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ABSTRACT

The rapid growth of the Internet has led to the emergence of wireless data networks

that enable truly nomadic computing. These wireless networks can be categorized into

two complementary types: (a) cellular networks, where a base station connects mobile

devices to the Internet, and (b) ad hoc networks, where mobile devices form a distributed

network among themselves. With the exponential increase in the number of wireless data

users, providing quality of service (QoS) in these networks becomes critical. Scheduling

at the MAC layer enables us to provide fine-grained QoS to users. In this thesis, we focus

on the design of scheduling algorithms to address various QoS issues in cellular and ad

hoc networks.

Ad hoc networks are decentralized and do not have the notion of a base station to

control channel access. Simultaneous transmissions and location-dependent contention

make it difficult to characterize the rates that hosts and flows can obtain in an ad hoc

network. We develop a framework to model the nature of wireless channels and obtain a

distributed algorithm that can be used to realize a desired fair rate structure in the ad

hoc network. A large class of fairness models are applicable to our work.

Next generation 3G/4G cellular data networks allow multiple codes (or channels) to

be allocated to a single user, where each code can support multiple data rates. Providing

fine-grained QoS to users in such networks poses the two-dimensional challenge of assign-

ing both power (rate) and codes for every user. This gives rise to a new class of parallel

scheduling problems. We abstract a communication-theoretic model for multirate wire-

less channels, and attempt to optimize the maximum response time of jobs, a QoS metric

suitable for a stream of user requests. Using a novel approach called resource augmented
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competitive analysis, we present provable results on the algorithmic complexity of these

scheduling problems. In particular, we are able to provide very simple, online algorithms

for approximating the optimal response time.

We believe that using our analytical techniques will result in simple, efficient and

practical scheduling algorithms for providing QoS in wireless data networks.
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CHAPTER 1

INTRODUCTION

This dissertation focuses on the design, analysis, and evaluation of algorithms for

providing quality of service (QoS) through link layer scheduling for various wireless data

networks. In this chapter, we present an overview of the various wireless systems to

be discussed and identify key problems in such systems. We also present a high-level

overview of our solutions and research contributions, and provide an outline for the

remainder of this dissertation.

1.1 Wireless Data Networks

The enormous popularity of the Internet and its rapid growth have made the vision

of a “wired world” a reality. Apart from large organizations and universities, individ-

ual homes have come to occupy a significant portion of the Internet user space. This

widespread availability has fueled the extension of the Internet to a totally different

domain: wireless.

Wireless data connectivity is a very appealing concept that promises to release us

from being tied to one place to access data. The promise of “untethered” computing has

led to a boom in many areas, from the usage of wireless data enabled gadgets such as

laptops, personal digital assistants, and cellular phones, to the design and deployment

of various kinds of wireless data networks for an increasingly mobile population. The

number of wireless data users is expected to grow at an exponential rate for the next

decade, with a fourfold increase within 2 years to about 500 million users worldwide [1].

Modest projections of mobile commerce revenues estimate a growth of 700% to $4 billion

by the year 2005 [2]. It is clear that wireless data is here to stay.
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In a wireless system, the physical medium of communication is the space surrounding

us. The appeal of wireless computing is in the fact that users can be reached without a

fixed communication channel that ties the user to the network. On the other hand, an

open medium is prone to disturbances which degrade communications. Fades, blackouts,

and random bit errors are typical characteristics of any wireless system. Wireless users

move around and also share the channel, experiencing variable signal strength, which

in turn affects the quality of their connection. These channel characteristics vary across

wireless systems, from low-mobility in-building technologies such as Bluetooth [3] to high-

mobility long range wireless networks such as cellular digital packet data (CDPD) [4].

Thus, wireless networking technologies have to address the dual issues of spatial and

temporal channel variations, being aware of the fact that it might be impossible to

optimize for all wireless systems.

Wireless data networks can be broadly classified into two categories: centralized net-

works and decentralized networks. Centralized networks are based on a cellular infras-

tructure, where a base station covers all users within a given geographical region, also

known as a cell, with a larger area covered by a network of base stations connected by a

backbone wired network. Cells could be partially overlapping; however, neighboring cells

coordinate on resolving conflicts with resource usage and interference. Each base station

handles all requests to and from mobile users within the cell; i.e., a base station handles

both uplink (from mobile users) and downlink (to mobile users) requests. Both uplink

and downlink channel performances are crucial for the overall system. Our focus here is

on the downlink channel performance, which is likely to be a major focus in emerging sys-

tems since data traffic is expected to dominate over time, and data traffic typically tends

to have asymetrically large downlink demand. There are two common types of wireless

networks that fall under this category, namely wireless local area networks (WLANs) [5]

(which include Lucent’s WaveLAN and Cisco’s Aironet LAN), and wireless wide area

networks (WWANs) [6] such as CDPD, High Data Rate (HDR) [7], and the proposed

third generation (3G) wireless systems. WLANs have transmission ranges of the order

of a few hundred meters and bandwidths of upto 50 Mb/s, whereas WWANs have a
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range of the order of a couple of kilometers and bandwidths of less than 1 Mb/s. Due to

transmission range constraints, WLANs are used in buildings and inter-building spaces,

whereas WWANs provide coverage in large open areas.

Legacy WWANs such as CDPD provide users with raw bandwidths of less than 20

kb/s. The next generation of WWANs under deployment, commonly referred to as

3G networks, support a peak bandwidth of up to 1 Mb/s with the average bandwidth

expected to be around 200 kb/s. These systems have unique characteristics that differen-

tiate them from conventional centralized wireless networks, such as the ability for a single

mobile host to simultaneously receive on multiple channels and the ability to transmit at

multiple rates on any given channel depending on the signal-to-noise ratio (SNR) at the

receiver. This gives the base station more flexibility than is available in current systems

to manage and modulate the traffic. Designing algorithms that make use of this added

flexibility to improve the QoS provided to mobile hosts is an important issue.

Decentralized networks, also known as ad hoc wireless networks, lack a fixed infras-

tructure and centralized control. An ad hoc network is a dynamic multihop wireless

network that is established by a group of mobile nodes on a shared wireless channel by

virtue of their proximity to each other. Ad hoc networks have widespread applications

in military, commercial and public safety environments. Many commercial wireless tech-

nologies have been proposed using the ad hoc network paradigm. Bluetooth networks,

personal area networks (PANs), home RF networking, and sensor networks are some of

the many variants of ad hoc networks that are in the development phase.

Four key properties set ad hoc networks aparts from centralized wireless networks:

• Lack of infrastructure: These networks do not require an infrastructure, and do not

have any notion of base stations or cells.

• Variable topology: The existence of a link between any two mobile hosts depends

on the distance between them and the transmission range of the radio used. The

topology may thus change with mobility of the hosts.
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• Shared channels: Unlike cellular networks, channel access is decentralized, and the

number of neighbors for a mobile host is location-dependent. Therefore, the actual

bandwidth realized by a mobile host is typically a fraction of the raw bandwidth.

• Inaccurate state: In cellular networks, the base station has knowledge of all the

mobile hosts in its cell. In an ad hoc network, this is not possible since the neigh-

borhood set of any mobile host is typically only a subset of the entire network.

Given these characteristics, the throughput that each mobile host receives in the ad hoc

network is highly variable even if all mobile hosts run the same applications and talk to

a particular host. Such deviation in service will result in dissatisfaction on part of the

user. It also affects the performance of higher layer protocols and applications. Thus,

there is an urgent need to characterize and quantify the service received by mobile hosts

in an ad hoc network.

Based on the discussion of the various wireless data networks above, we observe that

several issues need to be studied and analyzed for these networks. In particular, we need

to have a way of characterizing the throughput of mobile hosts in an ad hoc network in

terms of network parameters. This work is important to further the understanding of

ad hoc networks and aid their commercial deployment. We also noted the interesting

properties of 3G cellular data networks which point out for the need to develop algorithms

that provide improved QoS making use of these features than existing algorithms. In this

dissertation, we describe our work in the design, characterization, analysis, and simulation

of these algorithms, and provide an overview in the following sections.

1.2 A Framework for Fairness in Ad Hoc Networks

In recent years, wireless ad hoc networks have increasingly received critical attention

in the networking research community. Although most current nonmilitary ad hoc net-

work test-beds are experimental in nature, possible future deployment scenarios include

deeply networked conglomerations of embedded devices, emergency rescue operations,
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“zero conf” meeting setups, and rapidly reconfigurable metropolitan wireless networks.

Migrating from experimental environments to commercial environments, ad hoc network

designers will need to address critical new challenges, such as “service differentiation”

among contending users for the dynamic and scarce channel resources. In a pay-for-use

model, the network must provide minimum performance requirements for paying users,

at least in relative terms. Since link-layer fairness mechanisms serve as the basis for

achieving network-layer QoS (e.g., weighted fair queueing [8] for the IntServ guaranteed

QoS service model), wireless medium access control (MAC) protocols in commercial ad

hoc networks must support some notion of “weighted fairness,” wherein flows with larger

weights receive correspondingly better service in accordance with a system-wide fairness

model.

To this end, we aim to formally investigate the fairness properties that can be achieved

by the class of multiple access wireless MAC protocols in shared channel wireless networks

in general, and ad hoc networks in particular. We define a shared wireless channel as

a communication regime wherein all nodes communicate over the same logical channel

using decentralized control, and there is no concept of a base station in the MAC layer.

Shared wireless channels thus underlie both ad hoc networks and packet cellular networks,

and most wireless multiple access protocols [9, 10], including the basic IEEE 802.11 MAC

standard [11], are designed with these channel assumptions.

Naturally, the first question to ask is, “Is there something fundamental about the

nature of shared wireless channels that prevents us from reusing the wealth of link-layer

fairness techniques that have been developed for wireline and packet cellular environ-

ments?” As discussed earlier, it turns out that shared channel wireless networks have

three unique characteristics that make it very difficult to achieve, or even consistently

define, the notion of fairness:

1. Spatial (location-dependent) contention for the wireless channel: Consider a simple

channel model where a transmitter has a fixed transmission range, and multiple

transmissions in the neighborhood of a receiver will cause a collision at the receiver.

Following typical collision avoidance protocols [9, 10, 11], a successful transmission
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precludes any station in the neighborhood of either the transmitter or the receiver

from engaging in another simultaneous packet transmission/reception. In other

words, transmission of a packet involves contention over the joint neighborhoods

of the sender and the receiver, and the level of contention for the shared wireless

channel in a geographical region is spatially dependent on the number of contending

nodes in the region. This is fundamentally different from wireline and cellular

channel models, wherein all flows perceive the same contention.

2. Trade-off between channel utilization and fairness: In a shared channel wireless net-

work, spatial reuse of the channel bandwidth may be obtained by simultaneously

scheduling transmissions whose regions of contention are not in conflict. While

spatial reuse is very useful for increasing the utilization of the wireless channel,

it introduces a fundamental conflict between optimizing aggregate allocated band-

width and achieving fairness, because allocating the channel to a flow with a large

contention correspondingly reduces the channel reuse. In contrast, wireline and

cellular networks do not face this problem because all flows perceive the same con-

tention.

3. Inaccurate state and decentralized control: Even if we define the notion of fairness

by addressing the two issues above, designing mechanisms for achieving such fair-

ness is a major challenge since there is no centralized control and no station is

guaranteed to have accurate knowledge of the contention even in its own neighbor-

hood. Further, contention is really “per-flow” (i.e., a sender-receiver pair) rather

than per-node (see point 1 above), which makes its estimation harder at the trans-

mitter before it decides to contend for the channel. Finally, contention resolution

must be achieved without assuming any explicit coordination or handshakes among

the contenders in order to preserve the robustness of multiple access protocols.

To summarize, wireline and cellular fairness models are inappropriate for our target

environment because the these channel characteristics are fundamentally unique to shared

wireless channels.
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In the past decade, there has been a wealth of wireless MAC research focusing on the

design and evaluation of multiple access wireless MAC protocols. However, to the best

of our knowledge, there are no structured studies devoted to the formal investigation of

fairness models in ad hoc wireless networks, evaluation of competing fairness models, or

formal fairness characterizations of existing contention resolution mechanisms in wireless

MAC protocols. To address these limitations in the state of the art, this dissertation

proposes what we believe to be the first structured study of fairness models in shared

channel multiple access wireless networks.

Our first contribution is a general analytical framework that captures the unique char-

acteristics of shared wireless channels identified above, and allows us to reason about

a large class of fairness models. Our starting point is the recognition that link-layer

fairness in a shared wireless channel has some commonalities with network-layer fair-

ness in multihop wireline networks in the sense that different “flows” experience different

“contention.”1 The genesis of our framework lies in the fairness framework for network

flows proposed by Kelly et. al. [12], which we enhance to address the constraints of

link-layer contention resolution in wireless channels. Using this framework, we show that

the definition of fairness is equivalent to specifying a “utility function” for the channel

allocation for each flow, and that different fairness models can be achieved by enforc-

ing correspondingly different utility functions locally at each contending station without

explicit global coordination.

Our second contribution is a general mechanism for translating a given fairness model

into a corresponding backoff-based collision resolution algorithm that probabilistically

achieves the fairness objective. This is a powerful result because it shows that once

we model fairness in our framework, the backoff algorithm for achieving this fairness

model is automatically derived from the framework! Using this translation, we derive

the backoff algorithm for achieving proportional fairness [12] in wireless shared channels,

1A link layer flow is between a pair of neighboring nodes, and has a location-dependent contention
for channel allocation. A network layer flow is between a pair of end hosts, and has a path-dependent
“contention” for network bandwidth.
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as a representative example. We compare the fairness properties of this backoff algorithm

to the ideal proportional fairness objective, and fairness properties of IEEE 802.11 MAC,

the multiple access carrier sense for wireless (MACAW) algorithm, and a more recent

work called connection-based balanced MAC (CB-Fair) [13].

We believe that the two aspects of the proposed framework – (a) the ability to specify

arbitrary fairness models (by specifying the corresponding utility function), and (b) the

ability to automatically generate local collision resolution mechanisms in response to a

given utility function – jointly provide the path for achieving flexible service differentia-

tion in future ad hoc wireless networks.

1.3 Scheduling in Next Generation Cellular Networks

Current wireless cellular data networks are categorized as 2.5G, where data rates are of

the order of 56 kb/s. New 3G systems are being deployed to provide much bandwidths up

to an order of magnitude more than existing systems. These emerging wireless systems

allow multiple codes (channels) to be allocated to users, in each of which traffic can

flow in one of multiple rates. This provides them more flexibility than is available in

current systems to manage and modulate the traffic. This also gives rise to novel parallel

scheduling problems that we study in this chapter.

Our scheduling model abstracts multirate scheduling in many next generation wireless

data systems. Here, we will briefly review three examples, namely, code division multiple

access (CDMA), wideband orthogonal frequency division multiplexing (OFDM), and

multislot time-division multiple access (TDMA) systems.

• CDMA: In CDMA systems, all the users share the entire transmission bandwidth

and users are distinguished by the use of signatures (also called codes) assigned to

them. There are two main CDMA schemes under implementation in the 3G wireless

systems. One is cdma2000 which is an evolution of Qualcomm’s IS-95 second gen-

eration (2G) CDMA system and is designed to use a frequency spectral bandwidth

of 1.25 MHz. The other is the wideband CDMA (WCDMA), which uses a larger
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frequency spectral bandwidth of 5 MHz and is being specified in Europe and Japan

[14]. Both cdma2000 and WCDMA envision higher rates through assigning multi-

ple codes to users (code-aggregation) and variable rates through coding techniques.

These two systems are intended for both data and voice applications. Another

system of significant interest is a purely data system called the High Data Rate

(HDR) system designed by Qualcomm [15]. This system is designed with a large

range of available data rates and uses sophisticated error-correcting coding schemes

with higher latency, making it suitable for non-real-time data traffic. In all CDMA

proposals, there is a pilot signal in the broadcast control channel that enables the

access terminal to measure the link channel conditions and this is reported back to

the base station. Therefore, the base station has access to transmission conditions

for users typically at a time-scale of a few milliseconds per measurement.

• Wideband OFDM: In wideband OFDM [16], the wideband channel is divided

into narrow frequency tones in a manner similar to traditional frequency-division

multiplexing. However, there are important differences since the transmission frame

is assembled using a fast fourier transform (FFT) in OFDMs. As a result, transmis-

sions become less susceptable to multipath propagation effects [16]. Also, the use

of FFT allows the system to dynamically assign different sets of tones to different

users. Moreover, using powerful error-correcting codes, variable rates can allocated

on the tones. Though this is not among the 3G wireless standards, it is receiving

significant research and industry attention. The idea of OFDM is already a part of

European digital audio broadcast standards, the US wireline digital subscriber line

(DSL) standards [17], the HiperLan wireless LAN standard, and several wireless

local loop systems. Systems with number of tones ranging from 16 to 256 are

currently being studied [16]. Our algorithms will be applicable to OFDM systems

with codes interpreted as tones.

• Multislot TDMA: In an evolution of the popular global system mobilé (GSM)

standard used in Europe [14], a multislot TDMA system called enhanced data
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rates for GSM evolution (EDGE) is being proposed. This system has a proposed

eight time-slots per frame and variable data rates on each slot through adaptive

coding schemes. Therefore, it is possible to allocate to a given user both a variable

number of slots and varying rates in each slot. The packet data protocol stack

being proposed is called the general packet radio service (GPRS), and enhanced

GPRS (EGPRS) [14]. We will not go into more details of this system here, but this

could potentially be studied in the framework proposed in this dissertation.

In all of the cellular data networks discussed above, data traffic on the downlink

(from the base station to the mobile hosts) is expected to dominate data traffic in a cell.

Hence, providing consistent QoS to mobile users in the downlink is clearly important.

However, wireline scheduling and resource allocation algorithms cannot be directly ap-

plied to manage the downlink. Wireless networks have unique characteristics, an example

being location-dependent channel errors. Users in different regions of a cell experience

different error rates, and hence, they may get different data rates on the downlink. Unlike

traditional scheduling scenarios, in a wireless environment, the scheduler must consider

channel state in order to provide reasonable QoS, and wireless systems have a variety of

built-in capabilities to gather channel condition information for this purpose. In most

wireless networks, the base station receives channel state piggybacked on ACKs and

other control packets from the users [18], whereas current and proposed CDMA networks

obtain channel state by means of an instantaneous power control loop [6].

In addition, random channel errors also result in performance problems for transport

protocols such as TCP, since TCP typically interprets channel errors as errors caused by

congestion. Link layer retransmissions only aggravate the situation since they interfere

with TCP’s rtt computations [19]. Most solutions to this problem propose intercepting

the connection at the base station, creating two logical connections [19, 20]. The base

station thus acts as a proxy and interprets the packets up to the transport layer in

order to address random channel errors. Proxies are also used in many commercial

wireless networks for a different purpose – to address the difference in bandwidth between

the wireless and the wired links, which is of at least one order in magnitude. Proxy
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servers store and forward data to mobile users and thus have information regarding the

various requests in the system. Thus, there is some convergence in the base station

and proxy servers aimed at reducing performance problems of transport protocols like

TCP, while making use of request sizes, channel state and other information to manage

the wireless link more effectively for scheduling resources. A typical proxy server/base

station architecture is shown in Figure 1.1. We will assume this context and address the

scheduling problems that arise.

Inter−network cloud

PHY

MAC

IP

TCP

HTTP

RouterEnd host
Mobile Hosts

Station

TCP

IP

LLP

PHY

HTTP

PHY

MAC

IP

TCP

HTTP

Scheduler

Base

Proxy/

Figure 1.1 Scheduling scenario for cellular data networks.

Our contributions are threefold:

• We abstract a general downlink scheduling problem that has many novelties. For

example, we embody channel characteristics guided by communication theoretic

considerations, and the properties of these channels are exploited in our schedul-

ing algorithms. Second, we study QoS parameters related to per request behavior,

in particular, we focus on optimizing response time per-request. In contrast, prior

work in wireless systems scheduling has typically focused on rate optimization met-

rics.
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• The scheduling problems that arise above are novel versions of multidimensional

malleable parallel scheduling. Here one can think of the number of channels as

the number of processors and the malleability arises because the rates on each

channel changes depending on power allocated. We show these problems to be

NP-complete and also show that they are also hard to approximate. However, we

use resource augmented competitive analysis, to derive simple, online algorithms

which not only are practical but also have good performance in approximating the

optimal maximum response time of a job.

• We present an experimental study of our algorithms. Using real Web server request

logs and realistic 3G/4G system parameters, we show experimentally that our online

algorithms perform significantly better than our worst-case analyses indicate. We

also infer which resources are most important to augment in a wireless setting.

We believe that resource augmented competitive analysis, which is related to over-

provisioning, provides us with a new approach to solving many open problems, and will

help in designing interesting scheduling algorithms for next generation cellular networks.

1.4 Contributions and Structure of Dissertation

The key contributions of this dissertation are as follows.

• In our work on ad hoc wireless data networks (Chapter 2), we have proposed an

unique general framework that captures the unique characteristics of shared wireless

channels and use this model for imposing a structure on the nature of throughput

obtained by individual flows in an ad hoc network. We also propose a very practical

mechanism that relies on only local state to obtain a given fairness model, using a

backoff-based contention resolution algorithm. Our experimental studies verify our

analytical results.

• We study a class of job scheduling problems that arise in 3G/4G cellular data

networks (Chapter 3), and show that these problems have non-trivial solutions. In
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particular, we apply a new type of analytical technique called resource augmented

competitive analysis to these wireless systems to design practical online algorithms

that perform well when compared to the optimum.

The rest of the dissertation is organized as follows. Chapter 2 presents our fairness

model for ad hoc wireless networks. Chapter 3 discusses our work on 3G systems and

the novel scheduling problems therein. In Chapter 4, we present related work pertaining

to scheduling and fairness for the various wireless systems discussed in this disserta-

tion. Chapter 5 summarizes the results, identifies future directions for exploration, and

concludes the dissertation.
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CHAPTER 2

ACHIEVING MAC LAYER FAIRNESS IN

WIRELESS PACKET DATA NETWORKS

We propose an analytical model to capture the unique characteristics of shared wire-

less channels and develop a mechanism to translate any fairness model into a corre-

sponding distributed contention resolution algorithm. We illustrate the effectiveness of

this mechanism using the proportional fairness model. In this chapter, we describe rep-

resentative fairness mechanisms from related literature in Section 2.1. Section 2.2 shows

inconsistencies in the fairness of IEEE 802.11, a widely used medium access control pro-

tocol standard, and Section 2.3 presents a general analytical framework for specifying

fairness in shared channel networks. Section 2.4 presents the translation procedure from

the fairness model to the specific backoff-based contention resolution algorithm, using

proportional fairness as an example. Section 2.5 evaluates the backoff algorithm with

reference to the ideal objective as well as related work. Section 2.6 summarizes the

chapter.

2.1 Multiple Access MAC: Contention Resolution

In this chapter, our investigations focus on the class of shared channel multiple access

collision avoidance protocols in the carrier sense multiple access with collision avoidance

(CSMA/CA) family. While we will investigate the fairness properties of multiple access

protocols for general shared channel configurations, this work is more applicable to ad hoc

networks than cellular networks, wherein other techniques for ensuring fairness, such as

centralized scheduling at the base station, may be overlaid on top of the multiple access
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MAC protocol [18]. Fairness in multihop wireless networks has also been addressed in a

recent related work [21, 22]. This work focuses on maximizing aggregate channel reuse

subject to a minimum fairness guarantee, which is very different from the issues we seek

to address in this dissertation.

Wireless multiple access protocols typically have two components that work in con-

cert: (a) collision avoidance and (b) contention resolution. Most of the wireless multiple

access research in the past decade has focused on achieving perfect collision avoidance

[9, 10, 23], and we will not address this component further in this dissertation. For the

rest of the work, we will assume some form of efficient collision avoidance that almost

completely eliminates non-contention induced collisions [10, 23].

The second component, contention resolution, is the focus of this work. In multiple

access protocols, contention resolution has typically been achieved through two mech-

anisms: (a) backoff and (b) persistence. In the backoff mechanism, each contending

station maintains a “backoff counter” and defers for a random amount of time bounded

by the backoff counter prior to a transmission. In the persistence mechanism, each con-

tending station maintains a “persistence probability” and contends for the channel with

this probability when it perceives a clear channel. In both cases, multiple simultaneous

transmissions in a shared region cause collisions, and the goal is to adjust the backoff

counter/ persistence parameters appropriately so that collisions are reduced, and ideally,

eliminated. Thus, both the backoff counter and the persistence probability are functions

of the estimated contention, and different contention resolution algorithms differ in terms

of how they adjust these parameters in response to collisions and successful transmis-

sions. In fact, the key to achieving the desired fairness properties is to map the fairness

objective to a corresponding persistence/backoff adjustment algorithm. Deriving this

mapping is a challenging exercise, which we will address in Section 2.4.

Let us now briefly consider three representative contention resolution mechanisms.

Most of the multiple access protocols in related literature employ mechanisms that are

variants of one or more of these three mechanisms.

15



• Binary exponential backoff (BEB): Following the contention resolution scheme of

Ethernet [24], early CSMA/CA protocols used a mechanism wherein the backoff

counter of a station is doubled upon every contention loss, and reset to 1 upon a

successful completion of the packet handshake. Unfortunately, it has been shown

that BEB is highly short-term unfair under high offered loads [24]. The IEEE

802.11 MAC protocol adopts a variant of BEB by starting from a “base backoff

counter” value for each new packet, and then using binary exponential backoff

for subsequent retransmissions of the packet subject to a maximum upper bound

(31 and 1023 respectively for DS PHY) [11]. While this alleviates the short-term

unfairness of BEB to some extent, it induces more collisions and unpredictable

fairness properties in the presence of heavy contention (Section 3 investigates these

issues further).

• Multiplicative increase/linear decrease (MILD) with backoff copy: MACAW uses

a more sophisticated contention resolution algorithm, wherein it tries to “assign”

contention losses to each station and then computes a backoff “per-flow” rather

than per-node. The backoff adjustment algorithm at a station maintains a backoff

counter per flow, doubles the backoff counter for the flow on each loss assigned to

the station, and reduces the backoff counter by 1 for each successful transmission.

MACAW also has a “backoff copy” mechanism wherein transmitters advertise their

backoff counters in their packets, and idle stations snoop this backoff to keep track

of the current contention estimates in their region [9]. The stated goal of MACAW

is to set the backoff counter of a flow proportional to the contention experienced by

the flow [9]. Unfortunately, this ends up being highly unfair to flows experiencing

relatively high contention in asymmetric network configurations because such flows

experience contend less aggressively while also experiencing contention from a larger

number of flows (Examples 2 and 3 in Section 2.5 illustrate this phenomenon).

• Combining persistence and backoff: In CB-Fair [13], the authors design a contention

resolution algorithm that combines persistence and backoff. A transmitter contends
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with a persistence probability that is proportional to the ratio of the degree of the

receiver to the maximum degree in the transmitter’s neighborhood (more generally,

the persistence probability is a function of the transmitter’s second neighborhood

as well as the receiver’s neighborhood). The backoff adjustment algorithm doubles

the backoff counter on each loss and halves the backoff counter on each successful

transmission. CB-Fair also uses backoff copying similar to MACAW. It turns out

that the multiplicative nature of both the increase and decrease of backoff causes

short-term unfairness similar to BEB. Further, the persistence algorithm tries to

increase the persistence of highly contending flows, which leads to artificially higher

backoffs and highly inconsistent short-term behavior over different time windows

(Examples 2 and 3 in Section 2.5 illustrate this phenomenon).

We have only presented brief high-level descriptions of these three algorithms (though

we have simulated the algorithms in detail for the purposes of comparison in Section 2.5)

because what we really want to show is that, regardless of the details, these mechanisms

are based on somewhat ad hoc reasonings about fairness rather than a structured real-

ization of a formally defined fairness model. In the next section, we explore the fairness

properties of the IEEE 802.11 MAC protocol standard in more detail, using it as a repre-

sentative study. We show that because it does not have a clearly defined fairness model,

the protocol has inconsistent fairness behavior over different time windows and is, in fact,

both short-term and long-term unfair. Both MACAW and CB-Fair also exhibit similar

characteristics (see Section 2.5 for examples). This motivates our approach, which starts

with an arbitrary fairness model and ends with a contention resolution algorithm design

that achieves the fairness model probabilistically.

2.2 Fairness Characteristics of IEEE 802.11 MAC

We now illustrate the fairness properties of IEEE 802.11 through three tests in the ns-2

simulator [25]. The simulation scenarios consist of both simple hand-configured topolo-

gies and more complex randomly generated topologies. The carrier sense/data reception
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threshold ratio is set appropriately to eliminate all hidden/exposed sender/receiver prob-

lems [23], and no random channel loss is induced. Thus, all losses are due to contention.

Each flow has enough packets to individually saturate the channel for the duration of the

simulation to simulate the highly loaded case. The wireless channel bandwidth is 2 Mb/s

(approximately 180 packets per second for 1 KB packets). The duration of each simula-

tion is 10 s. We will show the channel allocation over small 1- to 2-s time windows as

well as over the entire simulation in order to observe both the short-term and long-term

fairness characteristics.

We perform three tests. In the first test, we observe the inconsistency of short-

term fairness in IEEE 802.11 in a simple scenario where contention in a neighborhood

is asymmetric, i.e., nodes experience location-dependent contention. In the second test,

we observe the unfairness in per-node versus per-flow fairness in IEEE 802.11 in a simple

scenario where one node communicates with many other nodes. In the third test, we

illustrate both the short-term and long-term unfairness in IEEE 802.11 in a more complex,

randomly generated topology. The conclusion of this study is that the 802.11 MAC

protocol is unable to achieve any consistent notion of fairness and is both short-term and

long-term unfair.

2.2.1 Asymmetric contention neighborhoods

Consider the topology shown in Figure 2.1. The receiver threshold range is denoted

by a solid circle, and the dotted circle denotes the carrier-sensing range. All flows in 1-6

contend with each other and with Flow 11. Flows 9 and 10 contend with flows 9-11.

Flow 11 contends with all the flows in the topology. The contention resoltion algorithm

is the modified binary exponential backoff described in Section 2.1. Figure 2.2 shows

the channel allocation for the time window (2, 4.5] for a few flows. The key point to

note is the variation in the channel allocation for Flow 11. Specifically, the throughput

ratio R1−6 : R11 = 6.5 in (2, 3.5], and R1−6 : R11 = 2.5 in (3.5, 4.5]. In more complex

simulation scenarios, asymmetric contention can cause larger variations in short-term
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and long-term fairness, as seen from the third example as well as the examples in Section

2.5.
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Figure 2.1 Topology: Asymmetric contention.
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Figure 2.2 Packet sending timing: Flow 11 exhibits short-term unfairness.

2.2.2 Per-flow versus per-node fairness

While protocols such as MACAW and CB-Fair use per-flow queues with per-flow

backoffs (thereby effectively treating a node with multiple flows as multiple co-located

nodes with one flow each), IEEE 802.11 uses a per-node queue with a per-node backoff.

This has two effects: (a) in scenarios with asymmetric contention, a head-of-line packet

to a receiver in a high contention neighborhood can block other flow transmissions to
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Figure 2.4 Packet sending timing: Flow 5 receives more bandwidth than other flows.
Flows 1-4 exhibit short-term unfairness.

lightly loaded neighbors, thereby distorting the fairness characteristics of the network as

a whole, and (b) a node with many flows penalizes its flows unfairly. Figure 2.3 shows

a simple scenario wherein all flows contend with each other, and Figure 2.4 shows the

channel allocation for this scenario. It is important to note that we are not arguing

about whether this specific fairness model is desirable or not. It may well be that the

system fairness policy mandates per-node rather than per-flow fairness. The issue here

is that IEEE 802.11 cannot achieve weighted fairness in a reasonable way, even if we try

to weight the backoff increase. In other words, the protocol is implicitly able to provide

only per-node fairness, and that too falls apart in the presence of asymmetric contention

neighborhoods. This behavior is illustrated in the next example.
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2.2.3 Randomly generated topology

Figure 2.5 shows a randomly generated topology consisting of 10 nodes spread over

a 400 m by 400 m grid in a way that the network is not a clique but only one flow can

transmit at a time. There are 25 flows for which the source and receiver are within the

receiving threshold range, and all flows start between 0 to 4 s and run for 50 s. Figure 2.6

shows the channel allocation for a few selected flows in this simulation. This example

illustrates both short-term and long-term unfairness, both per-node fairness and per-flow

fairness. Specifically, simply looking at the throughput evolution of flows 4 and 11 in

two time intervals (20, 25] and (30, 35] illustrates the different fairness characteristics

observed in different time intervals. Per-flow unfairness in both the short-term and the

long-term is obvious from the figure. The allocation also happens to be per-node unfair,

because node A receives significantly higher channel allocation than node B, even though

every node has the same contention region.

This example illustrates that even for a relatively simple scenario of a few nodes

dispersed in a geographical region with relatively small asymmetry in contention, the
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Figure 2.6 Fairness in shared channel: Flows 4 and 11 experience varying throughput
at different intervals.

fairness of the IEEE 802.11 MAC protocol starts to fall apart. We show in Section 2.5,

that both MACAW and CB-Fair suffer from the same problems. The fundamental issue

here is not whether any of these protocols achieves a certain definition of fairness in a

given configuration over a given time window. The real problem is that none of the

wireless multiple access protocols that we have come across in recent literature have a

well defined formal definition of the fairness model that they seek to achieve. Thus,

it is difficult to quantify their fairness properties for arbitrary topologies. In the next

section, we seek to move the design of fairness mechanisms from arcane art to well defined

science.

2.3 A General Analytical Framework for Fairness

In wireline and cellular environments, all flows experience the same contention. Spec-

ifying a fairness model is thus fairly straight-forward, e.g., the fairness model of weighted

fair queueing (WFQ) [8] states that over any arbitrarily small time window, each back-

logged flow receives channel allocation in proportion to its weight. Unfortunately, simply

using flow weights to determine the channel allocation in shared wireless channels does

not adequately capture the unique characteristics of the shared channel. Recall from
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Section 1 that because of spatial location-dependent contention, different flows have dif-

ferent resource utilization for transmitting the same amount of data. Specifically, flows

that experience more contention will “shut up” more contending flows while they are

transmitting. Consequently, a general framework for modeling fairness for shared wire-

less channels must provide the ability to capture the location-dependent nature of con-

tention. Within this framework, each fairness model can then trade-off aggregate channel

utilization and fairness according to its own optimization criteria.

We now present the general analytical framework for modeling MAC layer fairness in

shared wireless channels. Modeling fairness in this framework is a four-step process:

1. Step 1: From the network topology, we generate an undirected graph that captures

the neighborhood property of nodes (i.e., nodes that are within range of each other

are neighbors).

2. Step 2: From the graph and the set of active flows (wherein an active flow is a

transmitter-receiver pair that has packets to send), we generate a flow contention

graph that captures the contention among flows (i.e. each flow is a node in this

graph, and two flows that contend for the same channel region are neighbors).

3. Step 3: From the flow contention graph, we generate a resource constraint graph

that represents each “distinct contention region” as a resource server and each flow

as a client. While the precise generation of the graph will become clear later, it

is sufficient to know at this point that at most one flow can transmit at any time

in a distinct contention region, and that a flow can transmit only if it is the sole

transmitter in all the distinct contention regions to which it belongs.

4. Step 4: Given a resource constraint graph, we will show that achieving fairness

in the system is equivalent to solving a utility maximization problem subject to

the transmission constraints described above in the resource constraint graph. The

fairness model of the system is determined by the utility function that must be

maximized.
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The high level overview of our approach is that Step 3 captures the location-dependent

contention constraints of the shared wireless channel, and Step 4 optimizes the fairness

model-specific utility function subject to these constraints. It will turn out that the

formulation of the optimization problem will naturally lead to the ideal fairness objective,

as well as translate automatically to a backoff-based contention resolution algorithm.

With this overview, we will now describe the steps leading from modeling of fairness to

the design of the backoff algorithm.

2.3.1 Steps 1, 2, and 3

In Step 1, the network is represented as an undirected graph G = (V, E). V is the set

of nodes in the network. In G, e = (u, v) is an edge in E iff nodes u and v are within range

of each other, where we assume that links are bidirectional, as in collision avoidance based

CSMA/CA protocols. Figure 2.7 shows an example, wherein nodes A−F are hosts, and

the range of each flow is denoted by the dotted ellipses around the host.

C D E FA B

G = (V, E )

Figure 2.7 Network graph G: No two neighbors can simultaneously transmit.

In Step 2, we consider all the “active flows” in the network, i.e., transmitter-receiver

pairs that have packets to send. Let us assume in Figure 2.7 that all links are active

flows. Note that when BC is active, AB, CD, and DE are constrained not to transmit

or receive simultaneously, because at least one of the two end-points for each of these

flows is a neighbor of either B or C. Thus any two active flows that are within a distance

2 in G contend with each other. More generally, if the carrier sense threshold/packet
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Figure 2.8 Flow-contention graph G′: In every clique, only one node can transmit.

reception threshold = δ, then any two flows that are within a distance of 1+ δ potentially

contend with each other.

We generate the flow-contention graph G′ = (V ′, E ′). V ′ ⊂ E; i.e., each node in

G′ is a link with packets to transmit in G. In G′, e′ = (u′, v′) is an edge in E ′ iff

dG(u′, v′) ≤ 1 + δ, where dG(e, e′) is the shortest distance between the two links e and e′

in graph G. Figure 2.8 represents the flow contention graph for the graph in Figure 2.7.

Let us now consider the maximal cliques [26] in G′. A maximal clique C in G′ is a

maximal complete subgraph of G′ (e.g., in Figure 2.8, nodes AB, BC, and CD form a

maximal clique). A maximal clique in the flow-contention graph represents a “distinct

contention region” because at most one node in the clique can transmit at any time, and

adding any other node to the maximal clique will enable two non-colliding simultaneous

transmissions among the nodes under consideration.

In Step 3, we generate the resource contention graph G′′. G′′ = (V1, V2, E
′′) is a bi-

partite graph such that V1 = V ′, and each node in V2 represents a maximal clique in G′.

In G′′, e′′ = (u′′, v′′) is an edge in E ′′ iff u′′ ∈ V1, v′′ ∈ V2, and u′′ belongs to the maximal

clique in G′ represented by v′′. Figure 2.9 represents the resource contention graph for

the flow-contention graph shown in Figure 2.8.
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Figure 2.9 Resource contention graph G′′: Each maximal clique is a server and each
flow is a client.

Each maximal clique in G′ represents a “channel resource” with the nodes in the

clique contending for exclusive access to the resource. Let us consider a simple slotted

model of channel allocation. We represent each node in V2 as a server which grants a

token in each slot to at most one of the edges that is incident on it. Then, the allocation

of a token in a clique represents the successful transmission by a node within the clique,

and a node in V1 (i.e., a flow in G) accesses a channel slot successfully if and only if it

simultaneously obtains a token from all the edges incident on it.

Let us now consider a time window [0, T ]. Let Ii,j(t) be an indicator function such

that Ii,j(t) = 1 if the node j ∈ V2 allocates its token in slot t to node i ∈ V1, and Ii,j(t) = 0

otherwise. Let xi(t) be the channel allocation for flow i in time [0, t]. Then the channel

allocation problem can be represented as a set of the following linear constraints.

∀j,
∑

i

Ii,j(t) ≤ 1, ∀t

∀t, ∀i, xi(t) = xi(t− 1) + 1, if Ii,j(t) = 1, ∀(i, j) ∈ E ′′

= xi(t− 1), otherwise.
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Note that this set of constraints captures the location- dependent contention character-

istics of shared wireless channels.

2.3.2 Step 4: Modeling fairness

In the rest of this section, we will only deal with unweighted fairness for simplicity

of explanation. We will see at the end of the section that we can easily extend our

discussions to achieve weighted fairness.

Consider a utility function U(r) for a channel allocation rate r that is continuous,

differentiable, increasing, and strictly concave over the range r ≥ 0. If U(r) is concave,

then flows with a lower channel allocation rates will have a higher marginal utility than

flows with higher channel allocation rates. If the flow contention graph is a complete

graph,
∑

i U(ri) is maximized when ∀i, j, ri = rj; i.e., aggregate utility is maximized

when the channel allocation rate for every flow is the same. For this simple case, it is

easy to see that a maximizing the sum of concave utility functions achieves fairness.

It has been formally shown in [27] that there is a general equivalence between maxi-

mizing concave utility functions and achieving some systemwide notion of fairness. Specif-

ically, each concave utility function achieves a corresponding fairness model. Thus, any

fairness objective in shared wireless channels can be modeled by the following system of

equations:

Maximize
∑

i

U(ri) (2.1)

where

ri = ∆xi(t)/∆t

subject to

∀j,
∑

i

Ii,j(t) ≤ 1, ∀t

∀t, ∀i, xi(t) = xi(t− 1) + 1, if Ii,j(t) = 1, ∀(i, j) ∈ E′′

= xi(t− 1), otherwise.
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The constraints in the above system are always satisfied for a central channel alloca-

tion scheme. However, our goal is to achieve fully decentralized channel allocation. In

this case, each flow controls its own rate allocation, which it adjusts in response to success

or failure feedback. Now consider that flow i has a locally adjusted channel allocation

rate of ri. In every distinct contention region j ∈ V 2, the “loss probability”

Pj ≤ (

∑

{i|(i,j)∈E′′} ri − 1
∑

{i|(i,j)∈E′′} ri
)+. (2.2)

In other words, if the sum of the channel allocation rates in a maximal clique exceeds 1

slot, then some of the contenders will experience contention loss. Further, the contention

loss probability that is experienced by any flow i is pi = 1−Π{j|(i,j)∈E′′}(1−Pj). In other

words, the probability of a flow successfully accessing a channel slot is the product of its

success probabilities over all the distinct contention regions to which it belongs. If the

loss probability in each distinct contention region is small, i.e., Pj → 0, then the flow loss

probability becomes pi =
∑

{j|(i,j)∈E′′} Pj. Note that we do not need to explicitly compute

the loss probability in each distinct contention region. Each flow simply monitors its

own loss probability that is a function of the sum of the loss probabilities over all the

contention regions that it belongs to, and the flow’s channel allocation rate as a function

of its own success/failure feedback, as we will see later.

For a flow with a channel allocation rate ri, utility function U(ri), and perceived

contention loss probability pi, we represent its objective function as

maximize J(ri) = αU(ri)− βpiri, (2.3)

where α and β are system parameters that, respectively, represent the “utility constant”

and the “penalty constant” and can be tuned to achieve the desired trade-off between

maximizing utility and minimizing loss rate. It has been shown in [28] that for a system

of equations of this form, the aggregate utility
∑

i∈V 1 J(ri) is maximized when each

individual flow i maximizes its own objective function J(ri). Further, as the penalty

constant β becomes large, the optimal value of
∑

i∈V 1 J(ri) converges to α
∑

i∈V 1 U(ri);

i.e., the fully decentralized solution also converges to a channel allocation scheme that

maximizes the aggregate utility over all the flows.
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Having shown that the distributed scheme converges to the optimal aggregate util-

ity, what remains is to derive the general framework for the adaptation of the channel

allocation rate in each flow. Note that the flow objective function Ji(ri) is maximized

when

dJ(ri)

dri
= 0 ⇐⇒ αU ′(r∗i )− βpi = 0

⇐⇒ α− βpi

U ′(r∗i )
= 0 (2.4)

where the optimal channel allocation rate is denoted by r∗i . Since U(x) is concave and the

penalty function is linear, J(ri) is a unimodal function. This suggests that the following

scheme can be used for oscillating the channel allocation rate about the optimal point:

ṙi = α− βpi

U ′(r∗i )
(2.5)

where ṙi is the rate of change of channel allocation rate. It is easy to see that this scheme

has an equilibrium point that is equal to the optimal value r∗i that satisfies dJ(ri)
dri

= 0. It

can be proved that the unique maximizing point is also a stable point of the system as

follows. Note that

dJ(ri)

dt
=

∑

i∈V1

dJ(ri)

dri

dri

dt

=
∑

i∈V1

U ′(ri)(α−
βpi

U ′(ri)
)2

≥ 0 (2.6)

since the derivative of the strictly concave, increasing function U(ri) is always positive.

Thus, J(ri) is also a Lyapunov function for the channel allocation scheme given in Equa-

tion (2.5). Therefore the unique maximizing value of J(ri) to which the flow converges

is a stable point of the system. This results in the following proposition:

Proposition 2.1 Let all the flows in the system have the utility function U(ri). Then, if

the channel allocation rate ri for each flow changes according to the following algorithm

ṙi = α− βpi

U ′(ri)
, (2.7)
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the network utility and the flow utility functions converge to their optimal value, and the

system converges to the optimal point. Further, for weighted fairness, we can replace α

by wi.α which results in an optimal rate allocation that is a function of both the weight

and the utility function.

The choice of the utility function for flows determines the fairness model for the system.

The general form of flow utility functions is U(ri) = −1/rν
i for ν > 0. Among these, three

fairness models have been of particular interest to the research community. When ν = 1,

the utility function Ui(ri) = −1/ri characterizes the minimum potential delay fairness

model [29]. For the special case when ν = 0, the utility function is given by Ui(ri) = log ri,

and this is associated with proportional fairness [12]. The third is the max-min fairness

model, and it has a very different utility function. For a normalized allocation xi, the

utility function is characterized by [29] Ui(xi) = −(− log xi)
α 0 < xi < 1, α→∞.

It should be clear at this point that from Proposition 2.1 we can derive the contention

resolution algorithm as a function of the utility function. In the next section, we will

present the realization of a simple, robust, and local contention resolution algorithm

that achieves proportional fairness, as a representative example of the use of our fair-

ness framework for translating an arbitrary fairness model to a corresponding contention

resolution mechanism.

2.4 Proportionally Fair Contention Resolution (PFCR)

The general analytical framework for fairness presents a very powerful result – for any

arbitrary fairness model that is represented by a concave differentiable utility function,

we derive the corresponding channel allocation rate adaptation algorithm from Propo-

sition 2.1. In this section, our goal is to start from this point and end up with a fully

decentralized, purely local contention resolution algorithm that requires no explicit coor-

dination among flows. Specifically, we seek to derive the contention resolution algorithm

for achieving proportional fairness, as an example.
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2.4.1 Proportional fairness and rate control

A vector of channel allocation r = (ri, i ∈ V1) is proportionally fair if it is feasible (i.e.

r ≥ 0 and
∑

i∈j ri < 1 + ε for every j ∈ V 2) ) and if for any other feasible vector r′, the

aggregate of the proportional changes is not positive [12]:

∑

i∈V 1

r′i − ri

ri
≤ 0.

Specifically, for the proportionally fair rate allocation vector r,

∑

i∈V1

dri

ri
= 0

which translates to the maximization of the utility function U(r) = log(r). Thus propor-

tional fairness is represented by the utility function log(r).

Now, substituting for U ′(ri) = log′(ri) = 1/ri in Proposition 2.1 from the previous

section, the channel allocation rate adaptation algorithm is given by

ṙi = α− βpiri. (2.8)

Combining the results in the previous section and this section, we have now shown how

to start with a fairness model (e.g., proportional fairness), convert it to a corresponding

utility function, then use the framework to generate a channel allocation rate adaptation

function. What remains is to use this rate adaptation algorithm to derive a contention

resolution mechanism.

2.4.2 A local mechanism for proportional fairness

Recall that our goal is to design contention resolution mechanisms within the com-

monly followed guidelines of multiple access protocols. We thus have two instruments

available to us: (a) persistence, and (b) backoff. Using these two instruments, we need

to achieve a channel allocation rate adaptation algorithm of ṙi = α− βpiri.

There are two important observations that we make about this adaptation equation.

First, the contention loss probability for each distinct contention region is very small
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because flows will adapt their channel allocation rate when they observe loss – the penalty

constant β can be tuned to make the throttling-upon-loss aggressive. Second, considering

a single clique in isolation, every contending flow must observe the same loss probability

for the derivation in the previous section to hold. Based on these observations, we obtain

two results:

• The first observation implies that the sum of the channel allocation rates in any

maximal clique will be close to 1. In other words, we can approximate the channel

allocation rate by a persistence probability, using which each flow decides whether

or not to contend for a slot.

• The second observation implies that all flows must have the same backoff bound for

fair contention loss distribution in a clique.

In concert, these two results naturally define a contention resolution algorithm wherein

a flow contends for a channel with a persistence probability that adapts according to the

equation in Proposition 2.1, and a contending flow defers for a random time bounded by a

system-wide backoff counter before commencing transmission. Of course, this contention

resolution algorithm coexists with standard collision avoidance algorithms which preclude

contention if the carrier is busy or if some other flow in the contention region has already

acquired the channel.

An interesting feature of this algorithm is that it moves the burden of contention

adaptation away from the backoff mechanism and into the persistence mechanism. This

feature enables weighted versions of the contention resolution mechanisms to better ap-

proximate the ideal model, because weighted persistence is easier to achieve than weighted

backoff. Of course, the fact that persistence is highly adaptive to loss implies that in

any contention region, there are very few flows (expected value of 1) contending for the

channel at any time, and hence a fixed backoff algorithm is both efficient and robust.
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contend and acquire slot()
1 for each slot
2 State ← NO CONTEND;
3 if uniform( 0, 1 ) ≤ xi

4 State ← CONTEND;
5 Bi = uniform( 0, B );
6 wait ( Bi );
7 if carrier sense( ) == FREE
8 acquire channel( );
9 if acquire status( ) == COLLISION
10 xi ← xi ( 1− β );
11 else State ← ACQUIRE;
12 else
13 xi ← xi ( 1− β );
14 xi ← xi + α;

Figure 2.10 Pseudo code for the PFCR algorithm.

2.4.2.1 Protocol details

There are three states in which a flow can exist:

(a) NO CONTEND, (b) CONTEND and (c) ACQUIRE. At the beginning of each slot, all

flows are in the NO CONTEND state. There are two steps involved acquiring a channel

for a particular slot: (a) a flow decides to contend for a slot (NO CONTEND → CON-

TEND), and (b) if it decides to contend, it tries to acquire the channel (CONTEND →
ACQUIRE). The pseudo code and the state transition diagram for the PFCR algorithm

are illustrated in Figures 2.10 and 2.11.

Each flow has a transmission probability xi. When a flow has a packet to transmit and

does not sense a carrier, it moves from the NO CONTEND to the CONTEND state with

a probability of xi (Lines 2-4). Each contending host chooses a wait time of Bi, where Bi

is uniformly distributed in the interval [0, B]. B is a system-wide backoff counter. After

the waiting time, the flow senses the carrier. If the channel is free, then the flow tries to

acquire the channel (Lines 6-8). If either the channel is busy or if there is collision, the
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Figure 2.11 State transition diagram for the PFCR algorithm.

flow declares the slot as lost (Lines 9, 10, 12) and reduces its transmission probability by

βxi (Lines 10, 13). Note that the notion of contention loss subsumes collisions in that

a contending flow also declares a loss if it did not win the contention round (e.g., if it

perceives a busy carrier at the end of the waiting period). This is consistent with the

derivation in the analytical framework in Section 4. If the flow successfully acquires the

channel, it moves from the CONTEND state to the ACQUIRE state (Line 11). At the

end of the transmission slot, all flows that have packets to send increase their transmission

probability by α (Line 14). Since a flow experiences a contention loss with probability

pi, the expected change in the channel allocation rate is α− βpixi. This exactly reflects

the adaptation algorithm in Proposition 2.1.

The algorithm described above is executed independently for each flow and thus is

fully decentralized. Flows do not need to have any knowledge of the topology of the

network, and adaptation to the dynamics of the flows, channel conditions and topology

occurs implicitly (via increased or decreased contention loss feedback). Most impor-

tantly, the contention resolution algorithm is derived naturally from the framework, and

is very general. For any given concave and differentiable utility function, the contention

resolution algorithm that achieves the corresponding fairness property is automatically

generated.
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2.4.2.2 Practical considerations

While the analytical framework guarantees stability and fairness in a probabilistic

sense, a number of practical issues need to be addressed in order to make the con-

tention resolution algorithm robust, efficient, and closely approximate the expected fair-

ness model. The most important of these is the selection of the α and β parameters.

In order to approximate the ideal fairness model perfectly, β → 1 because a large

penalty constant ensures that the sum of the transmission probabilities in a distinct

contention region never exceeds 1. This has two effects. First, setting a large β value

causes large oscillations in short-term fairness due to large fluctuations in the persistence.

Second, since the transmission probabilities must never exceed 1, α must be small. How-

ever, this reduces efficiency under low loads. Fundamentally, there is a trade-off between

achieving higher efficiency (α ↑, β ↓) and achieving better approximations to the ideal

fairness objective (α ↓, β ↑). In our simulations, we set α = 0.1, β = 0.5, and B = 32.

2.5 Performance of the PFCR Algorithm

In this section, we present simulation results to compare the fairness characteristics

of the PFCR algorithm, with some existing medium access protocols that were dis-

cussed earlier in Section 2.1. In particular, we have chosen three protocols with different

contention resolution schemes: IEEE 802.11 [11], MACAW [9] and CB-Fair [13], for

comparison. IEEE 802.11 uses binary exponential backoff with backoff reset for each

new packet. MACAW uses contention measurement at the sender and the receiver with

multiplicative increase and linear decrease, as well as backoff copy. CB-Fair [13] uses

multiplicative increase and multiplicative decrease for backoff with copying, and adjusts

its persistence based on the characteristics of the second neighborhood of the sender. To

show the contention among various flows better, we have chosen to illustrate the topology

using the flow-contention graph G′ and the resource contention graph G′′ for each of the

simulation scenarios. For each flow, we present the throughput obtained under different

protocols and evaluate the throughput against the ideal proportionally fair rate allocation
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for that topology. At the outset, we recognize that proportional fairness is the appro-

priate benchmark objective only for PFCR. However, none of the other approaches has

a well-defined fairness objective, and they do not match any of the well-known fairness

objective functions such as max-min, proportional, or min-potential delay fairness.
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1

2

5

4

C5C2
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C1 C6

C4

Figure 2.12 Flow contention graph G′ for Example 1.

2.5.1 Example 1

We first look at a very simple ring topology, as in Figure 2.12. All flows have the

same number of contending flows. We present the throughput results for each protocol

in Table 2.1 along with the ideal throughput expected under a proportional fair system.

We also show the relative performance of the various protocols with respect to the pro-

portionally fair throughput in Figure 2.13. For this scenario, binary exponential backoff

performs worse than the other protocols, although all protocols obtain within 98% of the

desired throughput.

Table 2.1 Example 1: Total number of packets transmitted
FlowID 802.11 MACAW CB-Fair PFCR IDEAL

1 22 253 22 550 22 550 22 501 22 460

4 23 009 22 491 22 334 22 525 22 460
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Figure 2.13 Example 1 - Relative throughput of various algorithms compared to pro-
portional fair allocation.

Table 2.2 Example 2: Total number of packets transmitted
FlowID 802.11 MACAW CB-Fair PFCR IDEAL

5 7 645 7 834 9 076 7 865 7 633

6 4 825 2 683 10 322 5 357 5 724

7 23 543 23 979 15 433 22 900 22 898

2.5.2 Example 2

In Example 2, we consider two flow cliques, shown in Figures 2.14 and 2.15. One clique

has a small number of flows, and the second clique has a large number of flows. The

throughput and relative performance are shown in Table 2.2 and Figure 2.16 respectively.

The throughput results show us something very interesting. Flow 6 is part of two cliques,

and as a result, it has to win in both the cliques to transmit. In such cases, binary

exponential backoff and contention measurement mechanisms cause short-term unfairness

as a result of asymmetric contention. Flow 6 receives a rate that is 16% less than the

proportional fair share under IEEE 802.11; it receives 54% less than the ideal under

MACAW. The bandwidth lost by Flow 6 is used by the other flows in both the cliques,
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Figure 2.14 Flow contention graph G′ for Example 2.
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Figure 2.15 Contention clique graph G′′ for Example 2.

which obtain above-the-ideal bandwidth. In the case of CB-Fair, however, Flow 6 has

the highest degree among all flows, and hence, it receives more than ideal throughput,

while other flows receive lesser throughput. However, the PFCR algorithm is able to

match the proportionally fair allocation for every node, in particular, the rate for Flow 6

is within 6% of the ideal throughput.

2.5.3 Example 3

In this example, we illustrate the case when there are many flow-cliques in the net-

work and one flow is part of all the cliques, as in Figure 2.17. Figure 2.18 shows that

Flow 0 belongs to all the cliques while all other flows are just part of a single clique. The
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Figure 2.16 Example 2 - Relative throughput of various algorithms compared to pro-
portional fair allocation.

Table 2.3 Example 3: Total number of packets transmitted
FlowID 802.11 MACAW CB-Fair PFCR IDEAL

0 3 571 1 424 27 830 5 764 5 931

4 24 091 24 271 20 298 23 613 23 724

results are presented in Table 2.3 and Figure 2.19. As in the previous case, the PFCR

algorithm does not exhibit any short-term unfairness and follows the ideal proportional

fair allocation for all flows, especially for Flow 0, which belongs to all the cliques. How-

ever, 802.11 gives Flow 0 a rate that is 60% of the proportional fair share and MACAW

gives a rate of 20% of the proportional fair share. CB-Fair, on the other hand, gives

Flow 0 five times the proportionally fair throughput, since its degree is far higher than

any of the other flows. Compared to this, the PFCR algorithm gives a rate that is just

3% less than the proportional fair share.
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Figure 2.17 Flow contention graph G′ for Example 3.

0 3 5 61 2 4 7 8 flows

cliquesC1 C2 C3 C4

Figure 2.18 Contention clique graph G′′ for Example 3.

2.5.4 Example 4

In this example, we will consider a scenario where all flows have identical degrees in

the flow-contention graph G′. In this scenario, the CB-Fair algorithm will try to give

nearly equal rates for every flow, whereas the proportional fair rate allocation depends

on the topology of the graph. Consider the flow-contention graph shown in Figure 2.20.

Flows 0, 4, 8, and 12 belong to two cliques, one of size 4 and the other of size 2. Flow 16 is

part of four cliques with two flows in each. All the other flows are part of a clique of size

Table 2.4 Example 4: Total number of packets transmitted
FlowID 802.11 MACAW CB-Fair PFCR IDEAL

0 6 208 8 406 11 784 10 686 11 973

1 14 454 14 171 13 934 13 934 12 970

16 42 449 37 351 28 763 28 763 38 910
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Figure 2.19 Example 3 - Relative throughput of various algorithms compared to pro-
portional fair allocation.

4. When we look at the throughput behavior of the various protocols, shown in Table 2.4

and Figure 2.21 for all the protocols, IEEE 802.11 and MACAW allocate bandwidth in

a very unfair manner. Flows that experience asymmetric contention suffer, while flows

that experience uniform levels of contention achieve better throughput. In IEEE 802.11,

Flows 0, 4, 8, and 12 receive only 1/2 of the ideal proportional fair share, while Flow

16 receives 9% more than its fair share. In MACAW, Flow 16 gets 4% less than its fair

share, while Flows 0, 4, 8, and 12 receive just 70% of their fair share. CB-Fair gives

a better bandwidth allocation to Flows 0, 4, 8, and 12 while penalizing Flow 16 which

gets only 50% of the ideal bandwidth, even though they all have the same degree. This

result occurs because flows 0, 4, 8 and 12 are in a region of high contention, and in CB-

Fair, higher contention flows win over flows experiencing lower contention. Note that the

proportional fairness model does not penalize asymmetric contention flows severely, and

the PFCR algorithm, which is modeled to achieve proportional fairness, closely follows

the ideal allocation of rates for all flows. Using PFCR, Flows 0, 4, 8, and 12 receive 91%

of their fair share, and Flow 16 gets just 1% more than its fair share.
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Figure 2.20 Flow contention graph G′ for Example 4.

Of course, as we pointed out in the previous section, the closeness to which PFCR

approximates proportional fairness is dependent on the α and β values chosen for the

simulations. While it is of course possible to tune these parameters according to each

simulation configuration to achieve best performance, we chose to set them a priori and

make them nonadaptive because, in practice, nodes do not have nonlocal state, and there

is no reliable way to achieve coordination of parameter adaptation among the nodes.

We found that the results typically did not change significantly for the range of values

α ∈ [0.01, 0.15] and β ∈ [0.3, 0.7]. We thus used α = 0.1 and β = 0.5 consistently for all

our simulations. In all our experiments, it turns out that PFCR approximates the ideal

proportional fairness objective quite well.

2.6 Summary and Future Work

State-of-the-art multiple access protocols for shared channel wireless networks often

lack a well-defined notion of fairness and provide somewhat ad hoc mechanisms for achiev-

ing fairness among contending flows. However, as shared channel wireless networks move

from the academic domain to the commercial domain, these environments must support
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Figure 2.21 Example 4 - Relative throughput of various algorithms compared to pro-
portional fair allocation.

network-level quality of service and service differentiation, which translates to MAC layer

weighted fairness. While there is a wealth of work on achieving fairness in wireline and

cellular networks, these approaches are inappropriate for shared wireless channels be-

cause of the unique location-dependent nature of contention in such networks. Given

the spatial distribution of contention, different systems may choose to enforce different

fairness models depending on their requirements, goals, and deployment scenarios.

Based on these requirements, we perceived the need to develop a general analyti-

cal framework in which to reason about fairness in shared channel wireless networks.

This chapter makes two fundamental contributions: (a) we propose perhaps the first

general framework in which a large class of fairness objectives (represented by concave

differentiable utility functions) can be modeled, and (b) we propose the first translation

mechanism for taking a fairness specification and automatically generating a correspond-

ing contention resolution algorithm. Together, these two techniques are very powerful

because they allow future wireless network designers to deploy different service differen-

tiation models as well as alter fairness/service models on the fly.
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We demonstrated the techniques in this thesis by starting with the proportional fair-

ness model, generating the corresponding utility function, and then plugging the deriva-

tive of this function into the generic channel allocation rate adaptation algorithm to

obtain a fully decentralized, purely local contention resolution algorithm. We showed via

simulation experiments that the automatically generated contention resolution algorithm

does in fact approximate the ideal fairness objective closely.
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CHAPTER 3

PARALLEL SCHEDULING PROBLEMS IN NEXT

GENERATION WIRELESS NETWORKS

In this chapter, we consider a class of scheduling problems in next generation multi-

rate cellular networks, and propose our solutions for the same. We present the commu-

nication channel model, and abstract our scheduling problem in Section 3.1. In Section

3.2, we present a theoretical study showing the structure and the complexity of these

problems. In Section 3.3, we present our main algorithmic results. In particular, in

Sections 3.3.1 and 3.3.2 we consider simple online algorithms for minimizing the maxi-

mum response time and present our augmented resource based analyses. In Section 3.3.3

we present preliminary algorithmic results for optimizing other per-request QoS metrics

such as average response times. In Section 3.4, we present our experimental results. We

conclude the chapter in Section 3.5.

3.1 Problem Formulation

3.1.1 Communication channel model

In wireless systems, channels have variable attenuation, depending on the geographic

location of the users. This is mainly due to multipath impairments and radio propagation

losses. Say the base station (BS) is communicating with n mobile users. The physical

channel attenuations of the users are denoted by ḡ1, ḡ2, · · · , ḡn, respectively; each ḡi is a

scalar factor which we call the physical gain. If the BS transmits power pi to a user i, the

signal-to-interference-plus-noise ratio (SINR) is given by SINR = ḡipi

σ2 , where σ2 is the

total noise power (including interference) [30]. SINR determines the rate of transmission
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of packets to the user1. In particular, the rate rbps(·) as a function of the SINR is a

concave logarithmic function [31]

rbps(x) = W̄ log2(1 +
x

Γ
), (3.1)

where rbps(·) is the rate in bits per second, W̄ is the spectral bandwidth used, and Γ is

dependent on the coding gain from the physical layer error-correcting code [31]. Both Γ

and W̄ are system parameters, which for our purposes will be constants. Therefore, for

a particular user, the service received over a period of time τ , obtained as a function of

the power pi allocated to the user on a single channel (code), is given by

ri(pi) = W̄ τ log2(1 +
ḡipi

σ2Γ
). (3.2)

The rate versus SINR curves for next-generation wireless systems closely approximate

the convex function described by this equation (see for example [15]). This rate function

already embodies the effect of variable rate error-correcting coding schemes in the physical

layer, as is typical in next generation wireless systems [14, 15, 31]. For example, Figure 3.1

shows the actual rates used in the Qualcomm HDR system against the analytical model.

Therefore, we will use this equation for rate calculations in our scheduling problems.

For notational convenience we will denote gi = ḡi

Γσ2 as the channel gain, and we will set

W = τW̄ yielding ri(pi) = W log2(1 + pigi).

3.1.2 Abstract scheduling problem

In this section, we abstract a parallel scheduling problem that arises in multirate,

multicode next generation wireless data systems such as the ones above. Our focus is on

downlink and non-real-time traffic (such as browsing, downloads, etc.). In the following

discussion, we will use the terms requests, jobs and users interchangeably.

1The SINR is an important parameter for two reasons. First, it determines the probability of error in
transmission of packets. Second, for a given error probability, we can transmit at higher rates dependent
on the SINR. For example, when we have a higher SINR, we can transmit at a higher information rate
for the same error probability [30].
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Figure 3.1 Qualcomm HDR rate structure.

The base station has a total power P to transmit. Time is assumed to be partitioned

into equal width windows called time slots2 (or frames), whose width is τ . We also

assume that there are a total of C codes which can be assigned to users in a time slot.

If user u makes a request i, then we say that the gain of request i is the same as the

gain of the user u, gi = gu. Requests arrive in the system over time at the beginning of

time slots. The size si (in bits) and the channel gain gi of the user who made the ith

request are known when the request arrives at time ai. The arrival time is also known as

release time. We will assume that the channel conditions of the users are constant over

the scheduling period. Although this is a simplification, it holds in significant cases; i.e.,

if the time scale of the scheduler is several seconds and if the users do not have very high

mobility, then the channel conditions will be static over this time scale [30]. additionally,

this already proves challenging. We address the more general problem of time-varying

user gains later in this chapter.

The scheduling problem is to determine an assigment of power and codes to each user

in each time slot. Hence, the scheduling problem is:

Inputs: Online job arrivals which specifies job size and time of arrival.

Outputs: The set Cu(t), the set of codes assigned to user u at time t, and p
(i)
u (t), the

power assigned to user u at time t to each code i ∈ Cu(t).

2We will use time and time slot interchangeably when no confusion arises.
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This assignment translates to effective rate per code as given by Equation (3.2). The

assignment must satisfy the following conditions:

• Discrete rate set: Only a discrete set of rates (equivalently, minimum power per

discrete rate) is allowed. These rates are denoted R(1), R(2), . . . and have the

property that R(i)
R(i−1)

≤ θ. When θ = 2, this relationship holds for existing next

generation wireless data system proposals like cdma2000, WCDMA, and HDR,

which has a rate set of {38.4, 76.8, 102.6, 153.6, 204.8, 307.2, 614.4, 921.6, 1228.8,

1843.2, 2457.6} kb/s. We also make a regularity assumption that the user gains

are such that the lowest discrete rate R(1) ≤ W log(1 + gP ), i.e., by allocating all

the resources to the user there exists a feasible discrete rate. In practice, error-

correcting codes can be used over a group of codes to increase the dynamic range

of user gains that fall into the feasible region.

• Request completion: All requests get the requested data size; that is, we need

su =
∑

t

Ru(t) =
∑

t

∑

i∈Cu(t)

ri(pi) (3.3)

where Cu(t) is the set of codes assigned to user u in time slot t, and ri(pi) is calculated

using (3.2) for the continuous or discrete cases as needed.

QoS metric Various QoS metrics could be optimized. We focus on one metric, namely

response time and our criterion is to minimize the maximum response time or max-flow

[32], where response time for request i is ci− ai, if request i is completed by time ci. We

remark that this metric is also sometimes called flow time in literature. Although our

focus is on minimizing maximum response time, we have also studied other metrics, such

as minimizing average response time and minimizing total weighted response time.

We assume requests may be served over several time slots with different sets of codes

at each time slot. In standard scheduling terminology [32], this corresponds to requests

being preempted (i.e., stop processing a request, process other requests, and resume the
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original request) or being migrated (i.e., assign sets of codes to a user that differ from

one time slot to another).3

Goal: To come up with a schedule that minimizes the maximum response time, given

an instance of jobs.

There are two basic variants of our problems: namely offline or online.

• Offline problem: All request arrivals are known ahead of time. The offline case

is of theoretical interest and is mainly useful to quantify the benefit to be accrued

from scheduling.

• Online problem: Requests arrive over time and the scheduling algorithms have

to take their decisions without knowledge of future requests. The performance of

the online algorithms are measured in comparison to the offline case.

3.1.3 Malleable task scheduling

The above scheduling problem has some similarities to scheduling malleable tasks on

parallel machines.

Given a set of n tasks and m identical machines we assume that every task j has a

processing specified by m positive integers, pj,1, . . . , pj,m: pj,q (1 ≤ q ≤ m) denotes the

processing time of task j when it is executed in parallel on q processors. The following

assumptions are normally done in the literature [33, 34, 35]: (i) the number of machines

assigned to any task j cannot change over time; (ii) pj,q is a nonincreasing function of the

number q of processors executing the tasks; and (iii) the total work wj,q = q · pj,q done

on malleable task j is a nondecreasing function of the number of processors executing j.

Note that the above formulation differs from the scheduling problem considered in

this dissertation. In fact, in our case, increasing the number of codes results in increasing

transmission efficiency, thereby decreasing total power consumed to schedule a request.

3A more detailed model may distinguish some codes to be more preferable than the others from one
time slot to another to insure intercell interference avoidance, but we do not consider such issues in this
dissertation.
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This is due to Equation (3.2) which shows the concavity of the rate function with respect

to power allocated.

Moreover, the main difference is that our wireless scheduling problem is in essence

a two-dimensional packing problem. In fact, in our scheduling problem the processing

time of a job depends on two variables (the number of codes and the assigned power

per slot), whereas in the malleable case the processing time only depends on the number

of processors assigned to the task. Also, we do allow the assignment to a request of a

different set of codes in different slots.

Finally, we observe that (a) for malleable scheduling the problem of optimizing

response-time-related metrics has not been addressed, and (b) attention has focused

on minimizing (weighted) completion time.

3.2 Understanding the Scheduling Problems

3.2.1 Some structural observations

Here, we state and prove some properties of the communication channel. They will

be invoked later in proving our main results.

Continuous power (rate) case First, we consider the case where the rates are not discrete

and are a monotonic function of power, as in Equation (3.2). Concavity of the rate with

respect to p in (3.2) implies that if we assign c ≥ 1 codes to a user u, then it is optimal

to divide the total power p allocated to that user equally among the codes assigned as

summarized below.

Lemma 3.1 (Equipartition of power) Given c codes and power p to a user, the rate

r is maximized for pi = p/c, i = 1, . . . , c.

Using Lemma 3.1 we can write the rate obtained by a user given c codes and p total

power as,

R(p, c) = Wc log(1 +
gp

c
). (3.4)
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Discrete Power (Rate) Case When we have a discrete rate set, the actual rate obtained

on each code is given by the highest discrete rate which is below W log(1+ gp
c
). Therefore,

the difference between the continuous rate and the discrete rate case, depends on the

discrete rate set available. Therefore, we can easily see the following fact.

Fact 3.1 If the discrete rate set {R(j)} is such that R(j)
R(j−1)

≤ θ then for any continuous

power allocation p there exists a discrete rate R(l) such that R(l) ≥ 1
θ
ri(p), where ri(p)

is given by (3.2).

3.2.2 Computational hardness

In order to understand the challenge of the problem further, let us consider the offline

complexity of the scheduling problems. If power (rate) values are required to be drawn

from a discrete set, the problem in its simplest instance is the bin packing problem

and hence it is NP-complete [36]. We focus on the more challenging case when code

is discrete, as usual, but the power (and hence rate) is allowed to take any continuous

value. In order to prove the hardness of this problem, we will consider the version of

the problem in which ith request has arrival (release) time ai, deadline di and size si in

bytes. Using this, we can state the following theorem.

Theorem 3.1 : If the number of codes assigned to each user is integral, then it is NP-

complete to compute a feasible schedule for the problem of meeting deadlines even if all

users have the same channel gain, a common release time, a common deadline and the

power assigned to each code is not restricted to a discrete set of values.

Proof: We reduce the NP-complete problem 3-partition defined as follows [36]:

Instance: A set A of 3m elements, a1, a2, . . . , a3m, a bound B and a size s(aj),

aj ∈ A, such that
∑3m

j=1 s(aj) = mB.

Question: Can A be partioned into m disjoint sets A1, A2, . . . , Am such that for

1 ≤ i ≤ m, Ai has three elements and
∑

aj∈Ai
s(aj) = B?

The reduction is as follows: given an instance I of 3-partition, we define an instance J
of the combinatorial problem of meeting deadlines with 3m users. The request of user j,
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1 ≤ j ≤ 3m, has size sj = s(aj); all requests are released at time 0 and have a common

deadline D = m. All users have the same channel gain g, and therefore, the power that

users need to get desired rates depends only on the number of codes they are assigned

and on the size of the request. Let pj denote the power assigned to user j if only one

code is assigned to j over all frames. We assume that there are three codes per frame

and that the maximum power of the base station is P where
∑3m

j=1 pj = mP .

We now show that there is an assignment of users to frames that meets the common

deadline D if and only if I has a feasible solution.

Assume that A1, A2, . . . , Am is a feasible solution of I. We define a solution of J as

follows: if element aj, j = 1, 2, . . . 3m, is assigned to set Ai then user j is assigned to

frame i with the minimum power that is needed to satisfy the user’s request in one code

in any one frame. It is easy to see that this is a feasible solution since
∑

aj∈Ai
s(aj) = B

implies that P is the total power required by users assigned to frame i.

Similarly, it is possible to show that given a feasible solution of J that satisfy all users’

request within m frames, it is possible to obtain a feasible solution of I. Namely, it is

sufficient to assign to set Ai, i = 1, 2, . . .m, the elements that correspond to users assigned

to frame i; since the total power assigned to frame i is P , it follows that
∑

aj∈Ai
s(aj) = B.

That completes the proof. �

The result above in fact shows the problem to be NP-complete in the strong sense

(see [36] for definition and significance). Although we have shown this hardness result

only for the deadlines problem, it is easy to see that this immediately gives the hardness

of the other scheduling problem we have, namely, minimizing the maximum response

times. Finally, notice that the result holds independently of how rates are affected by

the use of multiple codes, since the hardness is proved even for the restrictive case when

each request gets only one code over all time slots.

We can also show that this problem is hard to approximate. This is summarized in

the following theorem.

Theorem 3.2 For every c > 0, it is NP-hard to compute a c-approximation of the

maximum response time.
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Proof: We apply the gap technique for proving inapproximability results ([37]) showing

a reduction from three-dimensional matching to the problem of minimizing the maximum

response time in the discrete case.

An instance of three-dimensional matching is specified by a set of 3n rationals xi,

0 < xi < 1, i = 1, 2, . . . , 3n such that
∑3n

i=1 xi = n; the problem requires the partitioning

of the given numbers in n sets Fj, j = 1, 2, . . . , n, such that for each j, j = 1, 2, . . . , n,

|Fj| = 3 and
∑

∀xi∈Fj
xi = 1.

Given c and an instance I = {x1, x2, . . . , x3n} of three-dimensional matching we

define an instance I ′ of the scheduling problem of minimizing the max response time

and we show that if I has a solution then the max response time of I ′ is n; otherwise

the max response time of I ′ is bigger than cn. Therefore, by the gap technique, if there

exists a polynomial time algorithm for solving the problem of minimizing the maximum

response time within a factor c approximation of the optimum, then it is possile to solve

three-dimensional matching in polynomial time. Since three-dimensional matching is

NP-complete, the theorem follows.

Given c and I = {x1, x2, . . . , x3n} we define an instance of the scheduling problem

with (cn + 1)n(c + 3) jobs and we assume that each slot has total power equal to 10 and

that there are three codes per slot.

The jobs are released in cn+1 phases; in each phase n(c+3) jobs are released. Phase

k = 0, ...., cn is formed by two stages as follows:

• Stage 1: At time t = kn(c+1), 3n requests J1, J2, . . . , J3n arrive. For each k and i,

the gain function of request Ji is such that by assigning power greater or equal to

3+xi one code is sufficient to complete the job in a slot and 3+xi is the minimum

power requirement to process request Ji. Jobs released in Stage 1 of a phase are

called J-jobs in the following.

• Stage 2: At time t = kn(c + 1) + n + j, j = 0, 1, ..., nc− 1 a job Aj is released. For

each k and j, the gain function of this job is such that by assigning power ≥ 8, one

code is sufficient to complete it in a slot and 8 is the minimum power requirement
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to process the job. Jobs released in Stage 2 of a phase are called A-jobs in the

following.

The easy proof of the following fact is omitted.

Fact 3.2 All requests released in Stage 1 of a phase can be completed using n slots if

and only if I has a solution; otherwise there are at least n + 1 slots containing requests

released in Stage 1 of the phase.

We first prove that if istance I of three-dimensional matching has a solution, then

the maximum response time is equal to n. This follows since the 3n jobs released at time

kn(c + 1) can be scheduled in n slots and therefore completed by time kn(c + 1) + n.

Every job of Stage 2, released at time t = kn(c+1)+n+j, j = 0, 1, ..., nc−1, is scheduled

at time t itself.

We are left to prove that if istance I of the three-dimensional matching problem has

no solution, then the maximum response time is bigger than cn. This follows from the

following induction on the number of phases k:

Fact 3.3 Assume that instance I does not have a solution. For every k = 1, 2, .., cn, if

no J-job released in a phase j < k has response time bigger than ‘cn’, then k − 1 A-jobs

released in phases previous to k are not scheduled by time kn(c + 1).

Proof: We prove the claim by induction. For the basis of the induction, we prove the

claim for k = 1. If instance I has no solution, then, by Fact 3.2, at least one J-job is not

completed by slot n− 1. If the response time of this job is less than n(c + 1), then it is

scheduled in some time slot in [n, n(c+1)−1], and therefore, one A-job will be scheduled

after time n(c + 1). Assume the claim is true until phase k− 1. We therefore have k− 1

A-jobs released before time (k − 1)n(c + 1) not completed by time slot kn(c + 1). All

J-jobs released in Stage 1 of phase k are scheduled in at least n + 1 different slots before

time (k + 1)n(c + 1). Since a time slot cannot accomodate an A-job together with a

J-job, it then follows that at least k of the A-jobs released by time (k + 1)n(c + 1) will

be scheduled not earlier than (k + 1)n(c + 1). �
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We therefore have cn+1 A-jobs released by time (cn+1)n(c+1) scheduled after this

time. The max response time of one A-job is therefore at least cn + 1. �

This result shows that the parallel scheduling problem posed is computationally hard

to approximate as well. Therefore, in order to prove approximation results we require to

use the techniques of resource augmentation as done in Section 3.3.

3.2.3 Offline scheduling problem

We will now study the offline version i.e., when all arrival times are known apriori.

Using this, we will get lower bounds on optimum values of certain QoS metrics which

will be a benchmark to compare against online algorithms.

Deadlines scheduling problem We will focus on a particular variant of the problem,

namely, that of meeting of deadlines. Here, each request j has an arrival time aj as

well as a deadline dj. As before, for each request j, at time aj we know its size sj and

the channel gain gj The goal is to merely test feasibility, i.e., determine if there is a

valid schedule that meets all deadlines. This problem is the technical core of many other

scheduling problems.

We can write the solution to the deadlines scheduling problem as a combinatorial

optimization program as shown in Table 3.2.3.

Table 3.1 Offline scheduling programs

Time-Indexed Program (integral) Interval-Indexed Program (fractional)
maximize 1 maximize 1
subject to subject to

∑n
j=1 c(j, t) ≤ C ∀t

∑n
j=1 p(j, t) ≤ P, ∀t

∑n
j=1 c(j, k) ≤ C ∀k

∑n
j=1 p(j, k) ≤ P, ∀k

∑dj−1
t=aj

Wc(j, t) log
(

1 +
p(j,t)gj

c(j,t)

)

≥ sj, ∀j
∑dj−1

t=aj
Wτkc(j, k) log

(

1 +
p(j,k)gj

c(j,k)

)

≥ sj, ∀j
∑

t<aj ,t≥dj
c(j, t) = 0, ∀j

∑

k<a−1
j ,k>d−1

j
c(j, k) = 0, ∀j

∑

t<aj ,t≥dj
p(j, t) = 0, ∀j

∑

k<a−1
j ,k>d−1

j
p(j, k) = 0, ∀j

c(j, t), p(j, t) discrete values c(j, k), p(j, k) ≥ 0, ∀j, k
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Here, c(j, t) denotes the number of codes assigned to user j in time slot t and let

p(j, t) be the total power assigned to user j in time slot t over all the codes. This is

called the time-indexed program in the table.

It is easy to see the following result.

Lemma 3.2 The integral time-indexed program has a feasible solution if and only if

there exists a valid schedule for the deadlines problem in which all deadlines are met.

This is an NP-hard problem as proved earlier, since c() and p() take on only discrete

values. Hence, we relax the variables to be continuous and then show that the relaxed

problem is tractable.

Fractional time-indexed program We relax the integer program by allowing c(j, t) and

p(j, t) to be fractional.

Theorem 3.3 There exists a psuedo-polynomial time algorithm to solve the above prob-

lem.

Proof: We first need to show that the constraint set is convex. The Hessian H for

the rate function Ru(p, c) = Wc log(1 + gp
c
) is negative semidefinite, and therefore, the

function is concave in (p, c) (albeit not strictly concave) [38]. The other constraints are

linear and hence the program is convex. There exist polynomial time solutions for convex

programming problems that test feasibility [38]. For this program, the running time is

polynomial not in input size (n, log si, etc.) but rather is polynomial in the number of

variables which is bounded by the size of the numbers in the input (i.e., sj). �

Interval-indexed program Though we have relaxed the integer programming problem to

the pseudo-polynomial time algorithm, the problem size is still too big. In particular,

the number of variables is O(nT ) where n is the number of requests, and T is the total

length of the schedule that could be large depending on request sizes (ideally, we would

like to have the number of variables depend only on n, the number of requests). Next we
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consider decreasing the number of variables used in the convex program. We will define

a new program below called the interval-indexed convex program.

An event is either the arrival or the deadline of a request in the system. Consider

the sorted list of the events t1, . . . , tK. We divide the time scale into intervals where

an interval is the time period between any two consecutive events, that is interval Ik

contains [tk, tk+1). For n requests, the total number of intervals is at most 2n. We will

look for sliver solutions, that is, ones in which for each interval I, each user j gets power

p(j, t) and c(j, t) for t ∈ I that remains constant for all t ∈ I; that is, p(j, t1) = p(j, t2)

for t1, t2 ∈ I and likewise for c(). Let c(j, k) be the fractional number of codes and p(j, k)

be the fractional power assigned to job j in interval k per time slot. Let a−1
j denote the

interval at the beginning of which job j arrives in the system, and d−1
j be the interval at

the end of which its deadline lies.

The convex programming formulation for solving the scheduling problem with slivers

is given in Table 3.2.3.

Theorem 3.4 The time-indexed convex program has a feasible solution if and only if

the interval-indexed convex program has a feasible solution. It can be solved in time

polynomial in n, C using the convex program above.

Proof: We will show that if the time indexed convex program has a feasible solution,

so does the interval-indexed convex program; the other direction is trivial.

Let p(j, t) and c(j, t) be the power and code assignments, respectively, at time frame

t to user j in the time-indexed convex program. Therefore, these values satisfy all the

constraints of the time-indexed convex program. We now claim that p(j, k) =
�

t∈k p(j,t)

τk

and c(j, k) =
�

t∈k c(j,t)

τk
are feasible values in the interval-indexed convex program for

user j in interval k, for all users and intervals. That is, these values would satisfy the

constraints of the interval-indexed convex program. Clearly we can bound
∑

j p(j, k) as

∑

j

∑

t∈k p(j, t)

τk
=
∑

t∈k

∑

j p(j, t)

τk
≤
∑

t∈k

P

τk
≤ P.
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So the power constraint is satisfied; similarly, the code constraint is satisfied too. We

have

1

τk

∑

t∈k

c(j, t) log(1 +
gjp(j, t)

c(j, t)
) ≤ c(j, k) log(1 +

gjp(j, k)

c(j, k)
)

due to Jensen’s inequality for multidimensional functions which states that � [f(X)] ≤
f( � [X]) for a concave function f(·) [39]. Therefore, the demand constraint is satisfied

which completes the proof. �

The result above exposes an interesting structural property of the interval indexed

convex program; i.e., the structure that sliver assignment of power and code to requests

is optimal in the fractional case.

Using the deadlines scheduling problem: Using the deadlines scheduling problem, other

scheduling problems can be solved near optimally. For minimizing the maximum response

time (max-flow), we would start by guessing a target response time F , and checking if

there is a schedule in which the maximum response time for any request is at most F .

This can be reformulated as the deadlines scheduling problem, because in order for a job

i to have response time at most F , it must have deadline ai + F , which is the bound on

the completion time and, therefore, is a deadline. Now our deadline scheduling problem

can be used to check the feasibility of target F . If the target cannot be met, we choose a

larger value of F and continue. Otherwise, we decrease the estimate F and continue. An

efficient solution is to perform a binary search with the target response time value. That

gives an efficient (polynomial time) algorithm to optimize the maximum response time.

We will call this algorithm OPTfrac, because it assigns fractional values of codes using

the convex program described earlier. Indeed, the same approach works for optimizing

quality of service criteria such as maxi f(ci−ai) for any monotonic increasing function f .

3.3 Online Heuristics

In this section we present our main algorithmic results, namely, a set of online algo-

rithms for optimizing the metrics of our interest. Recall that, at any instant, an online
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algorithm has to take all its scheduling decisions without any assumption on the requests

that will be presented in the future. We measure the performance of an online algorithm

using the ratio of the value of the objective function (here, max response time) achieved

by the online algorithm and the optimal value, which can be computed offline.

In our analysis we also use resource augmentation [40]. That is, we compare the

optimum (i.e., the solution found by adversary) with the value of the solution found by

the online algorithm when it is provided with more resources than an adversary who can

serve it optimally. Formally, we say that algorithm A for our scheduling problem is an

(α, β, γ, δ) approximation if it provides a β approximation of the optimum when the sizes

of user requests are scaled down by a factor α and the number of codes (the power) used

by the algorithm is at most γ (δ, respectively) times the number of codes (the power,

respectively) used by the optimum solution to serve the original input sequence.

Before proceeding with our results we provide a general rule that, an (α, β, γ, δ)

approximation algorithm A, provides a (1, β, αγ, αδ) approximation algorithm A′. Al-

gorithm A′ is as follows: first apply A to the given instance and let S be the obtained

solution that allocates power and codes to users. For each slot x ∈ S, A′ uses α copies

of x and allocates these slots in the same way as x. Clearly, the set of new slots allows

to answer α times the demand satisfied by x. Notice that A′ uses α times more codes

and total power than A. This implies that all results stated for algorithms working on

requests of reduced size can be transformed into results for algorithms working on the

original instance of the problem at the expense of some extra codes and power allocated

by the system. Therefore, we will not be concerned with directly forcing α to be 1 in our

algorithms and their analysis, since no generality is lost in the process.

3.3.1 Minimizing the maximum response time

It is well known in processor scheduling literature [32] that the online algorithm

earliest release time (ERT) or first in first out (FIFO) is optimal for minimizing the

maximum response time. Therefore, it is natural to ask how FIFO would perform in

our case. The simple FIFO strategy in our case allocates all the codes and power to one
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user at a time till the user completes the job. Using the “equipartition of power” lemma

(Lemma 3.1), this translates into giving the user a power per code of P/C in consecutive

time slots that the user completely occupies. Therefore, we study the online scheme

where each user is given a power P/C per code and is served by a FIFO scheduling

discipline. We call this scheduling discipline FIFOcont(
P
C

). We compare this algorithm

against an optimal algorithm OPTcont, that gives a continuous rate/power allocation on

an integral number of codes. We first we show a negative result which demonstrates that

the FIFOcont(
P
C

) strategy could be arbitrarily worse than the optimal strategy.

Theorem 3.5 If the maximum response time of the scheduling discipline FIFOcont(
P
C
),

on an instance I of continuous job arrivals, is denoted by f FIFOcont(I) and the optimal

discipline has a maximum response time of fOPTcont(I), then

max
I

(

fFIFOcont(I)/f OPTcont (I)
)

> M, ∀M.

Proof: The maximum power and codes available in a slot are P and C, respectively.

Let C − 1 jobs arrive in a batch every time slot such that they need P+δ
C

power each

and one code to complete and such that 0 < δ ≤ P
C−1

, which implies that the jobs can

be scheduled in one time slot. Such a sequence would be scheduled in two time slots by

FIFOcont(
P
C

), since it assigns two codes for each job, and therefore would need 2C − 2

codes for every C − 1 jobs. Hence, the job batch that arrives at the Mth time slot is

scheduled in the same time slot by the optimum and therefore has a response time of 1,

whereas the online FIFOcont(
P
C
) serves this job set only after 2(M − 1) time slots have

elapsed. Hence, this job set has a response time 2+2(M − 1)−M = M , for any M . �

In spite of the negative results above, we can show that FIFOcont(
P
C

) can achieve the

optimum if every request is reduced to 50% of its original size. To do this we need the

following lemma.

Lemma 3.3 Let the optimal discipline on an online job arrival instance I give a power

assignment pOPTcont

j (I) and code assignment kOPTcont

j (I) to the jth job. Let us denote by

I ′ the instance where each job size sj in instance I is reduced to sj/2, and denote by
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kj(I ′) the code assignment to job j by the scheduling discipline FIFOcont(
P
C
) applied to

I ′. Then

kj(I ′)
C

≤ max

{

pOPTcont

j (I)
P

,
kOPTcont

j (I)
C

}

. (3.5)

Proof: For each job j of size sj on the original instance I, let the pair pGS
j , kGS

j be

such that

(

pGS
j , kGS

j

)

= argmin
(pc

j ,kc
j ):sj≤Wkc

j log(1+
gj p

c
j

kc
j

)

[

pc
j

P
+

k c
j

C

]

, (3.6)

where pGS
j , kGS

j are the total power and codes assigned to user j. This solution allocates

a power per code ps
j = pGS

j /kGS
j to the jth job/user. We now show that allocating power

P/C per code is not much worse in terms of this criterion. For each code that uses power

ps
j we allocate rs

j =
⌈

ps
j

P/C

⌉

codes with power P
C

in each code. Since rs
j ≥

ps
j

P/C
,

sj

(a)

≤ W log(1 + ps
jgj) ≤ W log

(

1 + rs
j

P

C
gj

)

(3.7)

≤ Wrs
j log

(

1 +
P

C
gj

)

,

where (a) is due to (3.6). Hence, by using this allocation the demand sj of each user j

is satisfied. As a result we can give kalloc
j

def
= kGS

j d
pGS

j /kGS
j

P/C
e codes of power P

C
and still

complete the job. Therefore, for the P/C allocation, if we use kalloc
j codes for the job j,

we obtain,

kalloc
j

C
=

kGS
j

C

⌈

pGS
j /kGS

j

P/C

⌉

≤
(

pGS
j

P
+

kGS
j

C

)

. (3.8)

But we have palloc
j = kalloc

j P/C, and hence,

1

2

(

palloc
j

P
+

kalloc
j

C

)

=
kalloc

j

C
≤
(

pGS
j

P
+

kGS
j

C

)

. (3.9)

We now relate this to the optimal solution on the instance I. Let us denote by pj(I)
and kj(I), respectively, the total power and the number of codes allocated by the P/C

allocation when applied to the instance I. Therefore,

61



kj(I ′)
C

≤ 1

2

kj(I)
C

(3.10)

≤ 1

2

(

pGS
j (I)
P

+
kGS

j (I)
C

)

≤ 1

2

(

pOPTcont

j (I)
P

+
kOPTcont

j (I)
C

)

≤ max

{

pOPTcont

j (I)
P

,
kOPTcont

j (I)
C

}

�

The optimal assignment need not necessarily assign equal power per code across time

slots it schedules the jth user. However, due to the joint concavity of the rate in terms of

power and code assignment (see proof of Theorem 3.3), the rate for a given user can only

increase by giving equal power assignment per code across time slots, provided the power

constraint is satisfied. Therefore, the optimal solution has a tighter constraint than the

minimization in (3.6), and hence, the third inequality in (3.10) is satisfied.

The algorithm schedules the jobs in order of release time, assigning a number of codes

kred
j with power allocation P/C until 50% of the original demand is met. Its operation

can be summarized as follows:

1. When a request j is presented, find the number of codes kred
j needed to complete

demand sr
j reduced by 50% with P

C
power per code.

2. When a job is completed select the pending user request, if any, with earliest release

time aj.

Theorem 3.6 Let the optimal discipline on an online job arrival instance I have a

maximum response time of fOPTcont(I). Let us denote by I ′ the instance where each job

size si in instance I is reduced to si/2, and denote the maximum response time of the

scheduling discipline FIFOcont(
P
C
) applied to I ′ by fFIFOcont(I ′). Then

fFIFOcont(I ′) ≤ f OPTcont (I) + 2 , ∀I. (3.11)
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Proof: Consider the request r achieving the maximum response time for the scheduling

discipline FIFOcont(
P
C

) applied to instance I ′. Without loss of generality, we assume

that request r is the last request presented to the algorithm. Request r has been released

in slot tr and completed in slot Cr(I ′) in the algorithm’s solution. Denote by t (the

renewal time) the last slot in which all requests that have been presented before time

t have been completed by slot t. We can restrict our attention to the subset of user

requests, denoted by J ′ = {j ∈ J |aj ≥ t}, that have been presented at or after slot

t, since these are the only requests that contribute to the response time of request r.

The completion time for request r using the FIFOcont(
P
C

) discipline on instance I ′ is at

most Cr(I ′) ≤ t +
⌈ �

j kj (I
′)

C

⌉

, where kj(I ′) is the number of codes required to complete

job j on instance I ′. Denote by s the user request completed last in the solution of the

optimum on instance I. Request s has been released at some time ts ≤ tr, and therefore,

COPTcont
s (I)− ts ≥ t − ts + Ψ, where

Ψ = max

{⌈

∑

j pOPTcont

j (I)
P

⌉

,

⌈

∑

j kOPTcont

j (I)
C

⌉}

.

Now, we have

fFIFOcont(I ′) = Cr(I ′)− tr (3.12)

≤ t− tr +

⌈

∑

j kj(I ′)
C

⌉

(a)

≤ t− ts + Ψ

≤ COPTcont

s (I)− ts + 2 ≤ f OPTcont (I) + 2 ,

where (a) follows from Lemma 3.3 giving us the result.

�

This result shows that by reducing the demand, we can prove a positive result on

FIFOcont(
P
C

). Thus, FIFOcont(
P
C

) is a (1/2, 1, 1, 1) approximation algorithm of OPTcont.

In terms of augmentating power and codes, this translates to a (1, 1, 2, 2) approximation

algorithm of OPTcont. We can generalize this by allowing for varying levels of resource

augmentation to show another positive result on FIFOcont(
P
C
).

Theorem 3.7 Let the optimal discipline on an online job arrivals instance I have a

maximum response time of fOPTcont(I). Denote by fFIFO′
cont(I) the maximum response
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time of the scheduling discipline FIFOcont(
P′

C′ ) applied to I with power P ′ ≤ dκCe
(κ−1)C

P and

C ′ ≤ dκCe codes. Then

fFIFO′

cont(I) ≤ f OPTcont (I), ∀I. (3.13)

Proof: Let the optimal scheme on instance I allocate power pl
j(i) to user j, on the ith

code in time slot l. Let us assign rl
j(i) = d (κ−1)pl

j(i)

P/C
e codes with power P

(κ−1)C
per code.

Due to the power constraint we have for the lth time slot:
∑

j

∑C
i=1 pl

j(i) ≤ P. Using the

fact that (1 + x)a ≥ 1 + ax, a ≥ 0, and since rl
j(i) ≥

(κ−1)pl
j(i)

P/C
, we have

Wrl
j(i) log

(

1 +
P

(κ− 1)C
gj

)

≥ W log

(

1 + rl
j(i)

P

(κ− 1)C
gj

)

(3.14)

≥ W log(1 + pl
j(i)gj).

Thus, the rate achieved by rl
j(i) codes with power P

(κ−1)C
per code is greater than or equal

to the rate achieved by the optimal scheme with power pl
j(i). For every slot l, we can

now easily give an upper bound to the total amount of power number of codes needed

with this allocation:

∑

j

C
∑

i=1

rl
j(i) ≤

∑

j

C
∑

i=1

[

(κ− 1)pl
j(i)

P/C

]

+ C ≤ κC ≤ dκCe, (3.15)

where the second inequality is due to the power constraint. Therefore, there exists a P ′/C ′

allocation which achieves the same schedule as the optimal using power P ′ ≤ dκCe
(κ−1)C

P

and codes C ′ ≤ dκCe. The problem of scheduling jobs with P ′/C ′ power per code is like

a single processor scheduling problem [32], and FIFO is optimal for this problem with

respect to maximum response time, proving the result. �

For the rest of this dissertation, we will consider the case where κ = 2, resulting in

an allocation of power P/C per code for the FIFOcont(
P ′

C′ ) algorithm.

Corollary 3.1 Let the optimal discipline on an online job arrivals instance I have a

maximum response time of fOPTcont(I). Denote by fFIFO′
cont(I) the maximum response

time of the scheduling discipline FIFOcont(
P′

C′ ) applied to I with power P ′ ≤ 2P and

C ′ ≤ 2C codes. Then

fFIFO′

cont(I) ≤ f OPTcont (I), ∀I. (3.16)
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3.3.2 The discrete case

In this section, we show how to transform our algorithms for the continuous case into

algorithms for the discrete case. Our transformation preserves the approximation of the

algorithms in the continuous case at the expense of some extra codes and some extra

power allocated in each slot.

In the continuous case, we assign power P/C to every code, but this may correspond

to a non feasible transmission rate at the receiver for some specific user. To move from the

continuous to the discrete case, we need to round the power assignment to a value that

sustains one of the discrete transmission rates. For this allocation, we impose a further

regularity condition that the lowest discrete rate R(1) ≤ W log(1 + gP
C

); i.e., there is a

feasible discrete rate below this power allocation. Though this is perhaps a little more

stringent than required, it makes the analysis simpler. As before, this restriction can

be removed in practice by using error-correcting codes on a group of codes, so that the

combined rate is a feasible discrete rate.

We will implement a rounding scheme that allows us to turn a solution for the contin-

uous case into a solution for the discrete case. We perform two different kinds of rounding

of a power z assigned to a code:

1. Round up: If there exists a power z1 ∈ (z, mz] corresponding to a discrete rate,

then assign power z1 to the code. The value m is a system parameter, and is a

constant.

2. Round down: If there exists a power z2 ≤ z corresponding to a discrete rate, then

assign power z2 per code.

Then for each user we choose the rounding that gives the higher rate if the user were

given all the resources, i.e., all the power and codes. In the continuous rate allocation

scheme described in Subsection 3.3.1, all codes allocated to user j are assigned with

power x = P/C. Now, we show that the approximations shown for the continuous case

can be translated to the discrete rate by additional resource augmentation. The idea is
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to show that additional power and codes needed, for the rounding procedure above to be

as good as the continuous case, is bounded.

Theorem 3.8 Let the FIFOcont(
P
C
) discipline on online job arrival instance I have a

maximum response time of fFIFOcont(I). Let the scheduling discipline FIFOdisc(
P
C

) be

obtained by taking the discipline FIFOcont(
P
C
) and applying the above rounding proce-

dure. Denote by fFIFOdisc(I) the maximum response time of FIFOdisc(
P ′

C ′ ) applied to I,
where the power and number of codes per time slot have been augmented to P ′ and C ′

respectively. Then there exist P ′ ≤ max
(

mP, (2− 1
θ
)P
)

, C ′ ≤ 2C such that,

fFIFOdisc(I) ≤ f FIFOcont (I), ∀I. (3.17)

Proof: Let the continuous rate allocation scheme allocate a code i with power x(i),

where
∑

i x(i) ≤ P . Note that x(i) = P/C for the FIFOcont(
P
C

) algorithm. Let K1 (K2 )

denote the number of codes whose associated power was rounded up (respectively down)

in a particular time slot l. Clearly, |K1 |+|K2 | ≤ C . Let the power allocated on each code

i after rounding be denoted by prnd(i), and clearly prnd(i) ≤ mx(i), i ∈ K1 and prnd(i) ≤
x(i), i ∈ K2 . Recall that the discrete rates have the constraint R(j+1)

R(j)
≤ θ, and from Fact

3.1, we have the rounded-down rate on code i, Rrnd(i) ≥ 1
θ
r(i) = 1

θ
W log2(1 + x(i)g).

Now, suppose in each time slot, for every code i ∈ K2 we assign two codes, one with

power prnd(i) and the other with power pextra(i), where pextra(i) is just enough to give a

rate of r(i)−Rrnd(i). We have,

W log2(1 + pextra(i)g) ≤ (1− 1

θ
)r(i) = (1− 1

θ
)W log2(1 + x(i)g) (3.18)

⇒ 1 + pextra(i)g ≤ (1 + x(i)g)(1− 1
θ
)

< 1 + (1− 1

θ
)x(i)g, θ > 1,

⇒ pextra(i) < (1− 1

θ
)x(i)

⇒ prnd(i) + pextra(i) < (2− 1

θ
)x(i)

Also, for each code i ∈ K1 (whose power was rounded up) we assign one code. Clearly

such an allocation will meet the same demand as the continuous rate FIFOcont(
P
C

) sched-

ule. Hence the schedule is equivalent to the the continuous rate FIFOcont(
P
C
) schedule.
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Therefore the result (3.17) is obtained. The only question that remains is how much

resource augmentation was done to obtain this. In the new allocation we have used

P ′ =
∑

i∈K1

prnd(i)+
∑

i∈K2

(prnd(i)+ pextra(i)) total power and C ′ = |K1 |+ 2 |K2 | total codes.

But we have,

P ′ ≤ m
∑

i∈K1

x(i) + (2− 1

θ
)
∑

i∈K2

x(i)

≤ max(mP , (2 − 1

θ
)P)

C ′ = |K1 |+ 2 |K2 | ≤ 2C . (3.19)

Hence the new allocation uses at most a power P ′ ≤ max
(

mP, (2− 1
θ
)P
)

and a number

of codes C ′ ≤ 2C. �

We can also extend this result to the optimal algorithm with discrete rates, giving us

the following result.

Corollary 3.2 Let the optimal discipline (with continuous rate assignments) on a con-

tinuous job arrivals instance I have a maximum response time of fOPTcont(I). Denote

by fOPTdisc(I) the maximum response time of the optimal scheduling discipline OPT disc,

with discrete rate assignments, when applied to I with power P ′ ≤ 2P and C ′ ≤ 2C

codes. Then

fOPTdisc(I) ≤ f OPTcont (I), ∀I. (3.20)

Proof: Apply the same rounding as described for FIFOdisc algorithm to transform the

OPTcont solution to the OPTdisc solution. �

Combining the results of this section with the results of the previous section, we can

relate the FIFOdisc algorithm to the OPTcont algorithm in terms of resource augmenta-

tion needed.

Theorem 3.9 Let the optimal discipline on a continuous job arrivals instance I have

a maximum response time of fOPTcont(I). Denote by fFIFOdisc(I) the maximum re-

sponse time of the scheduling discipline FIFOdisc(
P ′

C ′ ) when applied to I with power
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P ′ ≤ max(m, (2− 1/θ)) dκCe
(κ−1)C

P and C ′ ≤ 2dκCe codes. Then

fFIFOdisc(I) ≤ f OPTcont (I), ∀I. (3.21)

The results for the various FIFO and OPT algorithms discussed in this section are

summarized in Figure 3.2. The results are shown in the form of (1, 1, γ, δ) resource aug-

mentation, i.e., γP power and δC codes required by an algorithm to meet the maximum

response time performance of the latter algorithm, for any given instance of jobs. Later

in this dissertation, we assume that m = θ = κ = 2 for evaluation purposes.

     2)  R(j+1)  <=    R(j),     > 1

OPTfrac

OPTdisc FIFO cont

FIFOdisc

OPTcont

1

θ

1

θ

Cκ

C(    − 1) Cκ

Cκ

integral codes, continuous rate

integral codes, discrete rate

integral codes

continuous rate
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discrete rate

fractional codes
continuous rate

max(m, (2 −     )),  2

(1, 1,                                       )max(m, (2 −     )),  2

γ δ γ(1, 1,    ,      ), ,δ > 1

(1, 1,                       ,              ) ,     κ  > 1(1, 1,                                       )

Discrete rounding :

           power  (x,  mx]

θ θ

     1) Look for higher rate within

Figure 3.2 Summary of analytical results.

3.3.3 Other QoS criteria

Although we focussed our attention on minimizing the maximum response time in

this dissertation, several of our ideas could be extended to other optimization criteria

such as minimizing weighted response time,
∑

i wi(c1 − ai), where arbitrary weights wi
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are specified for each request i. If wi ∝ 1/ti, where ti is the time it takes to service

the ith request when all codes and power are assigned to request i, the corresponding

metric, i.e., ci−ai

ti
, is known as stretch of job i. Stretch has been used in Web server

scheduling context for heterogeneous load [32, 41, 42]. While response time is skewed

towards large jobs (because jobs with large service times also tend to have large response

time), the relative response metric is independent of size, resulting in more fairness for all

job classes. Since data requests in the emerging data systems and applications would very

likely be heterogeneous, relative response is an attractive metric to investigate. Other

weight functions may also be useful, although the two above are most common. Here,

we will focus on minimizing average response time.

For average response time, we analyze the shortest remaining processing time (SRPT)

algorithm, which is an optimal algorithm for the scheduling problem of minimizing the

average response time on a single machine [43]. We will establish the worst-case per-

formance of SRPT when the demand of every user is reduced to 1
2(1+ε)

of the original

demand. In particular, we will show that under this condition SRPT achieves the opti-

mum average response time.

Theorem 3.10 Algorithm SRPT achieves the optimum average response time if every

user demand is reduced to 1
2(1+ε)

of the original demand.

Proof: Consider user j and denote by f red
j and by fOPTcont

j the number of frames used

by the algorithm working with reduced demands for user j and a lower bound on the

number of frames used by the optimum.

From (3.10) it follows

f red
j ≤

pr
j

P
+

kr
j

C
≤ max{

pOPTcont

j

P
,
kOPTcont

j

C
} ≤ fOPTcont

j .

We know that SRPT on allocation fOPTcont

j gives an optimal solution.

Consider the schedule produced by SRPT on fOPTcont

j and stop processing request j

when request j is allocated for f red
j frames. This new schedule has an average response

time certainly smaller than SRPT on fOPTcont

j . On the other hand, this schedule has an
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average response time that is certainly higher than the result of applying SRPT on f red
j

for which the theorem follows. �

The results obtained for minimizing maximum response times in the previous sub-

sections are applicable to SRPT too. If we denote the optimal average response time

algorithm with continuous rates and integral number of codes by OPTcont, then we can

replace FIFO by SRPT in Theorems 3.8 and 3.9 to obtain similar bounds on resource

augmentation.

3.4 Simulation Study

In this section, we experimentally study the performance of our online and offline

algorithms for minimizing maximum response time. The results presented in this section

are derived from real datasets from Web logs and from synthetic datasets designed to

explore certain features of the algorithms. In the rest of this section, we will use the

terms maximum response time and max-flow interchangeably.

3.4.1 Online algorithms

The FIFOcont(
P
C
) algorithm was described in Section 3.3. We call this algorithm

FIFO-continuous. Essentially, this algorithm allots P/C power to each code, and job

requests are then scheduled in the order of their arrival.

The rounding procedure for converting the continuous power (rate) algorithm to a

discrete power (rate) algorithm was described earlier in Section 3.3.2. Rounding the rates

results in a different power per code for each job than in the continuous case. As a result,

when codes are assigned to a job in a frame/slot, the packing may not be tight. In other

words, some power or codes or both might be unused in a slot. The goal of a discrete-rate

online algorithm is to minimize this potential waste of resources in order to reduce the

maximum response time.

With this goal in mind, we have developed three online discrete-rate algorithms, which

we call FIFO, 2D-FIFO, and 2D-PIKI. Given a job, the power per code corresponding
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to the discrete bit rate is the same for all of these algorithms. They differ only in the

way the jobs are selected for receiving service:

• FIFO: This is the traditional FIFO algorithm. The request i currently in the

system that has the earliest release time ai is always selected. No other job in the

system is scheduled until this job is completed.

• 2D-FIFO: The request i currently in the system that has the earliest release time

ai has higher priority over other job requests is selected. However, if this job i leaves

power/codes unused in that time slot, other jobs j in the system are considered in

the non-decreasing order of their release times aj.

• 2D-PIKI: The request i currently in the system that has the highest value of

power per code pi is selected. If this job leaves power/codes unused in that time

slot, other jobs j in the system are considered in the nonincreasing order of the

power per code pj. This scheme aims to achieve a better packing in each time slot,

in order to reduce the completion time.

Due to the discrete nature of the rate set, in certain slots the scheduler may have some

codes kextra and some power pextra that cannot be assigned to any job in the system, since

the power per code pi > pextra for all jobs i. In such a situation, the scheduler will choose

the first flow that received service in the slot and give it the best possible discrete rate

with the remaining power and codes. This is applicable to all the three algorithms

described above.

Note that the three discrete algorithms proposed here, no algorithm guarantees that

all the power and codes will be used in every slot. Therefore, we expect to see differences

between the FIFO-continuous algorithm and the three discrete-rate algorithms. In the

remainder of this section, we will quantify the differences through simulations.
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3.4.2 Simulation setup

In this section, we describe the parameters chosen for our simulations and the tools

and data sets used for the same.

3.4.2.1 Channel specifications

We adopt the channel specifications similar to 3G system proposals [15, 14] for our

channel model. We would like to emphasize that our algorithms are applicable to all

systems that support multiple channels and multiple rates. Such systems include the

various next-generation wireless data networks.

We perform experiments on a single cell and abstract the effect of out-of-cell interferers

into a decrease in SINR values. The peak power available at the base station was chosen

to be P = 40W , while the maximum number of channels was chosen as C = 16. The

power attenuation factor ḡu for user u is modeled with two components: (a) shadow loss

component S, which is a log-normal shadowing variable, and (b) path loss components

P = 1/dα, where d is the distance between the base station and the user and α is the

distance loss exponent. We chose α = 3, giving ḡu ∝ S/d3
u.

The parameters to be used for the rate calculation given in Equation (3.2) were chosen

as follows: slot length τ = 1.67 milliseconds, channel bandwidth W̄ = 76.8 kHz and the

coding gain Γ = 4.7 dB. We operated over an SINR range from −15 dB/Hz to 15 dB/Hz.

The discrete rate set used is a set of 15 rates: { 2.4, 4.8, 9.6, 19.2, 38.4, 76.8, 102.6,

153.6, 204.8, 307.2, 614.4, 921.6, 1228.8, 1843.2, 2457.6 } kb/s. Under these restrictions,

the maximum data rate for a mobile user in the cell will range from 10 kb/s to 2 Mb/s.

The parameters chosen for our simulations are representative of the 3G systems currently

under deployment.

3.4.2.2 Data sets and simulation tools

The traces used in the experiments are derived from a single Web-proxy server [44].

For comparing the online algorithms with the offline optimum, we used traces that consist
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of up to 100 jobs that arrive over a period of 1 min, where the small size of these traces

was primarily due to the computational restrictions on finding the optimal max-flow,

i.e. the optimal maximum response time. To evaluate the performance of various online

algorithms under heavy demand, we use traces consisting of 4000 jobs arriving over an

average period of 30 min, where the requests are generated by 100 users in the cell. In

all of the traces used, the minimum request size was 40 bytes, the maximum request

size was 500 kbytes, with mean request sizes ranging from 20 to 34 kbytes. The average

interarrival time of requests in the traces is 200-400 ms. We also generated some synthetic

workloads to explore specific aspects of our algorithms as needed.

3.4.2.3 Simulation tools

In order to compute the optimum max-flow in the offline case (i.e., the OPTfrac

solution), we used an optimization tool called LOQO [45], along with a front-end tool

named AMPL [46] developed at Bell Labs. LOQO is a program for solving smooth

optimization problems, and uses an infeasible primal-dual interior-point method applied

to a sequence of quadratic approximations to a given problem. AMPL is a popular tool

used as an interface description tool for many linear/nonlinear optimization programs.

Convex programming is a fairly expensive operation, and our experiments were often

limited by the program running out of memory for moderate amounts of variables (in

the order of several thousands). We used a dual Pentium III processor workstation with

1 GB RAM, for solving the convex problems. We used these runs only for benchmarking

purposes. Our online algorithms were evaluated using a custom-built simulator.

3.4.3 Experiments

We performed two kinds of experiments to evaluate our algorithms. The first set of

experiments validated our theoretical results and demonstrated some interesting prop-

erties of the online algorithms, while the second experiment was designed to measure

the average-case performance of our algorithms. In all these experiments, the optimum
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solution is the maximum response time obtained by the OPTfrac algorithm, which is

always better than the OPTcont and the OPTdisc solution.

3.4.3.1 Unbounded maximum response time

In Section 3.3, we claimed that FIFOcont(
P
C
) can have unbounded max-flow in certain

cases. In this example, we present such a scenario.

Consider a job i of size si = 130 bits with a maximum possible data rate of Rmax
i =

1.227 Mb/s. In order to complete this job, we need one code and power pi = 2.552 > P/C.

Hence, FIFOcont(
P
C

) will allocate ci = 2 and pi = 5 in the continuous case. When

rounded to the nearest discrete rate (76.8 kb/s), the discrete algorithm allocates ci = 2

and pi = 5.01.

Thus, if 15 such jobs arrive in every time slot, the optimal algorithm will serve all

the jobs within a time slot, while the continuous and discrete versions will need 30 codes

for every 15 jobs, and hence will use two time slots to serve them. As a result, the max-

flow becomes unbounded, as shown in Table 3.2 for the trace config1. In this example,

the results of the discrete-rate algorithms are identical, and hence, we elect to show the

results for 2D-FIFO only. We denote the optimal maximum response time by OPT.

Table 3.2 Unbounded nature of FIFOcont(P/C) - one slot OPT max-flow
Trace OPT Max-flow Time FIFO 2D-FIFO

(in slots) (cont.)
config1 1 10 2 2

500 14 14

We also present an example where the jobs are such that they cannot be completed

in one time slot, even if all the power and codes are assigned to them. This serves to

show that the unbounded nature of the online algorithms is not a special case.

Consider a job set as shown in the trace config2 in Table 3.3. Each job needs at least

two time slots for completion if it is the only job in the system. The jobs have been

selected such that in the discrete case, their pi/ki = 4.001, which ensures that 4 units of
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power and 7 codes are unused in each slot. Thus, the optimal max-flow for this trace is

28 slots, while the online algorithms produce higher max-flow. We can construct a trace

where this set of jobs arrive every 28 slots. Thus, the optimal max-flow will remain at 28

slots, while the max-flow for the online algorithms will grow unbounded. This is shown

in Table 3.4. All values are in terms of slots.

Table 3.3 Unbounded nature of FIFOcont(P/C) - large sizes
Trace Id Size Max data rate pi/ki

(in bits) (in kb/s) (discrete)
config2 1 400 24.091 4.001

2 650 48.376 4.001
3 650 97.524 4.001
4 650 198.095 4.001
5 1 200 408.048 4.001
6 2 000 860.529 4.001
7 35 000 9 000.895 4.001

Table 3.4 Unbounded nature of FIFOcont(P/C) - max-flow for large sizes
Trace OPT Max-flow Time FIFO 2D-FIFO

(in slots) (cont.)
config2 28 7 30 32

210 79 134

The above example serves to show that it is very difficult to produce deterministic

approximation algorithms for minimizing max-flow.

3.4.3.2 Online heuristics

In this section, we will evaluate the different online algorithms and compare their

performance against the offline optimal algorithm. We used small Web traces, with 100

jobs arriving over an average period of 1 min, for computing the convex programming

lower bound denoted by OPT, for max-flow. The job requests are for users who are
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Figure 3.3 On-line heuristics: Comparison with optimal max-flow.

distributed uniformly in the cell. We tested over 1 000 such traces, and present the

results for a randomly selected set of 100 traces in Figure 3.3. Since the discrete FIFO

algorithm performs always worse than the 2D-FIFO algorithm, we have omitted its results

in the figure for purposes of clarity.

It can be seen that the online algorithms perform very close to the optimal, on the

average. We also observed that 2D-FIFO performs the best among the three discrete-

rate algorithms and also that 2D-PIKI performs the worst. In addition, the discrete

algorithms always appear to perform worse than the continuous version.

We repeated the same experiment on much larger traces. We selected 36 Web traces

with 4000 jobs each, requested by 100 users, arriving over an average period of 40 min.

This data represents 24 hours of Web traffic, taken over different periods of time. Due

to the large size of the traces, we could not compute the optimal maximum response

time, and hence, we present only the results for the FIFO-continuous and the 2D-FIFO

and 2D-PIKI algorithms in Figure 3.4. The results also follow the earlier trend, with the

discrete algorithms performing close to the FIFO-continuous algorithm.

While these inferences continue to hold true in most instances, they are not always

true. Consider the set of jobs shown in Table 3.5. It is very similar to Table 3.3, except
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that there is an additional job: job 1. The trace config3 consists of this set of 8 jobs

arriving at the same time, every 35 slots, for 1040 time slots. The max-flow results for

this trace are presented in Table 3.6. There are some interesting observations to be made

from this example. The first observation is that 2D-PIKI performs as well as the optimal

algorithm, deviating from its usual poor behavior. Moreover, while one might expect the

discrete-rate algorithms to do worse than the continuous case algorithms in all cases, in

this particular example, the converse is true. Both 2D-FIFO and 2D-PIKI perform much

better than the FIFO-continuous algorithm.

Table 3.5 Online heuristics: config3
Trace Id Size Max data rate pi/ki

(in bits) (in kb/s) (discrete)
1 124 000 7 502.72 0.550 1

config3 2 400 24.091 4.001
3 650 48.376 4.001
4 650 97.524 4.001
5 650 198.095 4.001
6 1 200 408.048 4.001
7 2 000 860.529 4.001
8 35 000 9 000.895 4.001

Based on our experiments, the following observations can be made.
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Table 3.6 Online heuristics: max-flow

Trace OPT Max-flow Continuous Discrete
(in slots) FIFO FIFO 2D-FIFO 2D-PIKI

config3 35 637 2 595 69 35

• All three discrete algorithms perform very close to the FIFO-continuous algorithm,

which in turn performs near optimal solution OPTfrac, on the average. However,

this does not give any guarantees on the worst-case behavior, which can be un-

bounded. It is also important to note that the optimal maximum response time is

computed assuming that codes and powers can be assigned in infintesimally small

units, while the other algorithms use codes in integral units. We have not been

able to compute the optimal maximum response time for the integral channel/code

case due to the computational complexity of finding such a solution. However, we

believe that the optimum in the discrete case will differ significantly from the OPT

maximum response time. Hence, the performance of our discrete algorithms will

be much better when compared to the discrete optimum, on the average.

• FIFO will always perform worse than 2D-FIFO because the amount of code and

power wasted in every slot is greater in the FIFO algorithm. On the other hand,

2D-PIKI performs well only when there is a correct mix of jobs with high and low

pi/ci ratios. Its performance is therefore highly susceptible to user gains and the

pattern of requests.

In the rest of this section, we want to investigate the behavior of the algorithms

when they are provided with augmented resources. In particular, our goals are to ensure

that our theoretical bounds are obeyed and to measure the actual levels of resource

augmentation needed in the practical case. We ignore the discrete FIFO algorithm from

now on and focus on the other two discrete algorithms.
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3.4.3.3 Resource augmentation

In this set of experiments, we will examine the amount of resource augmentation

needed for a discrete-rate algorithm to achieve the same max-flow as FIFO-continuous

and compare it to theoretical bounds given in Theorems 3.8 and 3.9.

We performed our experiments on two sets of traces, as in Section 3.4.3.2. We used

several small traces with 100 jobs each, arriving over a period of 1 min. The scheduling

algorithms were provided with augmented power in steps {P , 1.25P , 1.5P , 1.75P , 2P ,

2.5P , 3P , 4P} and augmented number of codes in steps {C, 1.5C, 2C, 2.5C, 3P, 4P}. For

each combination of augmented power and codes, we measured the max-flow at 100% of

the demand. The demand was reduced in steps {si, 0.95si, 0.9si, 0.85si, 0.8si, 0.75si,

0.7si, 0.6si, 0.5si, 0.4si, 0.3si, 0.25si} until the max-flow for the reduced demand in the

discrete code case was lesser than or equal to the optimal max-flow (OPT). The results

are illustrated in Figures 3.5, 3.6, and 3.7
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Figure 3.5 Normalized maximum response time and demand reduction with resource
augmentation: FIFO continuous.

Each figure contains two graphs. The graph on the left-hand side shows the maximum

response time for a given algorithm normalized with respect to the optimal maximum

response time (OPT ), for a given combination of augmented resources. The worst-case

ratio observed over all of the traces is plotted in this graph. The graph on the right-

hand side of each figure represents the combinations of demand reduction and resource
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Figure 3.6 Normalized maximum response time and demand reduction with resource aug-
mentation: 2D-FIFO.
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Figure 3.7 Normalized maximum response time and demand reduction with resource aug-
mentation: 2D-PIKI.

augmentation that give the same value of the maximum response time time for the chosen

algorithm as the optimal maximum response time. Note that the optimal maximum

response time is found without augmenting power or codes.

The results bring out a very interesting fact:

• Code augmentation and power augmentation are not the same: The asymmetric na-

ture of the graphs tell us that over-provisioning codes is not very efficient compared

to over-provisioning of power.
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This is a very important result because power is more readily available than codes in

a wireless system. The number of channels/codes in a system depends on the coding and

modulation schemes and also has to be standardized. However, the peak power value is

limited only by interference constraints and, hence, is easier to augment than the number

of codes.

This interesting behavior turns out to be a result of the concave nature of SINR-rate

function in the system. Recall that the rates are a function of the SNR at the receiver,

and can be approximated by Equation 3.1. We let the gains and other parameters

be constants, and we vary the power and codes by multiplicative factors. For a given

augmentation factor x, we compute the rate when the power is augmented x times (rp(x)),

and the rate when code is augmented x times (rc(x)):

lim
x→∞

rp(x) = lim
x→∞

W log2(1 +
xP

C
g) → ∞ (3.22)

lim
x→∞

rc(x) = lim
x→∞

Wx log2(1 +
P

xC
g) = WPg

It is clear that the rate gain from code augmentation diminishes as the augmenta-

tion factor increases. The gain is substantial when there are fewer than four codes in

the system. However, the rates do not increase by a large factor for higher number of

codes. This explains the effectiveness of power augmentation over code augmentation. In

addition, code augmentation will help to improve the rate only if the current operating

point is at the flat region of the log curve, implying very high gain users who receive few

codes and a lot of power. Our algorithms avoid such an operating point since they try

to spread out the power among all the codes, resulting in a low operating point.

In Figures 3.8 and 3.9, we present the results of similar experiments with larger traces,

where we compared the results for the discretized algorithms against the FIFO-continuous

algorithm. These traces had 4000 jobs each, requested by 100 users, arriving over a period

of 30 min. The users requesting the jobs were uniformly distributed over the region

of the cell. The scheduling algorithms were provided with augmented power in steps

{P, 1.25P, 1.5P, 1.75P, 2P} and augmented number of codes in steps {C, 1.5C, 2C, 2.5C}.
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For each combination of augmented power and codes, we measured the max-flow at 100%

of the demand. The demand was reduced in steps {si, 0.95si, 0.9si, 0.85si, 0.8si, 0.75si,

0.7si, 0.6si} until the max-flow for the reduced demand in the discrete case was less than

or equal to the max-flow in the continuous case with power P and codes C at 100% of

the demand.
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Figure 3.8 Normalized maximum response time and demand reduction with resource aug-
mentation for large traces: 2D-FIFO.
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Figure 3.9 Normalized maximum response time and demand reduction with resource aug-
mentation for large traces: 2D-PIKI.

The results in Figures 3.8 and 3.9 are normalized compared with respect to the max-

imum response time for the FIFO-continuous algorithm without resource augmentation.

82



The figures reiterate the two conclusions that we inferred in the previous subsection.

• The average case is vastly better than the worst case. Our theoretical bounds in-

dicate that maximum response time in the discrete case will equal that of the

continuous case with P ′ ≤ 2P and C ′ ≤ 2C. From our experimental results, we see

that if power is augmented 1.5 times, then the max-flow in the discrete case equals

that of the continuous case with power P , without any need for code augmentation.

Thus, a system designed for meeting the QoS needs in the average case needs to

over-provision its resources by an amount much lesser than that implied by the

theoretical bounds.

• 2D-FIFO outperforms 2D-PIKI. 2D-PIKI is not able to obtain a right mix of jobs

with the correct packing ratios in a practical scenario. As a result, its performance

suffers when compared to 2D-FIFO.

We would like to state again that even though the discrete optimum was not measured

explicitly for these traces, we expect it to be quite close to the FIFO-continuous case, and

therefore the performance bounds of our algorithms will be much tighter when compared

to the discrete optimum.

In conclusion, our experimental results demonstrate that the discrete-rate algorithms

proposed in this section perform close to the optimal in the average case, even though

the performance ratio is theoretically unbounded in the unaugmented case. We also

show that resource augmentation, in particular, power augmentation, will enhance the

performance of discrete algorithms.

3.5 Discussion

In this chapter, we have formulated new scheduling problems related to multiple rate,

multiple code wireless networks. We focussed our attention on the maximum response

time criterion for packet scheduling. However, the formulation and approach can be

extended to other criteria such as (weighted) average flow. We proposed online algorithms
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that utilize the multicode, multirate feature of 3G/4G wireless networks by effectively

assigning power and codes to different users and jobs. We performed experimental results

to show that for several cases of practical interest the proposed algorithms perform much

better than our worst case analysis shows. Our analyses are valid in the presence of time-

varying gains, since we consider resource augmentation for the online algorithm within

a given time slot, where the user gains and other parameters are the same for both the

optimal solution and the online algorithm. In summary, we have proposed simple online

scheduling algorithms that effectively provide fine-grained QoS to the users by utilizing

the advanced features of 3G/4G wireless networks.
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CHAPTER 4

RELATED WORK

In this chapter, we present a discussion on prior literature related to the topics dis-

cussed in this dissertation. We first focus on the fairness and scheduling problem in

ad hoc networks, and later look at related work in the area of scheduling for cellular

networks.

4.1 Fairness and Scheduling in Ad Hoc Networks

Research on scheduling for ad hoc networks has been in progress for nearly two

decades, with initial studies on Aloha packet radio networks [47]. Many studies focused

on channel assignment problems in multihop wireless networks, where the channels could

be time slots, frequencies, or codes. In [48, 49, 50], TDMA scheduling of broadcasts is

considered, whereas in [51, 52, 53], TDMA link scheduling is investigated in detail. Many

problems in this domain are NP-complete [54], and hence, these solutions try to come up

with efficient approximation algorithms. The issue of distributed scheduling for channel

assignment is addressed in [48, 49, 55, 56]. The above work does not consider the impact

of mobility on scheduling, which has been addressed in later work [57, 58, 59, 60]. In

general, these schemes try to perform graph coloring on the nodes of a multihop radio

network, to obtain some minimum throughput and delay bounds. The key features of

our work that are distinct from the above are that we consider fairness at the level of

flows instead of individual hosts, and that we provide a way of achieving a wide range

of fairness functions in a packet radio network regardless of the topology. In [21, 22],

a distributed mechanism for achieving max-min fairness in an ad hoc network has been
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proposed. The proposed network model is very similar to ours, and they consider a static

network with one hop flows as in this dissertation.

In the case of nonstatic ad hoc networks, mobility impacts fairness greatly, since the

system of rates will not settle down to an equilibrium, thereby obscuring the meaning of

fairness. However, minimum throughput bounds can be obtained if the level of contention

is bounded. Hence, we have not considered mobility, whereas [57, 58, 59] have obtained

delay and minimum per-node throughput bounds in for a mobile network based on the

maximum degree of the nodes.

The capacity of wireless multihop networks determines the best achievable throughput

for flows in the system and thus impacts the performance of the scheduling algorithms.

In a fundamental work, [61] models the achievable capacity region of a multihop wireless

network and shows that average throughput for a node is Θ(1/
√

n log n). However, in

practice, per-node throughput goes down by a larger factor with the increasing number of

nodes, due to a large number of collisions and associated reservation mechanisms. In [62],

the authors try to address this issue by proposing a randomized protocol called SEEDEX

to avoid reserving the channel for every packet and silencing a two-hop neighborhood.

They have also described a scheme where a node can control the amount of throughput

that it can receive relative to the nodes in its two-hop neighborhood. However, the

structure of rates in the entire network is not defined, which is the key issue addressed

by this dissertation.

4.2 Scheduling in Next Generation Cellular Networks

There has been a significant amount of work on scheduling problems over cellular

networks. In this dissertation, we have studied the downlink scheduling problem. The

uplink scheduling problem is a complementary problem where the fundamental issues are

quite different. See [63] and references therein for more details.

Typically resource allocation problems study per-user rate throughput. The rate op-

timization problem has been extensively studied for various wireless system with focus
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varying from maximizing overall throughput to providing a minimum throughput guar-

antee for all users [18, 64, 65, 66, 67, 68]. A good discussion of related work about

throughput optimization and fairness in wireless data networks can found in [69, 70].

Job scheduling is very popular in the context of processor scheduling, and various

algorithms have been proposed for different QoS metrics such as completion time, max-

imum response time, and weighted response time [71]. In the parallel scheduling liter-

ature, there has been significant work on scheduling of malleable tasks, see for example

[33, 34, 35, 72, 73]. There are several differences between the scheduling problem posed

in this chapter with the malleable task case, and details are given Section 3.1.3. In a

nutshell, the difference primarily arises because the time required to process a request

depends on both the power and number of codes allocated (see Section 3.1.1). Message

scheduling in packet switched networks is a problem considered in [74], where the mes-

sages are jobs, and are served in units of packets. In this work, two algorithms that are

similar to shortest job first (SJF) and shortest remaining processing time first (SRPT)

are shown to provide better average response times than FIFO.

In wireless networks, job scheduling has been addressed in the context of downlink

broadcast scheduling [75, 76]. In [75], a dynamic priority function is proposed as the basis

of scheduling messages/jobs, where the priority of a job is dependent on the size of the job,

as well as its waiting time. This shortest message preempt (SMP) scheduling algorithm

results in a larger average delays than SRPT, but is shown to provide lesser average delays

for long messages than SRPT. The authors of [76] look at stretch metrics, i.e. delay per

byte transferred. They have proposed the highest density first (HDF) heuristic, which

is shown to be a 1+ε
ε

approximation of the optimal maximum stretch. In a recent work,

downlink unicast scheduling in multirate CDMA systems was studied [77]; this is close to

our work in spirit. However, they assume a linear rate model for the physical layer which

is not accurate. Also, they do not have any upper bound on the number of available

codes; hence, they study the problem of allocating power only. We have studied the

nuances of allocating both power and codes in this dissertation.
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In [78], a scheduling scheme is presented to provide rate guarantees to users in a

multi-rate cellular data network. This work has been generalized in [79] to maximize

the aggregate utilities of users for a wide class of functions where the utility functions

do not have to be concave. The network model is very similar to the one that we have

considered in this dissertation, with the rate dependent on the SNR of the user, and

power is allotted subject to the peak power constraint. However, the number of codes is

assumed to be unlimited in both these schemes, making them impractical. While their

approach can be further generalized to include finite codes, their solutions will no longer

be optimal. In this dissertation, we have considered a more practical problem where

the power and code are both constrained and, we have provided a thorough competitive

analysis of the online algorithms, in particular, using resource augmented analysis; this

is the first provable result known for any of the online scheduling problems, including the

ones in [77].

Rate fairness in multirate CDMA networks has also been studied in [80, 81]. In [80],

the throughput T (i) of a user i is compared against the requested rate R(i), and the user

with the highest value of R(i)/T (i) is served first. This scheme is shown in [81] to achieve

the proportional fair allocation [12] in the system. The algorithm does not depend on

the existence of multiple rates in the system, and is applicable to single rate systems as

well.

88



CHAPTER 5

CONCLUSIONS AND FUTURE RESEARCH

The growth of the Internet has extended to the wireless domain thereby enabling

truly nomadic computing. Wireless devices and applications are becoming increasingly

popular, and this is reflected by the widespread adoption of cellular phones, personal

digital assistants, and laptops in our society. To provide connectivity to these systems,

different kinds of networks are being devised. These can be categorized into two types:

(a) cellular networks and (b) ad hoc networks. These two kinds of networks are comple-

mentary, with the cellular networks enabling access to the Internet by means of a central

controller, and ad hoc networks linking various mobile devices in a distributed manner

through a multi-hop wireless network. For any technology to sustain its growth rates,

user satisfaction is paramount, and this is achieved by providing QoS assurances to users.

The unique characteristics of the wireless domain such as spatially and temporally vary-

ing channel conditions along with location dependent contention have made it a challenge

to enable the levels of QoS associated with wired networks. QoS mechanisms need basic

support at the MAC layer through packet scheduling schemes. Hence, we have focused

on the design of novel scheduling schemes for wireless data networks in this dissertation.

In ad hoc networks, each host has a different view of the network than its neighbors

or other nodes in the network. As a result, when a host tries to obtain its “fair” share

of the network bandwidth, the other hosts might think of it as unfair. A fundamental

notion of fairness is hard to achieve in such systems due to the problem of channel reuse

and location dependent contention. In this dissertation, we have proposed a framework

to capture the characteristics of the shared wireless channel and the contention levels

experienced by various flows in the network. Using this framework, a general scheme
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to apply different fairness models is described. An instantiation of this scheme for the

proportional fairness criterion is presented. Our work is the first in this area to identify

this problem, and we have presented an elegant solution for the same.

Cellular networks have greater control over assigning bandwidth than ad hoc net-

works. The next generation 3G/4G cellular networks are migrating towards higher band-

widths and novel coding/modulation schemes designed to increase spectral efficiency and

reuse of the wireless channel. In addition, users can receive on multiple channels and at

different rates that are dependent on the quality of their channel. This leads to inter-

esting resource allocation problems for optimizing various QoS metrics. It is possible to

apply existing algorithms for job scheduling and fair rate scheduling to these systems,

but due to the nonlinear nature of the resource allocation problem, such solutions will be

far from optimal. In this dissertation, we have considered one type of a job scheduling

problem, minimizing maximum response time. We have proved that it is not possible to

generate approximation algorithms with constant performance ratios in these systems.

Consequently, we have applied a new analysis technique called resource augmented anal-

ysis to design practical algorithms. Our analysis technique can be used to quantify the

amount of resource overprovisioning necessary for a system to satisfy certain QoS con-

straints. We show through simulations that our algorithms work very well in practical

instances and obey theoretical limits.

While our contributions in this dissertation are both novel and practical, the research

areas considered here are new and relatively unexplored. We present some directions for

future research below.

• Fairness for multihop flows in ad hoc networks: In this dissertation, we considered

only single-hop flows, and used purely MAC layer mechanisms to achieve fairness.

For multihop flows, throughput fairness has to involve end-to-end mechanisms such

as congestion control and rate adaptation on an end to end basis. Thus, any study

of fairness at this level has to incorporate the transport layer and the MAC layer,

along with the notion of channel capacity for the entire ad hoc network. This
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is a nontrivial problem, albeit one that is needed to improve the QoS for ad hoc

networks.

• Rate scheduling in next generation cellular networks: Most research on multirate

cellular systems has focused on improving the spectral efficiency. Paying users

eventually expect rate service guarantees from service providers. Therefore, it is

important to study rate scheduling in this context using a practical network model,

such as the one presented in this dissertation. It will also be of interest to investi-

gate job scheduling strategies for various QoS measures other than max-flow. The

analytical tools and models presented in this dissertation will prove useful in this

regard.
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