λ1,nbs ≥ λ1 , λ2,nbs ≥ λ2 and λ1,nbs + λ2,nbs = λ∗tot . [Owe01]
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Proportional fair cooperation
It could be argued that a potential problem with relying on the Nash bargaining
solution for dividing the gain is that the capacity associated with the operators
(λ∗i,nbs ) is independent on the traﬃc volume handled by their network. Starting
from this observation another alternative way to divide the total capacity λ∗tot
between the operators is so that each provider obtains a share that is proportional
to the amount of traﬃc that it supports, i.e.
λ∗i,pf =

ω1
λ∗
ω1 + ω2 tot

(5.14)

where ωi denotes the traﬃc (measured in Mbps/km2 ) carried by operator i during
a busy hour. We will refer to equation 5.14 as the proportionally fair solution.
Bit fair cooperation
A ﬁnal model allows operators to trade traﬃc with each other if both of them are
capable of serving a user of the other provider more eﬃciently. Letting ϕi represent
the traﬃc volume that operator i would like the other operator to carry, then we
may write the traﬃc volume exchanged between the operators as Δφ  min (ϕ1 , ϕ2 ).
Note that both operators, with this method, will carry identical volumes of each
others traﬃc. Thanks to improved path gain statistics though, a larger total traﬃc
volume can be handled. However, compared with the Nash bargaining and the
proportionally fair solutions the total capacity will always be smaller.
Capacity gains for nonsymmetric operators
Figure 5.8 and ﬁgure 5.9 show the total downlink and uplink capacity gain λ∗tot /(λ∗1 +
λ∗2 ) for the methods outlined above. In the example, which is limited to an urban
setting, one of the operators has a network characterized by an intersite distance
of 500 m whereas the intersite distance for the other operator belongs to the set
[500, 433, 378, 327] m.21
It is evident that both the downlink and uplink capacity gains decrease as
the intersite distance of the second operator decreases and the networks become
increasingly heterogeneous. While this is in part an eﬀect of the capacity gains
achieved by cooperation decreasing with site density (cf. ﬁgure 5.3 and ﬁgure 5.4),
it is also because the vast majority of users (those subscribing to the operator with
a denser network) can already connect to most of the base stations. Thus, the
macroscopic diversity gain that this group of users achieve is small as compared
to the case where both operators have comparable base station densities. The
21 These intersite distances have been chosen so that both subsystems cover the same area and
the number of base stations deployed in both subsystems are an integer number. The relative site
density for the operator with denser network (operator 2) is 1, 1.33, 1.75, 2.33.
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Figure 5.8: Total downlink capacity gain achieved from cooperation between non-symmetric
operators as a function of the intersite distance associated with operator 2 for an urban
environment. Operator 1 is assumed to have an intersite distance equal to 500 m and the
downlink data rate requirements is 2 Mbps. Note that the performance of the bargaining and
the proportionally fair solution coincide.
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Figure 5.9: Total uplink capacity gain achieved from cooperation between non-symmetric
operators as a function of the intersite distance associated with operator 2 for an urban
environment. Operator 1 is assumed to have an intersite distance equal to 500 m and the
uplink data rate requirements is 1 Mbps. Notice that the performance of the bargaining and
the proportionally fair solution coincide.
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Figure 5.10: Relative gain in downlink capacity for the operators as a function of the intersite
distance associated with operator 2. Operator 1 is assumed to have an intersite distance equal to
500 m. The data rate requirement is 2 Mbps per user.
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Figure 5.11: Relative gain in uplink capacity for the operators as a function of the intersite
distance associated with operator 2. Operator 1 is assumed to have an intersite distance equal to
500 m. The data rate requirement is 1 Mbps per user.
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fact that the bit fair method oﬀers lower capacity gains than the bargaining and
proportionally fair methods is a consequence of that the vast majority of users
are supported by the network with denser site density in heterogeneous network
settings and this will compared to the traﬃc served by the sparser network have
much better path gain statistics. Hence the scope for operators to exchange traﬃc
is in general low.
Figure 5.10 and ﬁgure 5.11 show a breakdown of the capacity gains associated
with the diﬀerent methods for the two operators. It is apparent from these ﬁgures
that the operator with the sparser network gains more from cooperation in all of
these methods. As a matter of fact, the relative diﬀerence in capacity gain increases
as the heterogeneity of the cooperating networks becomes more pronounced.

5.4

Traditional methods to improve network capacity

In this section we turn our attention to methods whereby an individual operator
can increase its capacity without cooperating with other operators. As mentioned
in the introduction of the chapter the following options are considered:
• deploying wireless relays for coverage extension,
• using HSPA technology in the 900 MHz band,
• using path gain based carrier assignment,
or combinations thereof. Before evaluating the performance, we describe and
motivate each of these expansion strategies.

5.4.1

Three traditional expansion strategies

In this section each of the three traditional expansion strategies are discussed. These
expansion strategies can be categorized as either attempting to improve the link
budget, to balance interference, or both.
Wireless relays for coverage extension
As pointed out in section 5.3 and further discussed in Appendix A indoor users will
experience lower channel peak data rates (as compared to outdoor users) due to
greater attenuation indoors, thus consuming the majority of the resources. Using
small, low power, indoor base stations (access points) have been proposed as a
cost eﬃcient method for operators to increase their data rates. This represents
a special case of the ﬁrst expansion strategy. For access neutral operators with
both a ﬁxed and mobile network, indoor base stations could be connected via ﬁxed
broadband connections; while if the operators only manage an outdoor cellular
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network, then the indoor base stations, instead, have to connect, wirelessly, to the
outdoor cellular system. In the latter case, if these relays are placed in favorable
positions (at windows or on rooftops), use directional antennas, transmit with a
higher power than terminals, etc., they could increase the channel peak data rates
for indoor users, thus, also increasing the system’s capacity.
While it often has been suggested that these indoor base station should rely
on unlicensed spectrum, both operators and telecom equipment vendors have (once
again) recently started to devote increasing attention to solutions where the access
points use the same spectrum and technology as the outdoor cellular system
[Til07].22 Compared to using unlicensed spectrum the main advantages are, ﬁrst,
that uncontrollable interference can be avoided and, second, that no integration
between unlicensed and cellular technologies is necessary. The obvious drawback
with reusing proprietary spectrum for indoor solutions is that interference levels to
which the outdoor system is exposed will increase as compared to using unlicensed
spectrum. In situations where the indoor base stations can be connected to the
ﬁxed network via the users’ broadband connections the use of moderate transmit
power (alternatively some form of power control) can reduce this interference level
signiﬁcantly.
3G technology in the 900 MHz spectrum band
Another method through which operators can improve their coverage for higher data
rates would be to introduce 3G technology in the 900 MHz spectrum band currently
used by GSM systems. This option has recently become available to incumbent
operators and it is a consequence of the regulatory shift towards the technology and
service neutral spectrum management discussed in chapter 1. The main advantage
with using lower frequencies is that signals experience less attenuation. Therefore
coverage can be increased for a given set of sites and a given transmission power
budget; especially in range-limited scenarios where the link budget is limiting (this
might seem to only be a concern in the rural setting, but is also the case indoors
– due to the higher building attenuation). Even though the topic is frequently
discussed existing work that evaluates the gains of using these lower frequencies
has focused on circuit switched traﬃc [Con07].
Path gain based carrier assignment (reuse partitioning)
A third method available for operators that want to increase capacity is path gain
based carrier assignment (“reuse partitioning”). We highlight that this is only useful
when multiple carriers are installed and that this method tries to increase the
22 Similar solutions have been proposed previously. Two examples are GSM on the net [Gra98]
and Mobile@home [BHN+ 05]. The main advantages of these solutions are that they relieve the
outdoor cellular system of the indoor traﬃc and that they create a tighter relation with the
customer (i.e. higher switching cost). This reduces churn.
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capacity by reducing the interference for the users that are the worst oﬀ. Reuse
partitioning has previously been proposed as a way to increase capacity for circuit
switched traﬃc in systems where nodes (users and base stations) transmit with a
ﬁxed power and where all users are either indoors or outdoors [ZK01]. A peculiarity
for such settings is that users who experience a low path gain to their preferred base
station will be close to the cell border and, therefore, have a relatively high path
gain to the adjacent (interfering) base station(s). By partitioning each cell into
several concentric regions and letting each region rely on a diﬀerent reuse factor,
then the interference levels for users close to the cell border can be decreased and
the capacity increased [ZK01].
However, when an outdoor system supports a mix of both indoor and outdoor
traﬃc, the assumption concerning a user’s path gain is no longer valid. This is
because indoor users in comparison to outdoor users will experience a weak link
to all base stations. This makes existing reuse partitioning schemes inappropriate,
therefore we propose a variant of these schemes with the objective of reducing
interference levels for indoor users by separating their traﬃc with the one of outdoor
users. This is achieved by assigning users with a path gain lower than a threshold to
one of the carriers, while the remaining traﬃc is assigned to the other carrier.23 If
the carriers use diﬀerent spectrum bands, e.g. 900 MHz and 2 GHz, the carrier with
a low frequency is used for serving the users with the lowest path gain values.24,25

5.4.2

Numerical examples

This section evaluates the capacity gains oﬀered by the methods described above.
Indoor base stations are modeled as inband decode-and-forward relays connected to
the outdoor base stations. These relays use a transmit power of 0.25 W, improve the
link budget by 10 dB, and it is assumed that 50 percent of the indoor traﬃc can be
routed through these relays. For the path gain based carrier assignment we assume
that the operator has two carriers devoted for downlink and two carriers for uplink
traﬃc. The path gain threshold is determined through numerical optimization.26
23 This means that we do not require any knowledge regarding whether a certain user in fact
is located at an indoor location, therefore allowing base stations to make distributed decisions. If
the selection of carrier is managed by the radio network controller (or similar) and it is based on
information from multiple base stations it would be possible to achieve even better performance.
The same performance could be achieved if the devices selected between base stations (since they
will know what base stations they hear and how well).
24 In principle a separation could be achieved in single carrier systems by means of intercell
scheduling.
25 Studies of how sensitive these gains are with respect to the percentage of indoor usage and
the design of strategies when there are more than two orthogonal carriers available are left for
future studies.
26 For our studies we assume that the carrier bandwidth is ﬁxed, therefore it suﬃces to ﬁnd a
path gain threshold. This threshold depends on user distribution, indoor to outdoor penetration
loss, percentage of indoor users, etc. In scenarios where the channel bandwidth is variable, both
the bandwidth of the diﬀerent spectrum bands and the corresponding path gain thresholds can
be optimized.
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As for the case of roaming based infrastructure sharing we will consider a case where
50 percent of the users are indoors and the simulation parameters are identical to
those presented in table 5.1.
Downlink capacity
Figure 5.12 illustrates the downlink capacity λ∗dl as a function of the intersite
distance for an urban setting. We can observe that all methods oﬀer similar
capacity when the intersite distance is less than 600 m. As the intersite distance
increases diﬀerences between the three expansion strategies become apparent. The
highest capacity is achieved when the operator either exclusively relies on 900 MHz
spectrum or uses a mix of 900 MHz and 2 GHz spectrum (in combination with
path gain based carrier assignment). This gain is an eﬀect of improved link budget
statistics. From the ﬁgure it is also noteworthy that operators with a heterogeneous
mix of 900 MHz and 2 GHz spectrum can achieve the same capacity as if they
exclusively used the more favorable 900 MHz spectrum as long as users with
poor link budgets are served with the 900 MHz spectrum. With random carrier
assignment, the capacity gain that an operator with a heterogenous spectrum mix
is marginal.
Figure 5.13 presents the downlink capacity for a rural setting. Although the
diﬀerence in capacity at small intersite distances is larger than for urban areas,
the studied expansions strategies initially oﬀer comparable capacity. However, as
the intersite distance increases, the diﬀerence becomes considerable. Thanks to its
favorable propagation characteristics, conﬁgurations that use 900 MHz spectrum
band for serving users with a poor link budget (i.e., primarily indoor users) oﬀer
signiﬁcantly greater capacity. With respect to the capacity gains achieved in an
urban environment (as presented in ﬁgure 5.12) the gains are larger because the
performance of the reference system (relying only on 2 GHz spectrum) becomes
limited by too many weak link budgets. From the ﬁgure it is also apparent that the
use of wireless relays provides only marginal improvement. This is because only 50
percent of the indoor traﬃc is routed through these relays and all the remaining
indoor must be served by the reference system. However, as these users have a
weak link the additional gains will be small for large intersite distances.
From ﬁgure 5.12 and ﬁgure 5.13 we can also observe that operators, employing
a path gain based carrier assignment, with an equal mix of 900 MHz and 2 GHz
spectrum can oﬀer similar capacity as if they only used 900 MHz spectrum. Without
path gain based carrier assignment though, the capacity is reduced signiﬁcantly and
the gains from availability of 900 MHz spectrum are marginal. Again, this is because
the reference system, which relies on 2 GHz spectrum is range-limited.
Uplink capacity
Figure 5.14 depicts the uplink capacity λ∗ul as a function of the intersite distance
for an urban setting. We see that the capacity can be increased considerably by
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Figure 5.12: Downlink capacity λ∗dl as a function of the intersite distance for an urban setting.
Note that the performance of the outdoor system using 2 GHz spectrum and the path gain based
carrier assignment using 2 GHz coincides. Similarly, the performance of the outdoor system using
900 MHz spectrum and the path gain based carrier assignment for a system using an equal mix
of 2 GHz and 900 MHz spectrum coincides.
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Figure 5.13: Downlink capacity λ∗dl as a function of the intersite distance for a rural area.
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means of the three expansion strategies. At large intersite distances, where the
reference system becomes range-limited, methods that improve the link budget
oﬀer the largest gains. It is also apparent that path-gain based carrier assignment
is useful mainly in contexts where the operator also has access to 900 MHz spectrum
band and at large intersite distances where system’s performance is limited by poor
link budgets. Path gain based carrier assignment in contexts where the operator
only have access to 2 GHz spectrum reduces interference levels, but this alone
gives marginal gains. For denser deployments where the link budget is strong, the
capacity gains achieved by using lower frequencies or relays (whose major advantage
is that they improve the link budget) is reduced. Thus, value of 900 MHz spectrum
is reduced and the largest gain instead comes from the path gain based carrier
assignment. Figure 5.15 shows the uplink capacity for a rural setting. Similar to
the urban case, all methods improve the capacity. Also here, the largest gains are
achieved by systems that rely on 900 MHz spectrum and/or a mix of 900 MHz and
2 GHz spectrum in combination with path gain based carrier assignment. This is
an eﬀect of the uplink capacity of the reference system being limited by too many
weak link budgets. This also explains the modest gains achieved by random carrier
allocation and wireless relays.
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Figure 5.14: Uplink capacity as a function of the intersite distance for an urban area. Note that
the methods improving link budget (e.g. using spectrum with lower carrier frequency) provides
best performance at large intersite distances whereas path gain based carrier assignment, which
instead tries to reduce interference levels for indoor users, oﬀers best performance at low carrier
frequencies.
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Figure 5.15: Uplink capacity as a function of the intersite distance for a rural area.

Experienced user data rates at lower area throughput
Up until this point we have focused on evaluating the performance during a busy
hour where the system operates close to its capacity limit. However, the vast
majority of the time the area throughput ω will be signiﬁcantly smaller. In this
section we therefore evaluate data rates that users will experience at lower loads.
The evaluation is performed for an urban setting, with the objective of identifying
qualitative diﬀerences between the studied methods.
From equation 5.5 it is evident that the peak data rate becomes increasingly
important at low loads. Since the interference is small, the link budget needs to be
improved in order to increase the peak data rate. Hence, methods that improve the
path gain statistics will provide better performance than methods that try to lower
the interference. An illustration of this fact is presented in ﬁgure 5.16 where we
show the experienced uplink data rates as a function of area throughput ω for a
system with an intersite distance of 500 m. At low ω where the performance is
determined by the channel peak data rate only, the use of wireless relays or lower
frequencies increases the data rates considerably. All these methods improve the
path gains. As the area throughput ω and interference levels increase, the data
rates oﬀered by the path gain based carrier assignment increases (with two 2 GHz
carriers); in fact oﬀering larger gains than both wireless relays and combinations of
2G and 3G spectrum when the carrier allocation is random.
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Figure 5.16: Uplink data rates as a function of the oﬀered area throughput ω for the studied
capacity expansion strategies in an urban area where the intersite distance is 500 m. The
simulation parameters are summarized in tables 5.1 and 5.2.

5.5

Discussion

The previous sections evaluated the performance gain that could be achieved with
roaming based operator cooperation and several traditional expansion strategies.
This section compares these alternatives with each other. The purpose is, ﬁrst,
to identify qualitative diﬀerences between the capacity expansion strategies and,
second, to highlight the circumstances under which operator cooperation is likely
to occur.

5.5.1

Qualitative evaluation of the expansion strategies

Table 5.3 and table 5.4 present the site density reduction with respect to the case
where operators oﬀer access services via 2 GHz spectrum alone and monthly average
subscriber traﬃc volume for all of the methods. For the case where the operators
cooperate the numbers reﬂect the case where the operators are symmetric.
Focusing on the case where operators cooperate, we observe that a reduction
in the number of sites of the order of 35-50 percent can be attained when the
subsystems are widely separated. When the sites of the operators are co-located the
reduction in the number of sites varies between 20-35 percent. Additionally, this
site reduction is fairly insensitive to whether cooperating operators have similar

170

CHAPTER 5. CAPACITY EXPANSION AND OPERATOR COOPERATION

Table 5.3: Site reduction achieved by the various expansion methods when the traﬃc volume
per subscriber is 1GByte/subscriber/month.
Roaming based sharinga

Reuse partitioning

Coinciding
busy hour

Diﬀerent
busy hour

2G spectrum

Relays

Random

Path gain

Urban areas
Downlink (%)
Uplink (%)

48/36
32/19

-/50
53/39

25
40

10
18

10
19

25
53

Rural areas
Downlink (%)
Uplink (%)

55/32
48/24

59/34
51/29

64
75

24
33

21
28

60
75

a

In the notation xx/yy, xx refers to the gain with widely separated sites whereas yy refers to
the gain with almost cosited sites but twisted antennas.

traﬃc patterns. Since the production cost of wireless access is, approximately,
proportional to the number of sites these results suggest that a multi-provider
network architecture can reduce the production cost of wireless access signiﬁcantly.
However, we also observe that similar gains can be achieved by using the 900 MHz
band in combination with path gain carrier assignment. In fact, with such a solution
an individual operator can reduce the number of sites by 50 percent in urban areas in
situations where the uplink is the limiting factor. For rural areas the site reduction
is as large as 75 percent!
Table 5.4 presents the maximum monthly traﬃc volume per subscriber that
an operator with a network dimensioned for an average monthly traﬃc volume
of 1 GByte/subscriber could support with the various expansion strategies. It
is evident that cooperation can increase the supported traﬃc volume in both
urban and rural environments. However, as above access to 900 MHz spectrum

Table 5.4: Monthly average subscriber traﬃc volume that can be supported by the various
expansion methods when the site density is equal to the one required to support an average traﬃc
volume of 1GByte/subscriber/month with the reference case.
Roaming based sharinga

Reuse partitioning

Coinciding
busy hour

Diﬀerent
busy hour

2G spectrum

Relays

Random

Urban areas
Downlink (%)
Uplink (%)

2.7/2
1.8/1.5

5.4/4
3.6/3

1.3
1.7

1.1
1.4

1.1
1.4

1.4
2.2

Rural areas
Downlink (%)
Uplink (%)

5.5/2.9
5.3/3.5

11/5.8
10.6/7

3.3
6

2.1
3.7

1.8
3

3.5
7.2

a

Path gain

In the notation xx/yy, xx refers to the gain with widely separated sites whereas yy refers to
the gain with almost cosited sites but twisted antennas.
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in combination with path gain based carrier assignment provides even larger gains
for the uplink.

5.5.2

Cooperation between nonsymmetric operators

From the discussion above we conclude that although operator cooperation can
reduce the production cost of wireless access substantially there are other methods
that will be available to operators that provide similar eﬃciency. Thus operators
can meet short-term traﬃc growth without cooperating.
In cases where the operators had diﬀerent site densities we further illustrated
that:
• The gains from cooperation in general will be smaller, and
• The operator with a sparsely deployed infrastructure have more to gain from
the cooperation.
As the operator with a dense site deployment can use this fact as a competitive
advantage, we would expect cooperation will be limited to contexts where the
operators are of similar size.

5.6

Conclusions

When the adoption of mobile wireless broadband access moves beyond early
adaptors the ability to provide aﬀordable access services will become increasingly
important. To meet traﬃc growth operators have to ﬁnd eﬃcient methods for
enhancing their network capacities. Infrastructure sharing between operators (sites,
base stations, transmission, etc.) is one solution that has been discussed during
recent years. Roaming based infrastructure sharing, in which operators maintain
their own individual systems but let each others subscribers roam across the all
networks is one example. Thus the competing operators can remain business-wise
decoupled. The purpose of this chapter was to examine whether the introduction
of such a multi-provider network architecture represents a likely expansion
for mobile operators. From a technical viewpoint there are two potential beneﬁts
in terms of increased capacity; the path gain statistics improve since users have
more base stations to choose from and operators with nonoverlapping busy hours
can achieve a time multiplexing gain. Our evaluation was performed by means
of Monte Carlo simulations for mobile broadband scenario characterized by
that users requested data rates in the order of 1 and 2 Mbps on the uplink and
downlink (respectively) and that part of the usage occurs in indoor locations.
Several expansions strategies, network geometries, environments, etc. were studied.
Our results showed that a multi-provider network architecture in which users
can roam across the networks can more than double the capacity (alternatively
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reduce the site density by 50 percent) in both rural and urban areas; even when
the cooperating mobile operators have coinciding busy hours. This gain was an
eﬀect of that the ability to connect to more base stations improved the path gain
statistics; especially for the worst links. The reduction in required site density was
further shown to be insensitive both with respect to the operators’ temporal traﬃc
pattern and the network geometry of the cooperating operators. The latter suggests
that the need for cooperating operators to have a common site plan is limited. In
contexts where cooperating operators are nonsymmetric and have, e.g., diﬀerent
site densities or subscriber bases the problem of determining how the gains achieved
from cooperation should be divided is non-trivial. Three potential criteria that has
been used for other resource sharing problems were evaluated. For all of these
methods the gain achieved by cooperation decreased with increasing heterogeneity
of the network providers, with the provider with a sparser infrastructure always
achieving greater gains (cf. network eﬀects). This indicates that the scope for
cooperation may be limited to situations where the operators are of equal size.
Aside from operator cooperation we also evaluated the capacity gains that
mobile operators could achieve by using the 900 MHz spectrum for serving users
with weak links or by introducing wireless relays as a means of extending (indoor)
coverage. Of these methods using the 900 MHz spectrum band for providing
data services oﬀered the highest performance improvements. This option has with
the introduction of technology and service neutrality recently become possible for
operators. Focusing on a case where the operators had a mix of 2 GHz and 900 MHz
spectrum, we proposed a reuse partitioning scheme where users with a poor path
gain were allocated to the 900 MHz spectrum band. Our simulations showed that
this provided gains comparable to the gains that could be achieved by cooperating
with another operator. Given the existing site densities of mobile operators, the
addition of 900 MHz spectrum with appropriate assignment of channels to terminals
with poor path gains in conjunction with a 2GHz system would most likely be
suﬃcient to meet short term needs for traﬃc growth.

5.6.1

Validity and reliability

With respect to the overall approach, we would argue that the models used in
this chapter are more detailed than those generally used in the existing literature.
However, from a realistic point of view our models are still simplistic. In particular,
our models only account for average values of interference, loads, channel peak
data rates, etc. While these simpliﬁcations were necessary for studying several
diﬀerent conﬁgurations (intersite distances, expansion strategies, etc.) with the
available computational resources, they may aﬀect the absolute values of the
presented results; see section A.3.2 for numerical examples of these eﬀects. However,
as all expansion strategies were evaluated based on the same simpliﬁcation we
believe that the relative comparisons are still valid.
Moreover, the used models are based on that the network only serves ﬁle
transfers and that the multiaccess layer is limiting the performance as perceived by
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users. Thus we have neglected that some services (e.g., voice or video calls) will
be limited by the rate at which the source generates and processes information.
As a result our results are not valid for settings where the network serves multiple
services with highly diﬀerent requirements in the same carrier. As in chapter 4 we
also neglected potential eﬀects of upper layers (e.g. TCP slow start).
Another issue related to the studied scenarios is that we assumed that 50 percent
of the users were located in indoor locations and that all of these users were
associated with an additional path loss of 15 dB. Although this is in alignment
with other standard references that have evaluated the capacity in presence of
both indoor and outdoor users (served by a outdoor cellular system) the results
for the uplink capacity are very sensitive with respect to the level of indoor
usage. A rudimentary sensitivity analysis where the downlink and uplink capacity
is evaluated as a function of the percentage of indoor traﬃc is provided in section
A.3.1. Also, we only considered scenarios where the cooperating operators used the
same technology and had access to spectrum bands with similar characteristics.
Finally, we highlight that all the results presented in this chapter has been
obtained by Monte Carlo snapshot simulations of highly complex systems. Thus,
they are related with statistical uncertainty. This must be kept in mind when
interpreting the results. To assist the readers the presented ﬁgures included error
bars describing the 95th percentile double sided conﬁdence interval.

5.6.2

Future work

We believe that there exists several topics that would be of interests for future
research. First it would valuable to validate (or invalidate) the models used in this
chapter by conducting time-dynamic simulation. It would also be useful to compare
the results that are obtained when average interference is used with the results
from a statistic interference model (where base stations the are either active or
inactive). A starting point for such a method is presented in section A.3.2 (see
Appendix A). Although the latter approach requires more computational resources
than an approach that only accounts for the average interference it would still be
signiﬁcantly more eﬃcient than time-dynamic simulations.
A second topic that would be of great interest in the context of general capacity
analysis for packet data traﬃc would be to extend the models used herein to diﬀerent
traﬃc mixes in multiaccess architectures. A possible starting for this work would
be to model the cells as discriminatory processor sharing queues. Other topics for
future research more closely related to the work presented here would be to start
from an existing deployment in order to quantify the gains an operator could
achieve given that its site locations where ﬁxed. It could also be interesting to
evaluate possible energy savings that could be achieved by cooperating.

Chapter 6

Price based access selection in
multi-provider environments
In the previous chapter we demonstrated that the supply side gains from a multiprovider network architecture could be substantial. Aside from the obvious beneﬁt
in avoiding parallel infrastructures in rural areas, gains can be achieved from pooling
of resources and/or improved path gain statistics. However, any model where
wireless infrastructure is shared raises questions about how resources, costs, and
revenues should be divided between cooperating providers. This was for example
observed in the previous chapter for the case of non-symmetric operators. In many
of the potential use-cases such concerns have prevented the actual cooperation from
place [BS05]. In fact, infrastructure sharing models have up until recently been
rare and mainly limited to situations where the network providers are present in
diﬀerent national markets (“international roaming”). During recent years, network
providers, telecom equipment vendors, and regulatory bodies, have started to show
increasing interest in infrastructure sharing as a means of lowering the production
costs of wireless access services in domestic markets. Proposed solutions range from
models where cooperating providers build a common network, share passive and/or
active network elements, allow the subscribers of each other to connect to all base
stations (“national roaming”) to models where a third party (e.g. telecom equipment
vendors) build, and manage a network (perhaps selling capacity to other operators
on a wholesale market) [Eri07]. For the latter operation one could, naturally
imagine situations where an operator purchases capacity from multiple network
providers, which consequently compete, e.g. by means of pricing, in order to sell
their (unused) capacity.
A parallel development path is that service providers have started to show
increasing interest in ensuring a competitive access market where high speed
wireless access can be delivered to end users at low costs. For instance, Google Inc.,
ﬁled a US patent in September 2008 for a method of initiating telecommunication
session where an agent residing in the users’ devices can submit a service request to
175
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multiple network providers, whom reply with a bid for carrying the session [BCM08].
After receiving these bids the agent automatically selects among the received bids
and selects which (if any) of the provider that it should connect to.1
In this chapter we focus on evaluating the demand side eﬀects of a multi-provider
network architecture. For this purpose we consider a scenario where cost sensitive
agents can gain access via multiple networks and where they, themselves, upon
session initiation decide which of the providers they should connect to. Revenueseeking providers oﬀer substitute wireless access services and compete with each
other by selecting a price at which they sell resources (e.g., time-slots). Aside from
Google Inc., this type of multi-provider architecture has previously been discussed
in [NSA+ 04, Zan06].
In the studied network architectures an individual provider may beneﬁt by
adjusting its price. For example, a provider could beneﬁt by lowering its price if the
reduction in revenue per served customer is compensated by an increased market
share. Similarly, if the search cost is suﬃciently small cost-minimizing agents may
beneﬁt from evaluating the performance of several candidates before selecting one
since increased channel peak data rates and/or reduced price lowers their total cost.
As a matter of fact, the price charged by a provider is likely to depend both on the
number of providers that agents evaluate upon session initiation and the pricing
strategies used by the other providers. The aim in this chapter is to determine:
• Whether users always beneﬁt from evaluating a larger set of providers,
• How the size of the candidate set aﬀects the revenue earned by providers, and
• Whether multi-provider network architectures can generate situations where
both providers and users are better oﬀ when compared to models where each
user is conﬁned to one provider.
Two pricing regimes are analyzed. In the ﬁrst, network providers cooperate within
the framework oﬀered by Nash bargaining games and select prices jointly so that
the aggregated revenue is maximized. In the second regime, each network provider
instead selects its price individually in order to maximize its own revenue only.
Although neither of the regimes is realistic in their extreme form, we believe that
they oﬀer valuable insights into retail pricing mechanisms and the eﬃciency of
multi-provider architectures.

6.1

Related literature

As we noted previously in chapters 2–4 a number of studies have combined game
theory and pricing to study radio resource management problems in the recent
1 In a wider perspective where service providers are interested in ensuring “true” competition
in the market for access services. This would represent one means for ensuring this. Google Inc.
has also been an active participant in the 700 MHz licensing process in the US.
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years. In the vast majority of these (e.g., [SMG02b,HBCC07,MW01,JH98,FBH03]),
prices used by the network are ﬁctitious and simply used as a means for passing
network related information and to facilitate distributed, or network-assisted
resource management. Throughout these works the network adopted a role of
social welfare maximizer and used pricing as a “policing mechanism” to increase
resource utilization eﬃciency.
The objective for most commercial mobile operators is to maximize their
individual long-term proﬁtability. Therefore it is unclear if a provider, in reality,
would adopt the role of social welfare maximizer. This observation has generated
a body of literature that attempts to extend the traditional resource management
problem to include the coupling between resource management policy and provider
revenue [Lin05c, DLC04, HYP02, MV93, MB03b, BS02]. All these studies analyze
how a single network provider with a ﬁxed subscriber base can increase its revenue
by introducing dynamic pricing schemes that internalize demand, quality of service,
and resource consumption. A common conclusion is that price models that exploit
user preferences as well as temporal and spatial variations can increase provider
revenue. However, it should be stressed that potential eﬀects of correlated demand
between providers was neglected in all of these studies.2
Recently, papers that consider the eﬀects of pricing in environments populated
by multiple, strategically interacting network providers have started to appear
[HW06, ISM05, SSG07]. In these, users compete with each other for resources
(“bandwidth”) concurrently as network providers compete for traﬃc. Although
the competition in reality occurs over multiple dimensions (pricing, coverage,
marketing, etc.) the focus in [HW06, ISM05, SSG07] is on contexts where the
competition occurs only by means of pricing.
A scenario where a group of competing internet service providers are connected
in tandem is discussed in [HW06]. Together the service providers can support an
“end-to-end” route between a source and destination and its associated price is the
sum of the prices charged by the links that encompass the route. The total amount
of traﬃc transferred via the route is a function of its “end-to-end” price. Since
diﬀerent links in a route can be managed by diﬀerent providers, the internet service
providers are involved in a strategic game wherein they oﬀer complementary
services. For an isolated route the authors of [HW06] show that noncooperative
pricing, where each internet service provider tries to maximize its individual proﬁt,
not only can result in “unfair” proﬁt allocations, but it also discourages network
upgrades since a provider’s revenue typically increases if it manages the bottleneck
link in a route. The latter could, at least partially, be a consequence of the correlated
demand between diﬀerent routes being neglected. As an alternative, a revenuesharing policy based on the proportionally fair criterion is proposed and shown to
increase proﬁts for all involved providers.
2 Correlated demand is used to account for the demand experienced by a certain provider being
dependent on both its own actions and the actions taken by the other providers present in the
market [PR00].
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The eﬀects of demand-responsive pricing in a competitive setting is also studied
in [ISM05]. In contrast to [HW06], here the focus is on a setting where two wireless
network providers oﬀer substitute services under a dynamic spectrum regime.3
The spectrum is managed by a third party broker from whom the providers can
purchase bandwidth in a wholesale market. Thus, in addition to competing for
users, the network providers also compete for spectrum. Two spectrum regimes are
studied. In the ﬁrst, the providers initially compete for spectrum in a wholesale
market, then given their resulting spectrum allocation they compete for users.
Under the second regime, network providers compete for spectrum and users
simultaneously. Thus, in contrast to the ﬁrst situation, in the latter regime network
providers only need to purchase the spectrum that their users will actually use. It
is shown that competition between operators, in general, transfers welfare from
network providers to the consumers and increases the spectrum utilization. At low
wholesale prices the second regime, further, outperforms the ﬁrst regime in which
the competition for spectrum and users occurs sequentially. A similar study was
presented in [SSG07] wherein a sealed-bid Knapsack auction for allocating shared
spectrum amongst a set of competing providers is proposed. Another recent study
discussing the eﬀects of multi-provider architectures in which users can roam freely
between two competing network providers is presented in [HMB06]. There it is
argued that a multi-provider network architecture could lower prices and revenues
substantially. However, neither the fact that the demand of users is elastic (i.e.,
lower prices results in a higher demand) nor the eﬀect due to that users experience
diﬀerent path gains to diﬀerent providers were accounted for.

6.2

Our contributions

The research question addressed in this chapter is how an architecture where users
can connect to all networks and where providers compete with each other to attract
traﬃc aﬀect the user and provider performance. To the best of our knowledge these
questions have previously only attracted limited interest in the existing literature.
The major contributions of the chapter are:
• We present an analytical model (veriﬁed by Monte Carlo simulations) which
accounts for the fact that the demand experienced by network providers
is correlated. This model can be used for evaluating the eﬀects of price
competition in multi-network environments.4
3A

∂d (·)

situation where providers oﬀer complementary service is characterized by ∂pi
≤ 0 for
j
j = i. In other words, if provider i increases its price the demand experienced by provider j
∂d (·)
decreases. A market in which providers oﬀer substitute services is characterized by ∂pi
≥ 0 for
j
j = i. In other words, the demand associated with provider i increases if provider j increase its
prices.
4 The fact that we are able to keep the model analytical allows us to study scenarios with
several (more than two) competing wireless network providers.
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• Using this model we show that the proposed network architecture can generate
win-win situations where the performance of both network providers and users
improves.
• We show that the diﬀerence in provider revenue between a cooperative
and competitive pricing regime often are small, whereas the cost reduction
experienced by users may be substantial.

6.3

Wireless access system model

In this section we introduce the model and the assumptions used in our chapter.
The radio network related modeling is brieﬂy covered. Here the emphasis is instead
put on describing how users’ demand for wireless access depends on the prices
oﬀered by the network providers. In particular, we develop and verify an analytical
model whereby the market shares associated with the providers can be computed
given a set of pricing strategies. Such an approach is valuable since it speeds
up the analysis of the competitive pricing regime signiﬁcantly, as compared to
simulations. Additionally, this analytic model has been necessary for handling
pricing games involving multiple network providers, which would otherwise be
infeasible to evaluate via simulations.

6.3.1

User behavior and radio network model

Throughout the chapter the focus is on a geographical area where M wireless
network providers with overlapping coverage are present. For simplicity we
assume that each provider has deployed one access point (with similar radio access
technology) in the considered area, and that all providers use the same amount of
bandwidth. Hence, all providers have identical characteristics. The time-resource
(“transmission time”) available at an access point is shared by means of a time
division multiaccess (TDMA) protocol whereby the entire channel is allocated to a
single node at a time. Providers further use individual prices. The price charged
by provider m will be denoted by pm . This price is measured in monetary units per
second of consumed transmission time and we note that it only is adjusted with
respect to average demand on a long-term basis. Thus prices ﬂuctuate slowly.
User sessions are generated according to a Poisson process with intensity λ and
while active users are stationary. We will refer to λ as the potentially oﬀered load,
as it describes the total number of sessions that would enter the multi-provider
architecture (per second) if zero-pricing was applied. Each session is associated
with a maximum price determined based upon the value of this session to the user
(as will be detailed in section 6.3.2) and a minimum data rate requirement speciﬁc
for the service the user requests. The former implies that only a subset of the total
number of potential sessions will be initiated when nonzero pricing is applied. The
latter describes the minimum data rate r∗ that active users require during a session
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and it could, for example, be an eﬀect of the rate at which the source generates
new information combined with higher layer protocols (e.g., TCP). Notice that a
user that is admitted into the system is always allocated resources so that this
minimum data rate requirement is just fulﬁlled (i.e., admitted users are always
allocated resources so that they achieve a data rate of exactly r∗ ). For example, a
user that is oﬀered access to a channel with a peak data rate r(m) would require
the channel a fraction r∗ /r(m) of the time at a cost of pm (r∗ /r(m)) monetary units
per second.
At session initiation a subset N ⊂ M of the providers are evaluated. We refer
to N as the candidate set (see ﬁgure 6.1), where the included access points are
chosen randomly from the total set of providers M. As a decision metric for
prioritizing among providers in the candidate set the agents utilize the cost per
transferred bit. Aside from the price charged by the providers this cost per bit
also depends on the channel peak data rate.5 The peak data rate is modeled as a
discrete random variable with range {r1 , . . . , rK } and a corresponding probability
mass function fr (k) where k = 1, . . . , K.
Provider trade-agent p3

Provider trade-agent p1

r 1 (1)

r1 (3)

r i-1 (1)
Provider trade-agent p4

Provider trade-agent p2
ri-1 (2)

r i (4)
r i (2)

user trade-agent

Total set of available providers

Candidate set for user i

Figure 6.1: Illustration of the studied scenario. Each node has an individual candidate set that
describes which of the providers (access points) that are evaluated when a new session is initiated.
The prioritization between providers is performed by agents that reside in the terminals and act
on behalf of the users. In order to prioritize, agents rely on the expected price per transferred
bit. Thus, agent i in the ﬁgure (whose candidate set consists of provider 2 and provider 4) would
prefer provider 2 if p2 /ri (2) < p4 /ri (4) where ri (m) denotes the data rate associated with access
point m estimated by user i. Note that an agent may also choose to refrain from transmission if
the estimated price per transferred bit is too high (see further section 6.3.2).

5 If the peak data rate of a channel increases, then fraction of time that a user needs utilize it
for meeting the minimum data rate requirement reduces.
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After selecting the preferred provider the agent tries to connect if the price
charged is lower than the value of the session. If a provider is not capable of
supporting the data rate requirement the user is blocked. Blocked users reselect the
second best provider in their candidate set, etc. until all providers in its candidate
set N has been tried. If on the contrary a user is admitted by a provider, then this
user it remains in the system for a time-period described by a general distribution
with an expectation 1/μ. We stress that admitted users never are dropped once
they have been accepted. At this point we also note that even though we only
consider a single data rate requirement and use one distribution for describing the
session duration, all the models that will be presented can be extended to settings
with multiple classes; each described by an average data rate requirement and a
probability distribution function for the session duration.

6.3.2

Demand for wireless access

As mentioned above each generated session is associated with a perceived value
(to the user). We model this as a price threshold τ ; measured in monetary units
per transferred bit. Note that this is acceptable because in our model admitted
users never are dropped. Since the complete service will always be delivered the
value can be linearly apportioned over the traﬃc (in bits).6 This price threshold
describes the maximum price per bit that the agent would be willing to pay for the
session and it could, for example, be based on a proﬁle entered by the user. If this
threshold is exceeded, then the agent will simply refrain from connecting (see ﬁgure
6.2). The price threshold for a speciﬁc session is private knowledge known only by
the agent. In this analysis the thresholds of diﬀerent agents (in each sessions)
are modeled as identical and independently distributed random variables with a
probability distribution function fτ (τ ). Although network providers are unaware
of the threshold for a speciﬁc session we assume that the operator has derived
their own estimate of the distribution. This would be based on observations of
past sessions, hence if there is enough history, then the operator’s estimate of this
function should be at least indicative of the actual distributions. For simplicity we
assume that estimated distribution perfectly describes the true distribution fτ (τ ).
A similar assumption has been used in [HW06, HYP02, Lin05c].
Let pm and r(m) represent the price (per resource unit) and the peak data
rate for a randomly chosen agent associated with provider m. Then we can deﬁne
the cost per transferred bit experienced by this agent as x (m)  pm /r (m). The
probability that the agent would want to initiate a session can be written as
+ ∞
fτ (τ ) dτ
(6.1)
PA (x (m)) = Pr [x (m) ≤ τ ] 
x(m)

and hereonforth we will refer to this as the normalized demand. In our numerical
examples (see section 6.5) we have modeled fτ (τ ) as exponentially distributed with
6 In scenarios where users can be dropped this a more complicated model could be required
because the value of a certain bit depends on whether the complete service can be delivered.
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a mean 1/β. This corresponds to a normalized demand
PA (x(m)) = e−βx(m)

(6.2)

and we note that β dictates how sensitive the demand is to changes in the price
per transferred bit.

6.3.3

Price and data rate dependent arrival rates

As mentioned in section 6.3.1, providers announce individual prices and support a
countable number of peak data rates. For a data rate requirement, r∗ , the resource
consumption, and consequently the price per transferred bit will depend on the
users’ peak data rates. The purpose of this subsection is to derive an expression
for the arrival rate of sessions experienced by an arbitrary provider m, given the
prices oﬀered by the providers. For the sake of tractability we assume that:
• The channel peak data rates achieved by users connected to the same access
point are independent; and
• The peak data rates that users obtain at diﬀerent access points are independent.
For clarity we furthermore focus on a scenario with two coexisting providers in the
derivations. However, the derivations can be generalized so that they apply for an
arbitrary number of providers. The scenario for two coexisting providers is shown
in ﬁgure 6.2
Let x(m) and x(j) denote the price per bit that an arbitrary agent would
experience while connected to provider m and j, respectively. If the agent’s channel
peak data rate to access point m is r (m) = rk , then we may write the probability
that this agent tries to connect to provider m as
Pr [b = m|r(m) = rk ] =

K 

Pr [x(m) ≤ x(j)|(r(j), r(m)) = (rq , rk )] fr (q) +
q=1




1 − Pr [x(m) ≤ x(j)|(r(j), r(m)) = (rq , rk )] PA (x(j))pblock (rq , j) fr (q) . (6.3)
Here b ∈ M denotes the provider with which the agent of interest connects,
pblock (rq , j) represents the probability that a user with channel peak data rate
r(j) = rq is blocked from provider j (i.e. that access point j cannot support the
data rate requirement r∗ ), and K is the number of peak data rates supported. The
ﬁrst term in equation 6.3 describes the event that the agent prefers provider m
whereas the second term represents the event that the agent prefers provider j that
it is blocked from and therefore retries at provider m. The eﬀective arrival rate of
users with a peak data rate rk that try to connect to provider m, χeﬀ
m,k , can thus
be written as
χeﬀ
m,k = λPr [b = m|r(m) = rk ] PA (pm /rk ) fr (k)

(6.4)
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Users leaving provider 1
due to too high price

χ1,1 =λPr[bi =1|r i1 =r1 ]

PA(p1/r1)
PA(p1/rK)

λ

eff
χ 1,1
eff
χ1,K

Network
Provider 1

Served
users

Blocked users
due to congestion

argmin {x1,x2}

Blocked users
due to congestion
PA(p2/r1)

χ2,K =λPr[bi =K|r i1 =rK ]

PA(p2/rK)

eff
χ 2,1
eff
χ 2,K

Network
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Served
users

Users leaving provider 2
due to too high price
Figure 6.2: System model for a scenario where there are two coexisting network providers.
Each provider supports a total of K diﬀerent peak data rates. The arrival rate that provider 1
experiences is composed of two terms (see equation 6.3). The ﬁrst term represents agents who
prefer provider 1 while the second term, instead, represents agents that are blocked from provider
2 and therefore retries at provider 1.

where Pr [b = m|r(m) = rk ] is given by equation 6.3, whereas λ and fr (k) denote
the oﬀered load with zero-pricing and the probability mass function of the channel
peak data rates, respectively. Similarly, the total eﬀective arrival rate experienced
K
eﬀ
by access point m is given by χeﬀ
m =
k=1 χm,k . We note that this rate is measured
in sessions per second.
The time-slot resources available at access point m must be shared amongst its
served users. Here the total resource, i.e. the proportion of available transmission
time in our TDMA system, is normalized to one. As only a countable number of
peak data rates are supported, it is possible to divide the resource into C units
where C is an integer number such that the number of resource units consumed by
each user class, (r∗ /rk ) C, also represents a integer number. More formally, C is
given by the solution to the minimization problem [Kau81]:
minimize
such that

z

r∗
rk z

∈ Z ++ for all k = 1, . . . , K .
z ∈ Z ++

(6.5)
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where Z ++ = {1, 2, . . . } is the set of positive integers. This allows us to model the
resource consumption as a Markov chain with C + 1 states, each representing the
number of occupied resource units. An example is presented in ﬁgure 6.3.
c eff
m,1

ceff
m,1
eff
c m,2

qm(0)

c eff
m,2

eff
c m,2

qm(2)

qm(1)

c eff
m,1

c eff
m,2
qm(3)

m

m
m

ceff
m,2

...

qm(11)

m

qm(12)

m
m

m

m

Figure 6.3: Markov chain depicting the number of occupied resource units for an example where
there exist two user types. Each user type is characterized by a channel peak data rate. In the
presented example, user type 1 consumes three resource units while user type 2 consumes two
resource units in order to meet its data rate requirement. Both user types are characterized by a
mean session duration of 1/μ.

The probability that s of the C resource units at access point m are occupied,
qm (s), can be computed via the Kaufman-Roberts recursion (see theorem 3 in
[Kau81]) as
1  χeﬀ
r∗
m,k
ck qm (s − C) for all
s
μ
rk
K

qm (s) =

s = 0, 1. . . . , C.

(6.6)

k=1

where 1/μ is the average duration of a session, qm (s) = 0 for s < 0 and where we
require that
C

qm (s) = 1.
(6.7)
s=0

The blocking probability for agents with peak data rate rk at access point m (used
in equation 6.3) is obtained as
r∗
rk

pblock (rk , m) =

C−1



qm (C − s)

(6.8)

s=0

whereas the access point load is deﬁned as
ρ (m, p) 

C
1 
sqm (s) .
C s=0

(6.9)
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Here p represents a vector that contains the prices used by the diﬀerent providers.
In order to exemplify the approach let us consider a scenario with a single access
point and two user classes; each characterized by a channel peak data rate equal to
rk ∈ {2, 3} Mbps, a corresponding eﬀective arrival rate χeﬀ
m,k ∈ {1, 1.5} users/s, and
where each user’s average data rate requirement r∗ = 500 kbps. Solving equation
6.5, e.g., with enumeration we can conclude that the resource should be divided into
0.5
C = 12 units (note that 0.5
2 12 = 3 and 3 12 = 2 which both are integer numbers).
While agents with a channel peak data rate of 2 Mbps consume 3 resource units,
agents with a channel peak data rate 3 Mbps consume 2 units. The corresponding
Markov chain is illustrated in ﬁgure 6.3. Via equation 6.6 and equation 6.7 we can
derive the state distribution {qm (s)}. The blocking probability for the user types
can then be obtained by equation 6.8 as pblock (r1 , m) = qm (10) + qm (11) + qm (12)
and pblock (r2 , m) = qm (11) + qm (12), respectively, and we notice that users with
lower channel peak data rate always experience higher blocking since these users
need more resources for meeting their minimum data rate requirement.
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Effective arrival rate χeff

m,k
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Figure 6.4: Illustration of how the arrival rates χeﬀ
m,k converge to their stationary values via the
iterative updating process. The example describes a situation with three user classes (supported
peak data rates). In our simulations presented in section 6.5 we (in the vast majority of cases)
ﬁnd the stationary solution within 10 iterations.

To ﬁnd the state distribution in our multi-provider setting we use an iterative
updating procedure. Given a potentially oﬀered load λ, a data rate requirement
r∗ , a set of provider prices (p1 , . . . , pM ), a peak data rate distribution fr (k), k =
1, . . . , K, etc., we compute the eﬀective arrival rates χeﬀ
m,k for all providers and
user types according to equation 6.4 (in the ﬁrst iteration we assume that none
of the network providers are associated with any blocking – as all of the resources
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are unassigned). Using these values the blocking rates at the diﬀerent providers
are obtained by means of equation 6.6 to equation 6.8. These are subsequently
inserted into equation 6.4 generating new updated values of χeﬀ
m,k . This procedure
is repeated until the eﬀective arrival rates and blocking probabilities have converged
to their stationary values for all providers. Our simulation results indicate that this
typically takes less than 10 iterations (independent of the number of providers). An
example for a scenario with three peak data rates is shown in ﬁgure 6.4.

6.3.4

Veriﬁcation of the developed model

Having introduced an analytical model, this section veriﬁes its reliability by
comparing its results to those achieved by time-dynamic Monte Carlo simulations
for several conﬁgurations. To describe each system conﬁguration we use the
notation M/λM /N where λM  λ/M denotes the average potentially oﬀered load
per access point (measured in users per second), while M =|M| and N =|N |
represent the number of available providers and the size of the users’ candidate sets,
respectively. For instance, the conﬁguration 4/1/2 describes a setting where there
are four coexisting providers, each associated with an average potentially oﬀered
load of one user/s/AP, and each user evaluates two randomly selected access points
before initiating a session.
Figure 6.5 and ﬁgure 6.6 show the expected revenue per second and the probability
distribution function of the access point load; see table 6.1 for the numerical
parameters used. Aside from the results associated with the analytical model
we have included results from time-dynamical simulations. It is evident that the
reliability of the analytical model is high. The main advantage of the analytical
model is that it supports “oﬄine” computations of the providers’ eﬀective arrival
rate given their prices and at a potentially oﬀered load λ. This speeds up the game
between providers signiﬁcantly. Additionally, this has been a necessity for studying
multi-provider pricing games, which is the topic discussed in next section.
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Figure 6.5: Expected revenue per second and provider for a few diﬀerent network conﬁgurations.
In addition to the results associated with the analytic model we have included results retrieved
from time-dynamic, slot-based simulations. In this ﬁgure providers use an identical price p.
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Figure 6.6: The probability distribution function of the access point load associated with the
analytical model and time-dynamic, slot-based simulations. In this example three of the providers
utilize a price 40 mu/s, while one provider oﬀers a price of 30 mu/s. Users utilize a candidate
set consisting of two providers and the average potentially oﬀered load per access point λM =1
user/second.
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6.4

The behavior of network providers

As in any market the network providers try to maximize their proﬁtability. In
the short run where production costs can be taken as ﬁxed this is equivalent to
maximizing revenue and it is assumed that all providers are revenue-seeking. Since
agents in the studied architecture freely can roam across all networks the revenue
earned by a certain provider will depend on both its individual price and the
price charged by other providers. To capture the strategic interactions between the
providers we formulate the providers’ pricing problem as a game. Both competitive
and oligopolistic regimes are studied and these are described in the following.

6.4.1

Public known information

Providers are assumed to have complete information about who the competing
providers are, the pure strategy-space [0, ∞) describing the prices available and
utility function for all providers. This utility function describes the expected revenue
per second and we assume that all providers have the same utility function. A
pricing strategy for provider m is in the general case deﬁned by a probability
distribution σm over the pure strategies pm ∈ [0, ∞) and all network providers need
to decide their pricing strategy simultaneously. As all providers have both identical
prerequisites and utilize the same utility function this represents a symmetric singleshot game with complete information.

6.4.2

Competitive pricing regime

In the competitive regime providers try to maximize their individual expected
revenue per second. We let πm (σm , σ−m ) denote the expected revenue for
provider m when this employs a strategy σm simultaneously as the other providers’
use strategies σ−m = (σ1 , . . . , σm−1 , σm+1 , . . . , σM ). We can then deﬁne the
noncooperative pricing game (NPG) through
(NPG) max πm (σm , σ−m )
σm

for all m ∈ M

(6.10)

where M is the set of providers. The solution to this NPG is the Nash equilibrium
∗
) such that
can
and it describes a set of strategies (σ1∗ , . . . , σM
 ∗ no ∗provider

 improve

∗
, σ−m ≥ πm σm , σ−m
its expected revenue by unilaterally deviating, i.e. πm σm
for all σm . Throughout the chapter we conﬁne ourselves to symmetric equilibria
where all providers use the same strategy. This class of equilibria is often preferred
in symmetric single-shot games because [WDTK02, DMRO05, CR+ 04]:
• They represent fair outcomes where players with identical prerequisites
achieve similar payoﬀs, and
• They are order-independent, thus players do not need to coordinate their
actions.
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Also note that any symmetric game is guaranteed to have a symmetric Nash
equilibrium (see theorem 4 in [CR+ 04]).
Computation of symmetric Nash equilibrium in NPG
Depending on the potentially oﬀered load (λ) and the number of providers (M ), a
NPG may or may not have a pure strategy symmetric Nash equilibria. Typically,
a symmetric pure strategy equilibrium exists if λ is suﬃciently high and in such
situations the providers’ revenue per second can be written as πm (pm , p−m ) =
pm ρ (m, p) where the load ρ (m, p) is given by equation 6.9 and where p denotes the
prices used by the network providers. To identify a pure strategy Nash equilibrium
we rely on best response dynamics and note that if the best response dynamics
converges to a ﬁxed point, then this represents a Nash equilibrium [FT91].
In some situations though, best response dynamics may result in a cyclic
behavior where the network providers continuously lower their prices until the
overall blocking probability becomes so high so that one provider can beneﬁt from
increasing its price substantially. This, in turn, allows the other network providers
to raise their prices. Once all providers have raised their prices a single provider
will, once again beneﬁt from utilizing the lowest price. In such situations, where
we fail to identify a pure strategy equilibrium with best response dynamics, we try
to identify a symmetric Nash equilibrium by means of replicator dynamics. This
is done for a discrete version of NPG where each provider can only select from
a subset of prices S  . Let pmax and pmin represent the maximum and minimum
prices in the cycle. Then we choose S  to be composed of a countable number
of regularly spaced prices ranging between pmin and pmax (typically this interval
consists of around 10 prices). For the restricted strategy space S  a mixed strategy
played by provider m can be written as σm = [σm (1), σm (2), . . . , σm (S  )] where the
component σm (i) denotes the probability that provider m charges price p(i) ∈ S 
and S  =|S  |.
To compute the symmetric mixed Nash equilibrium σ ∗ we use replicator
dynamics [TJ78]. The basic idea behind it is to interpret the probabilities in the
mixed strategy as proportions of a “large” population playing a corresponding pure
strategy, then let the population evolve towards a ﬁxed point wherein only a few
surviving pure strategies remain [FT91]. We denote by σ (g) (i) the proportion of
the population that use strategy p(i) ∈ S  in generation g. Then the proportion of
the population that plays (pure) strategy p(i) in generation g + 1 is computed as


  
(6.11)
σ (g+1) (i) ∝ σ (g) (i) E π p (i) , σ (g) − W


where W = mini π p (i) , σ (g) is the minimum payoﬀ that a provider can achieve
 


and E π p (i) , σ (g) is the expected payoﬀ of playing the pure strategy p(i) when
the other players are using the mixed strategy σ (g) described by the population.
S
We introduce the vector m = (m1 , . . . , mS  ) where ||m||1 = j=1 mj = M − 1
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describes the number of providers that play each pure strategies. Then the expected
payoﬀ associated with strategy p(i) ∈ S  can be written as


m1

mS
 

= p (i)
σ (g) (1)
. . . σ (g) (S  )
·
E π p (i) , σ (g)
{m:||m||1 =M −1}

(M − 1)!
π ((p (i)) , m)
m1 !m2 ! . . . mS  !

(6.12)

where π (p (i) , m) denotes the expected payoﬀ a provider charging p (i) obtains
given that m1 other providers charge a price p (1), m2 charges a price p (2), etc.
Note that the sum in equation 6.12 is taken over all combinations of m for which
S
j=1 mj = M − 1. As the population evolves over the generations the replicator
dynamics may converge towards a ﬁxed point where each pure strategy represented
in the population does as well as any other pure strategy given the population
proportions, i.e.




(6.13)
E π (p (i) , σ ∗ ) = E π (p (j) , σ ∗ )
for all p(i), p(j) ∈ S  for which σ ∗ (i) , σ ∗ (j) > 0. This point σ ∗ is a candidate to a
mixed Nash equilibrium [TJ78].
As a complementing approach, which we primarily use to verify that the
candidate equilibrium obtained via the replicator dynamics indeed is a Nash
equilibrium, we pose the problem of ﬁnding a Nash equilibrium as a minimization
problem. Deﬁne the function

2
max (0, π (p, σ) − π (σ, σ)) .
(6.14)
Λ (σ) =
p∈S 

The global minimum of Λ (·) constitutes a Nash equilibrium and as Λ (σ ∗ ) = 0
and we may further utilize equation 6.14 to conﬁrm that the equilibrium obtained
with replicator dynamics indeed is a symmetric Nash equilibrium [MM96]. Figure
6.7(a) and 6.7(b) depict Λ (·) for an example with two competing network providers
that can choose between a “high” and a “low” price. For the example, the Nash
equilibrium is attained when both providers charge the low price with probability
one, i.e. we have a pure symmetric Nash equilibrium.
One weakness with discretizing the true strategy space S into S  is that the
identiﬁed Nash equilibrium σ ∗ will depend on the interval and the number of pure
strategies included in S  . When there are M =|M| providers and each of them
can select between S  =|S  | strategies the number of payoﬀs that needs to be



−1
[CR+ 04]. Ultimately, the computational
computed in equation 6.12 is M +S
M
resources (processing power and memory) will put a limit of the number of pure
strategies S  that can be handled.7 To reduce the impact of this limitation we
7 For an M -player game where each player has a total of S pure strategies the number of
necessary utility computations become S M . Symmetric games reduce the number of unique
elements in the payoﬀ matrix considerably and thereby we can handle larger games with more
players and strategies.
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(a) Basic version

(b) Rotated version

Figure 6.7: A parametric representation of Λ(·) for the noncooperative pricing game in a situation
where there are two competing network providers and the restricted strategy-space S  = {50, 150}.
pi (low), i =1,2 represents the probability that provider i charges 50 mu/s. We see that, for this
example, there only exists one Nash equilibrium in which both players charge 50 mu/s with
probability one.

require that neither the minimum nor the maximum price is used in the equilibrium
(i.e., σ ∗ (1) = σ ∗ (S  ) = 0). If one of them, on the contrary, is used in the mixed
equilibrium we expand our strategy space by adding higher (lower) prices and repeat
the described procedure.

6.4.3

Oligopolistic pricing regime

In the oligopolistic regime network providers cooperate in order to ﬁnd a set of
prices whereby their aggregated revenue is maximized. This situation can be
described by a bargaining game for which several solutions exists [FT91]. The most
commonly used is the Nash bargaining solution and it is deﬁned by four axioms: the
solution should be Pareto optimal, invariant to aﬃne transformations, independent
of irrelevant alternatives, and symmetric [Owe01, FT91].
If providers are conﬁned to pure strategies, then exploiting the fact that the
disagreement point (Nash equilibrium) is symmetric it can be shown; see e.g.
[Owe01, TAG06], that all providers must employ the same strategy at the Nash
bargaining solution. Thus we can deﬁne the cooperative pricing game (CPG)
through

π (p) .
(6.15)
(CPG) max
p∈[0,∞)

m∈M

The average expected provider revenue per second is shown in ﬁgure 6.8 for an
example where there are two coexisting providers. There we have also included the
Nash bargaining solution and the Nash equilibrium.
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Figure 6.8: Average revenue per second for various price combinations (p1 , p2 ) at a potentially
oﬀered load λ = 2 users/s. The maximum average revenue is earned when both networks use the
same price. For comparison reasons we include the Nash bargaining solutions (cooperative pricing
regime) as well as the Nash equilibrium corresponding to the competitive pricing regime.

6.4.4

Performance measures

When evaluating the competitive (NPG) and oligopolistic (CPG) pricing regimes
we study the games at equilibrium. As a measure of providers’ performance the
expected revenue per second is used. We let πN represent the average provider
revenue in a scenario where users include N providers (randomly chosen) in their
candidate set and we further introduce ΔN  πN /π1 as a measure of the relative
revenue diﬀerence between a case where users evaluate N providers and a case
where a provider is chosen at random. Note that the latter could represent the
case where users have entered long-term subscriptions with one of the providers
and thus are conﬁned to its infrastructure. User performance is measured via the
average cost per second
κ=

K

S k=1

σ ∗ (i) p(i)

∗
χeﬀ
m,k r
χeﬀ
m rk

(6.16)

eﬀ
where χeﬀ
m,k /χm represents the probability that a randomly “admitted” user
experiences a channel peak data rate rk at its preferred provider, p (i) r∗ /rk is
the average cost per second when the price charged by providers is p(i), and σ ∗ (i)
the probability that that a provider charge price p (i) at equilibrium.
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Results

In this section the performance associated with the competitive and oligopolistic
pricing regimes were evaluated. Throughout the section all users utilized the same
of their size candidate set, i.e. they evaluate the same number of providers upon a
new session initiation. User sessions are generated over a uniform area the available
channel peak data rates are regularly spaced in the interval 1 to 25 Mbps. The
remaining simulation parameters are summarized in table 6.1.
Table 6.1: Summary of simulation parameters

6.5.1

Parameter

Value

User distribution
Available peak data rates rk [Mbps]
Data rate requirement r∗ [Mbps]
Number of coexisting access points M
Number of evaluated access points N
Session arrival rate λM [user/s/AP]
Average session duration 1/μ [s]
Demand parameter β

uniform
{1, 2, . . . , 25}
1
{1, . . . , 10}
{1, . . . , M }
{ 12 , 1, 32 , 2}
20
0.01

User and provider performance in oligopolistic regimes

Figure 6.9 shows the relative revenue diﬀerence ΔN = πN /π1 under CPG. We
highlight that the results associated with conﬁguration M/λM /N , where M denotes
the number of providers, λM the potentially oﬀered load per access point and N
the size of the candidate set, is valid for all conﬁgurations where M ≥ N . From
the ﬁgure we see that ΔN is monotonically increasing up to some value of N ,
beyond which it starts to decrease. For the studied cases this critical value of
the candidate set N varies between three and four. The observed behavior can in
part be explained by the fact that users’ average channel peak data rate increases
with N simply because agents have more providers to choose from. For a ﬁxed
pricing strategy, an increased candidate set thus results in a larger proportion of
the agents entering the system. At the same time, the average load generated per
user (“marginal revenue”) is reduced. While the ﬁrst eﬀect increases the providers’
revenue the second eﬀect reduces it. Depending on which of these two eﬀects is
more dominant ΔN may either increase or decrease with N .
From ﬁgure 6.9 we may observe that ΔN increases as λM becomes larger.
This suggests that there is larger scope for cooperation between providers under
high traﬃc-conditions. This holds for all conﬁgurations that are associated with
blocking; see ﬁgure 6.10. For these, a larger candidate set will increase the channel
peak data rates and thereby lower load (and consequently blocking levels). Finally,
we may also notice that the relative revenue diﬀerence ΔN for conﬁgurations
associated with zero blocking when users simply choose a provider at random (see
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Figure 6.9: Relative revenue diﬀerence per provider ΔN compared to a case where a network
provider is chosen randomly as a function of the candidate set for a several system conﬁgurations
under the oligopolistic pricing regime. Note that the setting M/λM /N is valid for all
conﬁgurations in which M ≥ N .

ﬁgure 6.10). This is illustrated by ﬁgure 6.9 and ﬁgure 6.10 for the cases where
λM ∈ {0.01, 0.5} users/access point.
Figure 6.11 illustrates the average cost per second that admitted users experience
and it is evident that, except for high λM the cost increases with the number
of evaluated networks N . Thus in such situations the best strategy for agents
is to select an access point at random! This, somewhat nonintuitive result is a
combined eﬀect of two factors. First, cooperating providers will always increase
their price as users increase their candidate set and their expected peak data rate
increases; see ﬁgure 6.12. Second, a larger candidate set reduces the variation
in the peak data rate that users experience to their preferred access point. A
consequence of the fact that agents achieve similar channel peak data rates is that
the variations in the fraction of agents that would accept at a price pm (per unit of
resource) reduces. From the perspective of providers the demand therefore becomes
increasingly homogeneous with increasing candidate set. This allows providers
to charge higher price.8

8 From economics it is known that a homogeneous demand allows producers to obtain higher
revenue. This is for example one of the drivers of bundling diﬀerent goods. [PR00, TKK07]
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Figure 6.10: Average blocking levels for a few system conﬁgurations. It is clear that blocking
exists for λM = {1, 1.5, 2} and that blocking levels reduce with the size of the candidate set N .
As for ﬁgure 6.9, we stress that the point M/λM /N is valid for all system conﬁgurations in which
M ≥ N.
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Figure 6.11: Average user cost per second under the oligopolistic pricing regime (CPG). With
a larger candidate set (N ), the price charged by the network providers increases and even though
users’ achievable channel peak data rate increases the net eﬀect is typically an increased cost as
perceived by users; especially at low potentially oﬀered loads and/or large N .
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Figure 6.12: Price for the resources under the oligopolistic pricing regime (CPG) as a function
of N .

6.5.2

User and provider performance in competitive regimes

While the previous section focused on the oligopolistic pricing regime, this section
studies the performance under NPG where the providers compete for serving the
users. Figure 6.13 shows the relative revenue diﬀerence (ΔN ) as a function of the
candidate set size N . As the performance where users select a provider on random,
Δ1 , coincides for NPG and CPG we note that the presented results (e.g., ﬁgure 6.9
and ﬁgure 6.13) are comparable.
With respect to the oligopolistic regime it evident from ﬁgure 6.13 that
competing providers earn less. Typically the diﬀerence increases with the size of the
candidate set N as well as with lowered λM . Further, we see that the critical value
of N at which ΔN starts to decrease is smaller than under CPG. This is an eﬀect of
the fact that a larger candidate set causes providers to compete more aggressively,
since more can be gained from being the cheapest provider. This results in the
price decreasing as N increases.
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Figure 6.13: Relative revenue diﬀerence per network ΔN compared to a case where one provider
is chosen at random as a function of the size of the candidate set N for the competitive pricing
regime (NPG). Note that the point M/λM /N is valid for all system conﬁgurations in which
M ≥ N.

Figure 6.14 shows users’ average cost per second as a function of the size
of the candidate set. As expected (but unlike the oligopolistic pricing regime)
we see that the cost decreases with increasing N and that the marginal gain of
utilizing a larger candidate set diminishes with N . A conceptual diﬀerence from
the oligopolistic regime is that the eﬃciency gains of utilizing a larger candidate set
also is transferred to the users, in the form of lowered costs. Thus, users have an
incentive to consider a larger candidate set. We also note that the incremental cost
reduction that users can achieve by increasing their candidate set by an additional
access point saturates earlier when λM is small. Assuming that there is a ﬁxed
(non-monetary) search cost, e.g. energy consumption, associated with evaluating
an access point, users should therefore tend to use a larger candidate set under
high traﬃc-conditions. Irrespective of the overhead cost though, the incremental
beneﬁts that users can achieve from evaluating more than 5 access points is small.

6.5.3

Performance diﬀerences between oligopolistic and
competitive pricing regimes

Having evaluated the performance of the oligopolistic and competitive regimes,
individually, this section focuses on evaluating the performance diﬀerence between
the cooperative and competitive pricing regimes. Further, we evaluate whether
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Figure 6.14: Average cost per second (κ) for the users that enter the system under the
competitive pricing regime. Notice that users always can reduce their cost by expanding the
set size of their candidate set, N .

the proposed multi-provider network architecture can generate “win-win” situations
where both providers and users gain as compared to a traditional model where users
are conﬁned to the infrastructure of a single provider.
Figure 6.15 depicts the solution-space for a scenario with two providers
experiencing a potentially oﬀered load per access of λM =1 user/second. Aside
from an eﬃcient frontier; characterized by the fact that providers’ performance
cannot be improved without degrading the performance for users (or vice versa);
we have included equilibrium performance associated with:
• The competitive pricing regime
• The oligopolistic pricing regime where both providers are evaluated.
• The oligopolistic pricing regime where agents pick a provider at random.
Note that the third option both reﬂects the situation where each agent is conﬁned to
an infrastructure managed by one provider and the operating point where providers
cooperate and users select a provider at random. As can be seen from ﬁgure 6.11,
this represents the agents’ best strategy for the studied setting because the average
cost increases with the candidate set. From ﬁgure 6.15 it is evident that both the
competitive and oligopolistic regime where users evaluate both providers are on the
eﬃcient frontier whereas the setting where users pick a provider randomly yields an
ineﬃcient operating point. Thus, the architecture can result in situations where
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both users and providers gain in performance. It is moreover noteworthy that
providers’ reduction in revenue is small (less than 10 percent) while users on the
contrary reduce their cost per bit substantially (nearly 50 percent).
75

π Average revenue per second

Oligopolistic pricing regime
(both providers evaluated)
70

win - win region
65

60

Oligopolistic pricing regime
(one provider chosen on random)
Competitive pricing regime
55
4.5

5

5.5

6

6.5

7

7.5

κ, Average cost per second

8

8.5

9

9.5

Figure 6.15: Solution space for a scenario where two providers (M = 2) coexist. Each provider
experiences an average potentially demand λM = 1 user/s/AP.

6.6

Conclusions

During recent years, network providers, telecom equipment vendors, and regulatory
bodies, have started to show increasing interest in infrastructure sharing as a means
of lowering the production costs of wireless access services in domestic markets. At
the same time, service providers are starting to take an active role for ensuring a
competitive access market where high speed services can be delivered at low costs.
This could be achieved by reducing the switch and search costs for nodes. In this
chapter we have studied a network architecture where cost-sensitive users could
roam freely across multiple providers with overlapping coverage oﬀering wireless
access services at possibly diﬀerent prices. Users were charged in proportion to the
amount of resources that they consumed and a network provider could therefore,
in certain situations, increase its revenue by lowering its price so as to increase
its market share. At the same time, wireless nodes could beneﬁt by evaluating
several providers since this increased the chances of ﬁnding a provider oﬀering good
service at low cost. The objective in the chapter was ﬁrst to establish whether
the multi-provider architecture could result in situations where both providers
and users improved their performance. Secondly, we wanted to evaluate the
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performance diﬀerence between oligopolistic regimes where providers charged
a price maximizing their aggregated revenue and a competitive regime where the
providers instead competed for attracting traﬃc by means of individual pricing.
The regimes were formulated as static symmetric pricing games and even though
neither of the regimes is realistic in their extreme form, they oﬀer valuable insights
into mechanisms relating resource management, cost reduction, and retail pricing
in multi-provider environments.
Compared to current models where users are conﬁned to the infrastructure of
a single provider our results show that multi-provider network architectures can
generate situations where both users and providers improve their performance. This
gain is a consequence of improved path gain statistics. We furthermore showed that
the diﬀerence in the provider revenue under oligopolistic and competitive pricing
regimes often is small, whereas the cost reduction per transferred bit perceived by
users may be substantial. This was an eﬀect of the fact that oligopolistic pricing
regimes trigger uncooperative user behavior and in many circumstances the best
strategy for a group of cost sensitive agents was to select a provider at random;
without considering their planned resource consumption. Under competitive pricing
regimes though, agents always had incentives to evaluate multiple providers before
selecting, therefore the gains from improved path gain statistics could be exploited.

6.6.1

Validity and reliability

This chapter studied the eﬀects of a multi-provider architecture where network
providers competed with each other for attracting traﬃc. In reality, the competition
can occur over multiple dimensions and pricing will be one aspect. For simplicity
reasons our studies were conﬁned to only consider the eﬀects of pricing. Note
that this simpliﬁcation is common in economic work evaluating diﬀerent market
structures and it was made to keep the problem tractable. Furthermore, we used
very simple models for describing the radio network as well as user demand and
we only considered the case where the competing operators were symmetric. Also
these simpliﬁcations were made to keep the problem tractable.
Throughout the chapter both search and switching costs were to assumed to
be negligible. If such costs cannot be neglected the diﬀerence between cooperative
and competitive regimes would reduces both for the users and providers. Thus our
results should be viewed as upper bound with respect to both the reduction in
costs and provider revenue. As our results suggested that the reduction in provider
revenue already was small in many situations, the existence of switch and search
costs would only reduce the diﬀerence further. However, in spite of the simpliﬁed
modeling we believe that the main conclusion of the chapter – that a competitive
access market can generate situations where network providers and users gain –
and the trends observed also would be valid with more detailed modelling.
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Future work

As we noted in the introduction of this chapter the eﬀects of multi-provider network
architectures where users freely can roam across all networks is a topic that have
received very little attention in the existing literature. According to our opinion the
main problem with studying the related problems is that a framework that is both
reasonable and analytically tractable is needed. We believe that the the framework
presented in this chapter could serve as a starting point for this purpose.
One extension for which the developed framework could be used is for evaluating
whether network providers in the proposed multi-provider architecture could have
incentives to announce false information in order to attract more traﬃc. How
these incentives depend on whether agents can base their actions on the history
of operators (reputation) is also an interesting problem. We believe that material
presented in chapter 9 in [FT91] could be useful as a starting point. Note that
the reputation could be based on previous sessions either for a speciﬁc agent or
a group of agents if some reputation system is used. Two immediate examples of
false information would be operators announcing too low prices or, if agents utilize
the received power on a pilot channel and where the provider has to divide its total
power budget on the pilot and data channels (as in HSPA systems), use too high
power levels on the pilot channel. Another possible extension of the work here
would be to model the search and switching.
Studies utilizing more advanced models for describing the radio network would
also be valuable. In particular it would be a signiﬁcant contribution to consider
the problem in a context where each provider has multiple access points using
the same frequency (thus the load and generated interference will a function of the
price) and possibly diﬀerent site density. This work could validate (or invalidate)
the results and simpliﬁed models presented here. Compared to extension studying
the eﬀects of false information a multi-cell environment would be more challenging.
A ﬁnal extension would be to apply the same mindset and overall modelling
to a scenario where network providers compete by determining how many base
stations and at what locations they should deploy their base stations. This could
be performed for various scenarios including Greenﬁeld, incumbents, settings where
site sharing is allowed (compulsory), etc. According to our opinion this is probably
the extensions that would be most valuable – both from a research and industry
perspective. Although similar type of problems have received signiﬁcant attention
in other ﬁelds (cf. competitive facility location problems) we are not aware of any
work that has considered the problem in the context of wireless network deployment.

Chapter 7

Conclusions
Users’ willingness to pay per transferred bit for wireless data services is orders of
magnitude lower than for personal communication services (voice and messaging).
Further, the related demands are often short lived and require signiﬁcant data
rates. Providing such bandwidth demanding services at a low cost may require
that multiple subsystems, managed by competing network providers are combined
into a wireless grid accessible for wireless nodes. For such multi-provider multiaccess systems it could be advantageous to let agents, residing in the wireless nodes
and acting as proxies for their users, control some or all of the decisions related to
resource management. In addition to reducing complexity and costs, increasing
redundancy by avoiding a single point of failure, and facilitating more timely
decisions; distributed resource sharing regimes allow the subsystems to remain
decoupled. Decoupled subsystems could be desirable both because competing
network providers can be business-wise separated and because it allows technologies
to be added and removed in a modular fashion.
However, distributed resource sharing regimes could lead to selﬁsh agents
trying to maximize their own performance without considering how their decisions
aﬀect the other nodes in the network. Because the performance of nodes sharing a
wireless resource is coupled, for example through congestion and interference, such
antisocial behavior could degrade the performance of the system as a whole. If
the performance degradation is signiﬁcant this represents an argument for letting
a centralized radio network controller manage the resources. If, on the other hand,
the performance losses caused by selﬁsh agents are marginal this would be an
argument in favor of distributed resource sharing regimes. In the ﬁrst part of this
dissertation we studied if selﬁsh agents can make eﬃcient use of wireless resources,
using multiaccess and network layers as examples. These examples were chosen
because they are tractable, but still suﬃciently multifaceted to oﬀer insights into
how agents’ selﬁshness could aﬀect the resource utilization eﬃciency in wireless
networks. The related resource sharing problems were formulated as noncooperative
games between the nodes.
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For the multiaccess layer, we studied the eﬃciency that could be achieved
by selﬁsh nodes for both a contention based slotted ALOHA protocol and a
reservation based TDMA protocol. In the latter agents competed for resources
by participating in an auction held at the access port. For the ALOHA channel
we focused on a scenario where the agents controlled the probability with which
they transmitted packets, and in some cases also the modulation level and coding
rate they used when transmitting. Focus was on persistent strategies where agents
did not account for future payoﬀs and never tried to coordinate their actions with
other agents; for example by forming coalitions. For a wide variety of settings
(including single and multi rate systems as well as the cases of stationary and
mobile nodes) we showed both by analytic analysis and by means of Monte Carlo
simulations that selﬁsh agents were capable of sharing the channel as eﬃciently as
the well-known distributed multiaccess protocols. Similar results were obtained for
the reservation based TDMA multiaccess protocol in which the nodes created the
schedule subsequently executed by the access point.
On the network layer, we studied the setting where wireless nodes themselves
could select to which access port they should connect. Using a WLAN hotspot
and a cellular data network as two examples we evaluated if selﬁsh agents could
achieve similar data rates as when having a centralized radio network controller with
complete information assign the nodes to access ports. Our evaluation was based on
a combination of time-dynamic and snapshot based Monte Carlo simulations and
we focused on settings where agents had a ﬁnite amount of traﬃc that needed to be
transferred. The results showed that the data rates achieved when agents selﬁshly
decided to which access port they should connect were similar to those achieved
by a central controller (with complete information). Thus the performance loss of
delegating the prioritization of access points to selﬁsh nodes was marginal.
In summary, we can conclude that performance degradation caused by agents’
selﬁshness is small both on multiaccess and network layer (for the studied examples).
Together the examples presented in the dissertation show that selﬁsh agents are
capable of sharing a resource eﬃciently in more than just a few special cases. Thus,
our results should be interpreted as an argument in favor of distributed resource
sharing regimes.
A distributed resource sharing regime was also the starting point for the
second part of this dissertation. In this we examined a multi-provider network
architecture in which users could roam freely across all available networks. By
improving the path gain statistics and exploiting the fact that diﬀerent networks
may have non-coinciding busy hours the combined network could support greater
traﬃc volumes at a given quality level; thus reducing the production cost per bit.
A multi-provider architecture where the costs to search for and switch between
networks are small, could (ideally) also result in a situation where network providers
start to compete for attracting traﬃc, e.g., by oﬀering good service at low prices.
Although situations where network providers compete for traﬃc in the short term
currently are rare, they could emerge in domestic markets if virtual operators
purchase capacity from multiple network providers or if terminals are equipped
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with multiple user proﬁles capable of accessing infrastructure managed by diﬀerent
providers. In the second part of this dissertation we examined what the supply and
demand side eﬀects associated with a multi-provider architecture where users can
roam across all networks can be.
The supply side eﬀects of the proposed network architecture were analyzed
by means of detailed radio network simulations in which the downlink and uplink
capacity gains (or site reductions) that could be achieved through cooperation were
quantiﬁed. The magnitude and sensitivity of the gains were analyzed with respect
to site density, traﬃc pattern, environment, as well as the network geometries of
the cooperating operators. We focused on a mobile broadband scenario in which
users requested a downlink and uplink data rate of 2 and 1 Mbps with (almost)
full coverage, and where part of the usage occurred in indoor locations. For the
case of symmetric network providers our results showed that cooperation yields
signiﬁcant gains; either in the form of increased capacity, improved service quality,
or reduced site densities; even when the cooperating providers’ sites were almost
collocated and their busy hours coincided. This suggests that symmetric providers
can achieve signiﬁcant gains by cooperating. When the network providers were
nonsymmetric and had diﬀerent site densities and/or subscriber base the gain from
cooperation was reduced. Further, the provider with the sparser network always
had most to gain from cooperation. This was shown to be an eﬀect of that users
subscribing to the provider with the denser network already could connect to most
of the base stations. This suggests that voluntary cooperation between providers
will initially occur between providers of equal size.
Lastly the demand side eﬀects of the proposed multi-provider architecture
were evaluated. This evaluation was performed by considering a scenario where
network providers competed for users on a per session basis by oﬀering their
access services at an individual price. Unlike the traditional methods for sharing
infrastructure a competitive access market oﬀers a scalable architecture that allows
large and small network providers to add their infrastructure to the wireless grid;
since no bilateral agreements would be necessary. Further, a competitive access
market oﬀers a simple solution to the problem of how costs and revenues should
be shared; each individual provider is responsible for managing its own network
and their attractiveness as perceived by the users determine how the revenues are
allocated.
To evaluate the performance that users and network providers could achieve
a competitive pricing regime were compared to both a cooperative regime
in which providers jointly selected a price with the purpose of maximizing their
aggregate revenue (as in an oligopoly) and a case where users only could access
infrastructure of their network provider. Compared to the latter case, our results
showed that a multi-provider network architecture in which providers competed
for attracting could be advantageous for both users and providers. Although the
providers earned more if they cooperated the diﬀerence in revenue between the
cooperative and the competitive pricing regime was often small. The cost reduction
as perceived by the users could on the other hand be substantial.
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In summary, the results presented in the second part of this dissertation suggest
that multi-provider architectures in which users freely can roam across networks can
result in situations where both providers and users beneﬁt and that the advantages
occur in more than just a few special cases. This should be interpreted as an
argument in favor of cooperation among competing providers.

7.1

Discussion

Although it is our belief that the results presented in this dissertation oﬀer insights
into both the eﬃciency of selﬁsh resource sharing regimes and multi-provider
network architectures one should keep in mind that the presented results are based
on highly simpliﬁed models and scenarios.
The ﬁrst part, which evaluated the eﬃciency of selﬁsh resource sharing regimes
was based on noncooperative game theory. The beneﬁt of this approach is
clear: game theory oﬀers a well-established framework for analyzing the decisions
of multiple interacting agents (including a strict deﬁnition of what a “stable”
operating point is). However, a game theoretic approach also imposes several
implicit restrictions, which conﬁned our studies to simplistic scenarios. While we
acknowledge the value of studying more complex problems (for example, allow
for time-dynamic strategies with multi-dimensional strategy spaces in multi-cell
networks with varying interference) these would be very challenging to treat in a
strict game theoretic sense. Further we believe that the general conclusion from
such studies would be similar to those presented here.
Parts of the studies presented in this dissertation have been performed by Monte
Carlo simulations of multi-cell wireless networks. This approach allowed us to
use more detailed models (e.g., considering correlated shadow fading, varying cell
loads, etc.). Yet, when compared to realistic situations these models may still be
too simplistic. For example, we only considered average values of interference,
loads, channel peak data rates, etc. These simpliﬁcations were made to reduce
the computational complexity so that we could evaluate several diﬀerent system
conﬁgurations, resource management schemes, etc. Since we used the same
modeling assumptions for all evaluated network conﬁgurations, relative comparisons
should still be valid.

7.2

Future work

With respect to the work presented in the ﬁrst part of this dissertation it would
be interesting to study more realistic scenarios. Such evaluations would likely have
to be based on simulations. We believe that one useful approach for studying such
problems is evolutionary game theory in which the agents are viewed as a population
constantly evolving. Another extension of the work presented in the ﬁrst part of
the dissertation would be to allow more complicated strategies. In particular, it
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would be interesting to study the eﬀects of time-dynamic strategies and the fact that
users may form coalitions for achieving a more eﬃcient resource utilization. These
studies could preferable be performed using the multiaccess layer as an example.
The work presented in the second part of this dissertation could serve as
starting point for several interesting extensions. First, the model developed in
chapter 6 could be used to study whether a competing provider could beneﬁt
from announcing false information with the purpose of attracting more traﬃc
and to what extent a reputation management system could mitigate these eﬀects.
Second, studies focusing on evaluating how the proposed multi-provider network
architecture would aﬀect network providers’ incentives to upgrade their network
would be valuable. We believe that a game-theoretic approach viewing the
deployment of new infrastructure as a game between providers would be useful
for this purpose. Third, studies focusing on how network providers, supporting
diﬀerent radio technologies, can share their networks in a fair and eﬃcient manner
would be of practical interest. While we believe all these suggestions represent
valuable extensions of the studies presented in this dissertation, the work that be of
greatest importance (at least in the short term) is complementing studies adopting
a qualitative approach with the purpose of evaluating the economic and regulatory
implications of the proposed architecture. In particular, we believe that case studies
and interviews with potential stakeholders (operators, service providers, regulators,
etc.) would be of great importance.

Appendix A

Additional results and simulation
statistics
A.1

Complementing results for chapter 3

In section 3.3.3 we use a throughput maximizing strategy for the setting where
nodes are cooperative. In this section we illustrate results indicating that this
transmission policy is at least “locally” optimal. Figures A.1 and A.2 illustrate
the time average rate when the packet arrival rate is 0.45 and 0.52 packets/slot
respectively. The throughput maximizing transmission probabilities correspond to
the case where the relative change in σk is one. In the ﬁgures we also illustrate the
time-average utility that can be achieved when the transmission probability in one
of the states is changed; while all the others are kept constant. Both these ﬁgures
show that the throughput maximizing transmission policy is “locally” optimal. In
summary it evident that the throughput maximizing policy is eﬃcient.

A.2

Complementing results for chapter 4

In this section we describe the simulation used in section 4.4 in more detail.
Furthermore, we provide a quantitative analysis focusing on determining whether
the performance diﬀerences of the studied criteria for selecting base station is
statistically signiﬁcant.
Simulation approach
The results presented in section 4.4 have been retrieved through snapshot simulation
experiments. In each snapshot we simulate a number of users uniformly distributed
over the service area. For every realization of users we determine the maximum
throughput per user that can be supported for the studied algorithms. Note that
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Figure A.1: The time-average utility achieved if the transmission probability in state k is
increased while keeping the transmission probabilities for the other states ﬁxed for a setting
where the arrival rate is 0.45 packets per slot. A relative change of one implies that the maximum
throughput transmission strategy is used.

we for every realization of users evaluate the performance of all methods and that
there will exist a correlation between the samples associated with the base station
selection criteria. Once we have studied a number of realizations we can compute
the relationship between the number of active users (per cell) and supported
throughput. An example is shown in ﬁgures A.3 and A.4. The relative diﬀerence
in y-directions represents the gain in capacity presented in chapter 4.
Statistical analysis
This section evaluates statistical diﬀerences amongst the studied criteria for
selecting base station. In particular we are interested in determining which of
the studied criteria that has “statistically” diﬀerent performance.
Let x(i) and y (i) represent the data rate associated with two of the studied
methods for a certain realization i of users. Let further n denote the total number
of realizations. Recall from above that we for every realization i evaluate how large
throughput per user that can be supported. Let us refer to these as x(i) and y (i) for
two arbitrary methods. Clearly x(i) and y (i) are correlated, thus we introduce the
variable z (i)  x(i) − y (i) . This describes the performance diﬀerence between the
two variables. Letting z (i) where i = 1, . . . , n be normally distributed with mean
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Figure A.2: The time-average utility achieved if the transmission probability in state k is
increased while keeping the transmission probabilities for the other states ﬁxed for a setting
where the arrival rate is 0.52 packets per slot. A relative change of one implies that the maximum
throughput transmission strategy is used.

μz and unknown variance. To test whether two base station selection criteria oﬀer
the same performance we conduct the following hypothesis test on the μZ :
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Figure A.3: The number of users versus their data rate for market based selection
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Figure A.4: The number of users versus their data rate for maximum path gain selection

Null hypothesis (H0 ): μZ = 0.
Alternative hypothesis (H1 ): μZ = 0.
The sample mean and variance of can be computed via
1  (i)
z
n i=1

(A.1)

2
1   (i)
z − mz ,
n − 1 i=1

(A.2)

n

mz =
and
s2z =

n

respectively. Exploiting that each value of z (i) is independent and identically
distributed random variables the t-value can be expressed as
t=

mz − μ0 √
n,
sz

(A.3)

where the t-value will be described by the Student-t distribution with n − 1 degrees
of freedom. As an additional statistic we introduce the d-value. This describes
the diﬀerence in means normalized with respect to the standard deviation. I.e.
d=

t
mz − μ0
=√ .
s
n

(A.4)

Table A.1- A.3 presents the t and d-values for the studied base station selection
criteria and network geometries (reuse factors).
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Table A.1: t and d-values for a system with reuse factor K = 1. The number of samples is
n = 60.

Maximum path gain

Maximum
path gain

Maximum
SINR

Maximum
Data rate

Market
Based (R)

Market
Based (F)

-

-8.3/-1.07

14.2/1.83

13.1/1.69

14.31/1.85

Maximum SINR

-

-

15.2/1.96

14.1/1.82

15.1/1.95

Maximum data rate

-

-

-

1.7/0.22

9.1/1.17

Market based (R)

-

-

-

-

8.3/1.07

Table A.2: t and d-values for a system with reuse factor K = 3. The number of samples is
n = 41.
Maximum
path gain

Max
SINR

Maximum
Data rate

Market
Based (R)

Market
Based (F)

Simulated
Annealing

Maximum path gain

-

9.7/1.51

23.6/3.69

24.7/3.86

32.7/5.11

27.9/4.36

Maximum SINR

-

-

15.2/2.37

19.0/2.97

31.0/4.84

22.2/3.47

Maximum data rate

-

-

-

3.4/0.53

25.0/3.90

9.6/1.50

Market based (R)

-

-

-

-

12.3/1.92

5.8/0.91

Market based (F)

-

-

-

-

-

-13.8/-2.16

Table A.3: t and d-values for a system with reuse factor K = 7. The number of samples is
n = 27
Maximum
path gain

Maximum
SINR

Maximum
Data rate

Market
Based (R)

Market
Based (F)

Maximum path gain

-

3.3/0.64

33.6/6.47

27.3/5.25

38.5/7.41

Maximum SINR

-

-

26.4/5.08

29.9/5.75

32.1/6.18

Maximum data rate

-

-

-

0.11/0.02

23.8/4.58

Market based (R)

-

-

-

-

10.5/2.02

A.3

Complementing results for chapter 5

This sections presents some complementing results for chapter 5; particularly
related to the eﬀect of the level of indoor users. We moreover discuss the validity
of the developed framework as well as present more detailed simulation statistics.

A.3.1

The eﬀect of indoor usage

Throughout the numerical studies in chapter 5 we assumed that the 50 percent of
the users were located in indoor locations. One of our conclusions was that the
uplink capacity was smaller than the downlink capacity. In this section we evaluate
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how the uplink and downlink capacity varies with the fraction of indoor users. The
purpose is to identify qualitative diﬀerences. The evaluation is performance for the
reference systems (i.e., an outdoor cellular system operating in the 2 GHz spectrum
band) for an urban area characterized by an intersite distance of 500 m and where
the outdoor to indoor penetration loss is 15 dB. Remaining simulation parameters
are identical to those presented in table 5.1 and 5.2 (see chapter 5).
One principal diﬀerence for indoor users in the uplink and downlink is that
the outdoor-to-indoor attenuation in downlink, aﬀects the desired and interfering
signals in the same way because they both have to penetrate the building in case of
a indoor user. Hence we would expect that the main diﬀerence between indoor and
outdoor users in downlink is that users located in indoor locations have a relatively
higher noise level. For uplink transmission, the interference power as measured by
a base station is the same for all users associated with a certain cell (assuming that
there is no intracell interference). Thus, the indoor-to-outdoor penetration loss will
only aﬀect the desired signal of indoor users. Compared to outdoor users, these
will thus experience worse SIR statistics; especially when they are limited by their
maximum transmission power.1
Figures A.5 and A.6 present the time average data rate as a function of the
area throughput ω for varying proportions of indoor usage for downlink and uplink
transmission, respectively. As we predicted, the time average data rate in downlink
is insensitive to the level of indoor usage whereas the uplink data rates, instead, are
heavily inﬂuenced by the amount of indoor usage. Together these ﬁgures suggest
that indoor usage is especially harmful for the uplink capacity. Figure A.7 depicts
the ratio of the supported downlink and uplink capacity λ∗dl /λ∗ul as a function of
the percentage of indoor users. Therefrom it is also evident that the uplink has a
smaller capacity than the downlink and that the diﬀerence increases with the level
of indoor usage. Also, the ﬁgure indicates that as long as the traﬃc is symmetric
the uplink will represent the main bottleneck for mobile operators.

A.3.2

Model limitations and possible extensions

The approach presented in section 5.2.2 to section 5.2.4 is powerful because it allows
us to capture time-dynamic eﬀects such as:
• That users with data ready to be transferred at an arbitrary time-instant,
in general, are not uniformly distributed even though users are uniformly
distributed,
1 Note that increased levels of indoor usage also may reduce the interference levels (due to
the dampening provided by the buildings). The extent of this reduction is however, in general,
marginal. This is a combined eﬀect of that power control is used and that indoor users experience
a weaker link and therefore have to transmit a larger time proportion in order to meet their
average throughput requirement. The latter also results in a increased load, which reduces the
experienced data rates (see equation 5.5).
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Figure A.5: Downlink data rates as a function of the area throughput ω when a varying
percentage of the usage occurs in indoor locations for an urban setting with a system characterized
by an intersite distance of 500m.
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Figure A.6: Uplink data rates as a function of the area throughput ω when a varying percentage
of the usage occurs in indoor locations for an urban setting with a system characterized by an
intersite distance of 500m.
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Feasible downlink−uplink asymmetry
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Figure A.7: Maximum feasible downlink-uplink asymmetry λ∗dl /λ∗ul as a function of the
percentage of indoor usage for an urban scenario with a system characterized by an intersite
distance of 500m.

• That the experienced data rates reduce with the load of the network (due to
queueing delays),
by means of snapshot simulations. However, as noted in the chapter 5 the approach
is based on several simplifying assumptions. This section highlight these and further
discuss their impact on the presented results. We further present some possible
improvements.

Time average data rates
For what concerns the computation of the multiaccess layer data rates we relied
on the time average data rate. As this is based on that the user dynamics is much
slower than the time it takes to transmit a ﬁle we believe that it, primarily, is suited
for small ﬁles. Also, the model of the time-average data rates only considers users’
average peak data rates and we excluded potential eﬀects of channel as well as ﬁlesize aware schedulers. Note that the eﬀects of channel-aware schedulers (exploiting
fast variations in the channel conditions and user mobility) could be included by
adopting the framework proposed in [Bor03] as long as the path gain values to the
interference cells of a scheduled user are independent with respect to the path gain
to the base station that it is connected to. Eﬀects of schedulers that accounts the
ﬁle size into consideration can not be incorporated into the existing framework.
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Radio network models
Concerning the radio network modeling, we approximated the average peak data
rate by only considering the average SIR values, which in turn were approximated
as the ratio of the expected desired signal and the expected interference plus
noise power (based on users’ long-term throughput requirement sω ). Whether this
represents an acceptable model is largely dependent on the rate at which the system
can adapt to changing radio conditions. In particular, if both the power and rate
(coding and modulation) can be adjusted on a considerable smaller time-scale than
the duration of a slot it would be preferable to use the instantaneous SIR (i.e., a
statistical interference model) when computing the average peak data rates. If the
rate target is adjusted on a long-term basis (with respect to the slot-duration) and
power control subsequently is used to track the rate requirement we believe that
it is more appropriate to use average levels. Simulation-wise the latter approach is
considerably more time-eﬃcient and a statistical interference would not have been
feasible with the available resources.2,3
Average versus instantaneous interference
Even though the two approaches outlined above may result in diﬀerent absolute
values relative comparisons between diﬀerent expansion strategies should still be
valid as long as all methods are evaluated using the same model. To provide some
intuition into how the average interference assumption aﬀects the presented results
we compare the results achieved with an average and statistical interference model
for one speciﬁc network conﬁguration. The former approach is the one used (and
described) in chapter 5 and it is therefore not discussed here. The latter approach
is outlined in ﬁgure A.8.
Figure A.9 illustrates the base station loads, peak data rates, and time average
data rates that users achieve when the average and the statistical interference model
is used for computing the average peak data rates. As above focus is on an urban
setting characterized by an intersite distance of 500 m. For the downlink it is evident
that both the peak data rates and time average data rates associated with the
average interference model is smaller as compared to when a statistical interference
model is used.4 As our model is multiplicative, reduced peak data rates will result in
2 Aside from this approximation the absolute values is sensitive to many other of our modeling
assumptions, e.g., our simple propagation models, antenna gains, SIR gap, etc.
3 In addition to this modeling we have also neglected potential eﬀects of heterogeneous traﬃc
requirements. While it could be argued that voice and data users always could be separated by
assigning them to diﬀerent carriers we highlight that, e.g., control channels in the HSPA uplink
are mixed with the data channels. As these need to meet a minimum SIR requirement (usually
more conservative than for voice users) each uplink data user can, in essence, be viewed as a
combination of one data user and one conservative voice user. To ensure that the control channels
obtains a suﬃcient quality a maximum noise rise budget (in our case this would translate into
maximum transmission power that users can use for transmitting data) is used.
4 In the experiments we could observe that base stations, in general, both consume less power
and support higher peak data rates with the statistical interference model.
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Figure A.8: Iterative algorithm for determining with users average peak data rates with
statistical interference.

increased loads, and therefore even lower peak date rates, etc. Hence the diﬀerence
in peak and time average data rates can be substantial. For the uplink the diﬀerence
between the two approaches is negligible. Which of the two models that is preferable
depends on the rate at which the system can adapt. As a ﬁnal remark we observe
that:
• The base station loads are much smaller than unity, and
• The base station loads vary considerable between diﬀerent base stations.
The latter indicates the importance of using multi-cell models when evaluating the
capacity of packet data networks.
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Figure A.9: Base station load, peak data rate, and time average data rate for uplink and
downlink transmission in an urban setting where the network is characterized by an intersite
distance of 500 m.

Appendix B

Proofs
In this appendix we present some of the proofs for the lemmas and theorems
presented in the dissertation.

B.1

Chapter 2

Lemma B.1.1. In a packet transmission game capture can occur as long as
γ ≤ Δ−α − 1,

(B.1)

where Δ  r/r and γ represents the signal to interference ratio required for
successful reception.
Proof. Let r represent the maximum distance between a user and access point at
which the user is able to successfully transfer a packet in the absence of interferers.
This implies that
ptx g0
γ= α .
(B.2)
r n
Thus, capture cannot occur when the SIR threshold γ can not be met if two or more
wireless nodes transmit simultaneously. Such a system conﬁguration is described by
a setting where one of the nodes is located as close to the access point as possible
while the (only) interfering node is located at the cell boundary. Capture never
occurs when
ptr g0 /rα
.
(B.3)
γ>
ptr g0 /rα + np
Noting that

ptr g0 −α
ptr g0
=
Δ = γΔ−α
np r α
np r α

(B.4)

and inserting equation B.2 and B.4, equation B.3 can be rewritten as
γ>

γΔ−α
.
γ+1
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Solving for γ allow us to express the condition under which capture cannot occur
as γ > Δ−α − 1.
Lemma B.1.2. At any feasible mixed strategy Nash equilibrium σ ∗ where capture
does not occur, an active node i must transmit packets with a probability

σi∗

=1−

where Ej = E/w (γj ) and γj =

1/(Qactive −1)

j∈Cactive

Ej

.

Ei

ptx gj
np

(B.6)

for all j ∈ Cactive .

Proof. When packet capture cannot occur the success probabilities for active nodes
must, at any mixed strategy Nash equilibria, fulﬁll




1 − σj∗ = Ei for all i ∈ Cactive .

(B.7)

j∈Cactive \i

This results in that




Ej =

j∈Cactive

which can be rewritten as




1 − σj∗

Qactive −1

,

(B.8)

j∈Cactive

Ej = EiQactive −1 (1 − σi∗ )

Qactive −1

(B.9)

j∈Cactive

must hold at any mixed strategy Nash equilibria. Solving for σi∗ gives

σi∗

=1−

j∈Cactive

1/(Qactive −1)

Ej

.

Ei

(B.10)

Lemma B.1.3. An active set Cactive = {n1 , . . . , nM } has a feasible mixed strategy
Nash equilibrium if and only if

j∈Cactive

1/(Qactive −1)

Ej

≤ min Ej
j∈N

(B.11)

where N represents the set of backlogged nodes in the system and Ej = E/w(γj ).
Proof. We start by considering the case where the agent with smallest normalized
transmission cost, which we without loss of generality assume to be node 1, is
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inactive. The success probability that this agent would experience if it attempts to
transfer a packet can be written as




∗
=
T1 σ1 , γ1 , σ−1





1 − σj∗ =

j∈Cactive
/(Q

En1active active
En1



=

1/(Qactive −1)

k∈Cactive

j∈Cactive
Q

=



−1)

Q

· ... ·

Qactive /(Qactive −1)

Ej

=

Ej

j∈Cactive

Ek
Ej

=
/(Q

EnMactive active
EnM


−1)

=

1/(Qactive −1)

Ej

.(B.12)

j∈Cactive

Hence, the corresponding expected utility can be written as
⎛
⎞



1/(Q
−1)
∗
= σ1 ⎝
Ej active
− E1 ⎠ .
u1 σ1 , γ1 , σ−1

(B.13)

j∈Cactive

where σ1 denotes the probability with which agent 1 transmits packets. To
ensure that agent 1 does not have incentives to start transmitting we require that
u1 (σ1 , σ−1 ) ≤ 0 for all σ1 ∈ [0, 1], or equivalently, that

1/(Q
−1)
Ej active
≤ E1 .
(B.14)
j∈Cactive

Since we assumed that E1 ≤ minj=1 Ej it is readily seen that none of the other
inactive agents can beneﬁt from starting to transmit as long as Equation B.14 holds.
We next consider the case where node 1 belongs to the active set Cactive . Using
lemma B.1.2 we again start from the expression for the transmission probabilities:

σi∗ = 1 −

1/(Qactive −1)

j∈Cactive

Ej

for all i ∈ Cactive .

Ei

(B.15)

For a mixed strategy Nash equilibrium to be feasible we require that 0 < σi∗ ≤ 1 for
all users i ∈ Cactive . Noting that the transmission probability (σi∗ ) decreases with
decreasing transmission costs (Ei ) it suﬃces that σ1∗ > 0, or equivalently,


1/(Qactive −1)

j∈Cactive

Ej

E1

≤1



1/(Qactive −1)

Ej

≤ E1 ,

(B.16)

j∈Cactive

which is identical with Equation B.14. Showing the converse, i.e. that a setting
where Equation B.11 does not hold results in an infeasible Nash equilibrium can be
done in a similar manner. Hence we can conclude
that there exists a feasible mixed

1/(Q
−1)
≤ E1 .
strategy Nash equilibrium if and only if j∈Cactive Ej active
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Theorem 9. When agents have similar beliefs about the path gain distributions of
the other nodes there exist a symmetric Bayesian equilibrium to PTG-LA in which
σ ∗ (g) =

1 if g > z
0 otherwise

(B.17)

and
γ ∗ (g) =

⎧
⎨

ptx g
np



n
z ≤ gi ≤ γ z + ptxp


. (B.18)
 ∗

n
w (γ) T σ−i
(g) ifγ z + ptxp ≤ gi
if

⎩ arg maxγ≤ ptx g
n
p

The path gain threshold z is the solution to the equation
ptx z
np

FgN −1 (z) = E/w

.

(B.19)

Proof. Focusing on the case where the agent of interest (agent i) is transmitting its
expected utility can be written as
ui (gi |xi = 1) = w (γ ∗ (γ) (gi )) Ti (γ ∗ (gi ) , σ−i ) − E

(B.20)

where T (γi , σ−i ) denotes the success probability averaged over the other nodes’
strategies and path gains. Since an agent with path gain gi always can achieve at
least the same payoﬀ as if it had a path gain gi < gi (simply by using the same
parameters), the function w (γi (gi )) Ti (γi ) will be non-decreasing in gi . Thus an
agent with path gain gi should use a threshold strategy in which
σi∗ (gi ) =

1 if gi ≥ z
.
0 if gi < z

(B.21)

To determine the threshold z we originate from the fact that an agent with a path
gain z can not be captured (since γ > 1). Hence this agent should always use a
SIR threshold γi∗ (z) = pntxpz . Using this fact, the utility achieved by transmitting
can be written as
ui (z) = w

ptx z
np

Ti (z) − E = w

ptx z
np



Fg (z) − E.

(B.22)

j=i

At the threshold the agent must achieve a zero-utility since it should be indiﬀerent
to the option of transmitting and the option of not transmitting (which always gives
a zero payoﬀ). This implies
FgN −1 (z) =


w

E
ptx z
np

.

(B.23)
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FgN −1 (z) is continuous and monotonously increasing from zero to one. Further,


w pntxpz |z=gmax ≥ E because otherwise none of the agents would transmit. Thus,
equation B.23 must have a unique solution.
We next focus on determining the SIR requirement that agents should use when
their path gain exceeds z. We distinguish between two cases – those where capture
cannot occur and those where an agent can increase its success probability by
reducing its SIR requirement. The former case corresponds to situations where the
agent i of interest has a path gain
z ≤ gi ≤ γ z +

np
ptx

.

(B.24)

Since agent i’s packets never can be captured and w (γi ) is non-decreasing in γi
agent i should always use the maximum SIR their link budget support, i.e.
ptx z
,γ .
np

γi∗ (z) = min

(B.25)

For the second case where the path gain of the agent is
γ z+

np
ptx

≤ gi ≤ gmax

(B.26)

capture can occur given that it uses a suﬃciently low SIR level. Thus the chosen
SIR threshold becomes
γi∗ (gi ) = arg max w (γ) T (γ, σ−i ) .
γ≤

ptx gi
np

(B.27)

where T (γ, σ−i ) denotes the success probability experienced by agent i given that
it use a SIR threshold γ.

B.2

Chapter 3

Theorem 10. The rule
xi,j =

φi,j
N
k=1

φk,j + ε

∈ [0, 1)

(B.28)

result in an assignment of transmission time that is proportionally fair by weight
for all N agents.
Proof. The proportion of resources allocated to agent i in auction j can be expressed
as
φi,j
∈ [0, 1),
(B.29)
xi,j = N +1
k=1 φk,j
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where we for simplicity let ε = φN +1 . To verify that this assignment of resources
is proportionally fair by weight we want to show that the allocation satisﬁes
N
+1


N
+1



xi,j − xi,j
≤ 0 for all x1,j , x2,j , . . . , xN +1,j such that
xi,j = 1.
x
i,j
i=1
i=1
(B.30)
It is known (see e.g. [TAG06]) that any allocation that fulﬁlls equation B.30 must
solve the maximization problem

φi,j

N +1
i=1
N +1
i=1

maximize
st.

φi,j log xi,j
.
xi,j = 1

(B.31)

For an arbitrary agent i equation B.31 is associated with the following ﬁrst order
optimality conditions
φN +1,j
φi,j
=
,
(B.32)
xi,j
1 − k=N +1 xk,j
and
xi,j =

φi,j
xk,j for all i.
φk,j

(B.33)

Inserting equation B.32 into equation B.33 and rearranging terms gives
⎞
⎛

φk,j ⎠ ,
xi,j φN +1,j = φi,j (1 − x1,j − . . . − xN,j ) = ⎝φi,j − xi,j

(B.34)

k=N +1

and solving for xi,j gives
xi,j =

φi,j
N +1
i=1 φi,j

,

(B.35)

which is the allocation rule speciﬁed by equation B.30.
Theorem 11. The user problem has a unique Nash equilibrium and agents updating
their actions with the best response dynamics will always converge to this.
Proof. This proof consists of three parts: the existence, uniqueness, and convergence.
Starting with the existence of a Nash equilibria we note that the strategy space
Φ = ×i∈N Φi constitutes a nonempty polyhedron, which is known to both compact
and convex. As the agents’ cost function moreover is quasi-convex in φi and
continuous in φ−i it is well-known that there exist at least one Nash equilibrium
(“ﬁxed point”) φ∗ .
To verify the uniqueness of the Nash equilibrium we use a contradiction. Assume
that there existed two Nash equilibria φ and φ such that φi , φi > 0 for all i ∈ N

B.2. CHAPTER 3

227

and that φi < φi for one of the agents. Then it is possible to ﬁnd a constant κ for
which κφ ≥ φ and κφi = φi . However, this would imply that
(
(
(
αi
αi
αi


φi =
TA φ−i ≤
TA κφ−i < κ
TA φ−i = κφi ,
(B.36)
1 − αi
1 − αi
1 − αi
√
where we have exploited the fact that κ > κ since κ > 1 and this represents a
contradiction.
Finally we turn to the convergence and we start by focusing on synchronous
updates. Originating from best response function for, say trade-agent j,

⎛
⎞

N

 αi ⎝
φj + ε⎠
(B.37)
φi = ϕi (φ) = 
1 − αi
j=i

and assuming that φ (0) = 0 (i.e. no trade-agent has placed a bid yet), we obtain
√
√
φ (1) = [ α1 ε, . . . , αN ε] > s (0)

(B.38)

In a similar manner we get
φ (2) = ϕ (φ (1)) ≥ ϕ (φ (0)) = φ (1) ,

(B.39)

etc., and in the prolonging φ (n + 1) ≥ φ (n). As furthermore ϕj (φ (n)) ≤ φ∗j ∀ n
we may ﬁnally conclude that limn→∞ φ (n) → φ∗ since every increasing sequence
has a limit point in a compact set.
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