Dynamic Rate-Control and Scheduling Algorithms for
Quality-of-Service in Wireless Networks

by

Murtaza Abbasali Zafer

B.Tech., Electrical Engineering, Indian Institute of Technology, Madras
S.M., Electrical Engineering and Computer Science, MIT

Submitted to the Department of Electrical Engineering and Computer Science
in partial fulfillment of the requirements for the degree of

Doctor of Philosophy in Electrical Engineering and Computer Science
at the |
MASSACHUSETTS INSTITUTE OF TECHNOLOGY
September 2007
(© Massachusetts Institute of Technology 2007. All rights reserved.

Author........coooiiii T e
Department of Electrical Engineering and Computer Science
June 21, 2007

Eyta.n Modiano
Associate Professor
Thesis Supervisor

LOW/ s

........... .'..............!././.. ..........\/...........
Arthur C. Smith

Certified BY .+« o v v .-7.u ...... R

mﬁ Chairman, Department Committee on Graduate Students
OF TEGHNOLOGY )
oCT 1.2 2007 ARCHIVES
LIBRARIES







Dynamic Rate-Control and Scheduling Algorithms for Quality-of-Service
in Wireless Networks
by
Murtaza Abbasali Zafer

Submitted to the Department of Electrical Engineering and Computer Science
on June 21, 2007, in partial fulfillment of the
requirements for the degree of
Doctor of Philosophy in Electrical Engineering and Computer Science

Abstract

Rapid growth of the Internet and multimedia applications, combined with an increasingly
ubiquitous deployment of wireless systems, has created a huge demand for providing en-
hanced data services over wireless networks. Invariably, meeting the quality-of-service re-
quirements for such services translates into stricter packet-delay and throughput constraints
on communication. In addition, wireless systems have stringent limitations on resources
which necessitates that these must be utilized in the most efficient manner. In this the-
sis, we develop dynamic rate-control and scheduling algorithms to meet quality-of-service
requirements on data while making efficient utilization of resources. Ideas from Network
Calculus theory, Continuous-time Stochastic Optimal Control and Convex Optimization are
utilized to obtain a theoretical understanding of the problems considered, and to develop
various insights from the analysis.

We, first, address energy-efficient transmission of deadline-constrained data over wire-
less fading channels. In this setup, a transmitter with controllable transmission rate is
considered, and the objective is to obtain a rate-control policy for transmitting deadline-
constrained data with minimum total energy expenditure. Towards this end, a deterministic
model is first considered and the optimal policy is obtained graphically using a novel cu-
mulative curves methodology. We, then, consider stochastic channel fading and introduce
the canonical problem of transmitting B units of data by deadline T over a Markov fading
channel. This problem is referred to as the “BT-problem” and its optimal solution is ob-
tained using techniques from stochastic control theory. Among various extensions, specific
setups involving variable deadlines on the data packets, known arrivals and a Poisson arrival
process are considered. Using a graphical approach, transmission policies for these cases
are obtained through a natural extension of the results obtained earlier.

In the latter part of the thesis, a multi-user downlink model is considered which consists
of a single transmitter serving multiple mobile users. Here, the quality-of-service require-
ment is to provide guaranteed average throughput to a certain class of users, and the
objective is to obtain a multi-user scheduling policy that achieves this using the minimum
number of time-slots. Based on a geometric approach we obtain the optimal policy for a
general fading scenario, and, further specialize it to the case of symmetric Rayleigh fading
to obtain closed-form relationships among the various performance metrics.
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Chapter 1

Introduction

Communication technology has advanced rapidly over the last few decades, from point-
to-point telegraphic services to modern wired-telephone and computer networks, and now
expanding to wireless systems. While the earlier telephone systems were designed primarily
for voice communication, present day communication networks handle a large volume of data,
traffic which is expected to further grow exponentially, fuelled by the rapid growth of the
Internet and multimedia applications. Data services are expected to expand beyond email
and web-data transfers to more enhanced services such as video and real-time multimedia
streaming, delay-constrained file transfers and Voice-over-IP (VoIP) [1]. To deliver these
services there are various wireless data systems under development that include, for example,
1xEV-DO/HDR (3], 3G/4G and WiMAX systems. Applications involving delay constraints
also arise in other communication systems such as sensor and mobile ad-hoc networks. For
example, in real-time monitoring scenarios using sensor networks, the data collected by
the sensor devices must be transmitted back to a central processing node within a certain
fixed time-interval. Invariably, providing such enhanced Quality-of-Service (QoS) translates
into stricter delay and throughput requirements on communication, thus, introducing new

problems and challenges in addressing these concerns.

As compared to the wire-line networks, communication over wireless channels inher-
ently involves dealing with time-varying and stochastic channel conditions and scarcity of
resources. Time-varying channel conditions arise due to a variety of reasons, most common
being multi-path fading, shadowing and weather conditions in case of satellite communica-

tion [4,5]. Due to the time-varying nature of the channel gain and interference from other
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sources, the signal-to-noise power at the receiver fluctuates over time which translates into
a time-varying rate at which data can be reliably received for a certain bit-error probability.
In addition to the channel variability, wireless systems also have more stringent limitations
on resources such as battery energy, bandwidth etc., and therefore it necessitates that these
must be utilized in the most efficient manner.

In this thesis, we develop dynamic rate-control and scheduling algorithms to meet
quality-of-service requirements on data while making efficient utilization of resources. We
adopt a theoretical viewpoint and obtain optimal solutions under various setups, utiliz-
ing techniques from Network Calculus [50-53], Continuous-time Stochastic Control the-
ory [63-65] and Convez Optimization [66]. In Chapters 2, 3 and 4, we consider a point-to-
point wireless link model and treat various formulations in which the objective is to minimize
the total transmission energy expenditure when packets have strict deadline constraints. In
Chapter 5, we consider a wireless down-link model where there is a single transmitter serv-
ing multiple mobile users and the objective is to obtain a multi-user scheduling policy that
minimizes the total time-slot utilization while providing throughput-rate guarantees.

For the remainder of this chapter, we delve into a more detailed overview of the prob-
lems addressed in the thesis, outline the related work in the literature and describe our

contributions. Finally, we conclude the chapter with an outline of the thesis.

1.1 Deadline-Constrained Energy-Efficient Rate Control

1.1.1 Problem Overview

Energy consumption is an important concern in wireless system design [2,8-13,21, 22, 26—
28,41,48] and minimizing the total energy expenditure has numerous advantages in terms
of efficient battery utilization for mobile devices, increased lifetime of sensor devices and
mobile ad-hoc networks, and better utilization of limited energy sources in satellites. Since
in most scenarios the energy spent for transmission constitutes the bulk of the total energy
expenditure, it is imperative to minimize this cost to achieve significant energy savings.
The work presented in Chapters 2, 3 and 4, addresses energy-efficient transmission of data
over a wireless channel with deadline constraints. Broadly speaking, we consider a point-to-
point wireless link model with strict deadline constraints on data transmission and utilize

dynamic rate-control to minimize the total transmission energy cost. A schematic diagram
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transmitter channel
Ly me —

data packet queue receiver

Figure 1-1: A schematic diagram of the system model for the deadline-constrained, energy-
efficient, data transmission problem

of the setup is shown in Figure 1-1.

To understand how transmission energy expenditure can be minimized using rate con-
trol, we need to look at the power-rate function. The power-rate function defines the
relationship that specifies the amount of transmission power required to reliably transmit
at a certain rate. Two fundamental aspects of this function, which are exhibited by most
encoding/communication schemes and hence are common assumptions in the literature are
as follows [4,8-13,21,22,27,29,32,39,40]. First, for a fixed bit-error probability and channel
state, the required transmission power is a convex function of the data rate, as shown in
Figure 1-2(a). This implies, from Jensen’s inequality, that transmitting data at low rates,
over a longer duration, is more energy efficient as compared to high rate transmission.
Second, the wireless channel is time-varying which shifts the convex power-rate curve as a
function of the channel state as shown in Figure 1-2(b). As good channel conditions require
less transmission power, one can exploit this variability over time by adapting the rate in
response to the channel conditions. Thus, we see that by adapting the transmission rate
intelligently over time, energy cost can be reduced.

Modern wireless devices are equipped with channel measurement and rate adaptation
capabilities [3,4,6,7]. Channel measurement allows the transmitter-receiver pair to mea-
sure the fade state using a pre-determined pilot signal while rate control capability allows
the transmitter to adjust the transmission rate over time. Such a control can be achieved
in various ways that include adjusting the power level, symbol rate, coding scheme, con-
stellation size and any combination of these approaches; furthermore, in some technologies
the receiver can detect these changes directly from the received data without the need for

an explicit rate change control information [7]. In present systems, the transmission rate
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Figure 1-2: Transmission power as a function of the rate and the channel state; (a) fixed
channel state, (b) variable channel state.

can be adapted very rapidly over millisecond duration time-slots [3,4, 6], thereby, providing
ample opportunity to utilize rate adaptation to optimize system performance.
Summarizing, for a given transmitter-receiver pair with rate-adaptation capabilities and
the above mentioned power-rate function characteristics, the goal of this research work is
to seek the transmission policy that minimizes the energy expenditure while ensuring that
the strict QoS constraints are met. Throughout the thesis, the terms transmission policy
and rate-control policy will be used interchangeably and they refer to the transmission rate

to be selected for data transmission at a certain time.

1.1.2 Related Work

Transmission power and rate control are an active area of research in communication net-
works in various contexts. Power control in cellular CDMA networks has been studied
extensively, but with the primary motivation of mitigating interference and addressing the
“near-far” problem [4,33-35]. Adaptive algorithms for network control have been studied
in the context of network stability [36-40,42-45], wherein, various notions of stability are
addressed, but the primary goal is to ensure that the queue sizes do not grow to infinity.
Scheduling and power control have also been considered in the context of average through-
put [46,49,75-77], average delay [8,9,27-29] and packet/call drop probability [30-32]. How-
ever, this body of literature considers “average metrics” that are measured over an infinite
time horizon and hence do not directly apply for delay constrained/real-time data. Fur-
thermore, with strict deadline constraints, adapting the transmission rate simply based on

steady state distributions does not suffice and one needs to take into account the system
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dynamics over time, thereby, introducing new challenges and complexity into the problem.

Recent work in this direction includes [10-13,20-22,26). The works in [10-12,26] studied
various offline formulations for energy-efficient data transmission by assuming complete
knowledge of the future arrivals and the channel states, and then devised heuristic online
policies using the offline optimal solution. Thus, in this body of work, the sample path was
assumed known for the optimization problem therein. The authors in [13] studied several
data transmission problems using discrete-time Dynamic Programming (DP) [61], however,
the problems that we consider in this work become intractable using this methodology due
to the large state space in the DP-formulation or the well-known “curse of dimensionality”.
In [21], the authors considered packet deadlines and transmission over a time-invariant (non-
fading) channel and used filtering techniques to obtain the energy efficient policy, while, the
formulation in [22] allowed energy recovery when the transmitter is in the idle state. As
we see later, the generalized formulation that we consider in Chapter 2 recovers back the
results in [10,21] as special cases.

Job scheduling with deadlines has also been considered in the Operations Research
literature. Recent relevant work here includes [23-25] which deal with scheduling of jobs
(or packets) with hard deadlines, where the service rate is fixed and the goal is to maximize
the number of packets that get served. However, the difference in the system model for our
case is that the service rate (transmission rate) is controllable and there is a power cost
associated with using a particular service rate; furthermore, there is no dropping of packets

and the goal is to minimize the total energy cost of transmission.

1.1.3 Contributions

We consider two different setups for the rate control problem — the Deterministic Setup
and the Stochastic Setup. In Chapter 2, we consider the deterministic setup in which all
time-variability in the system is known in advance and the goal is to seek the optimal off-
line solution. Here, we describe the data flows in and out of the transmitter queue using
cumulative curves, namely, the Arrival Curve and the Departure Curve; and model the
quality-of-service (QoS) constraints using a new notion of a Minimum Departure Curve.
Using this framework, we obtain the optimal policy for a general formulation that incor-
porates a wide set of QoS constraints in the problem, hence, some of the earlier results

in the literature can be recovered as special cases from our general formulation. We also
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present a graphical visualization of the problem that provides an intuitive and easy way to

understand the optimal minimum-energy transmission policy.

In Chapters 3 and 4, we consider the stochastic setup and begin in Chapter 3 with the
following canonical problem (which is referred to as the “BT-problem”) — the transmitter
has B bits of data in the queue which must be transmitted by deadline T over a time-
varying and stochastic channel. The channel state is modelled as a Markov process. And,
the objective is to obtain the optimal transmission policy that minimizes the expected total
energy expenditure. We consider two different formulations here — first in which there is no
maximum power limit and the deadline constraint is a hard constraint, and second in which
there is an average short-term power limit and the data left in the queue at time T incurs a
penalty cost. Using a continuous-time formulation and techniques from Stochastic Optimal
Control [63-65] theory and Lagrangian Duality [66,68], we obtain the optimal transmission
policy for both these setups. From the closed-form structure of the optimal policy, various
useful insights into the data transmission problem and results under special scenarios are

also obtained. These are further discussed in detail in that chapter.

Finally in Chapter 4, we extend the above results to more generalized scenarios. First,
we consider the variable deadlines setup where the packets in the transmitter queue have
distinct individual deadlines and the goal is to serve these packets over a stochastic channel
with minimum energy. Second, we consider the arrivals with a single deadline case, where
there is a stream of known packet arrivals and a single deadline by which all the data
must depart. Using the cumulative curves framework as discussed in Chapter 2 and a
decomposition approach, we obtain a transmission policy through an intuitive and a natural
extension of the previous results. This policy is shown to be optimal under a specific class
of channel models. Using the above results, we also obtain an online energy-efficient policy
for the case of arbitrary and unknown packet arrivals to the queue with individual packet
deadlines. Lastly, we consider a stream of Poisson packet arrivals to the queue and a
single deadline by which they must all be transmitted. In this setup, we obtain an energy-
efficient transmission policy in closed-form, and also highlight the various insights that can
be drawn from it regarding the effect of statistical knowledge of the packet arrivals on energy
expenditure.

We have presented part of the results from Chapter 2 in [14,15], from Chapter 3 in [18,19)
and from Chapter 4 in [14,16,17].
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Figure 1-3: A schematic diagram of the system model for the multi-user scheduling problem.

1.2 Multi-user Scheduling with Throughput-rate Guarantees

1.2.1 Problem Overview

As mentioned earlier, wireless communication inherently involves dealing with time-varying
channel conditions. To mitigate the effects of channel fading, much of the early research fo-
cus in cellular networks was to use a variety of diversity techniques such as time interleaving
of data, frequency hopping and using power-control in CDMA systems [4]. However, with a
single base-station serving multiple mobile users one can take advantage of channel fading
by utilizing another form of diversity, which is referred to as Multi-user Diversity [4,80]
or Opportunistic Scheduling [75-79]. The main idea behind this technique is that with
multiple mobile-users experiencing independent fading, at any given time there will some
users with good channel conditions, and the base-station can then select the “best user” for

transmission based on achieving certain required objectives.

In this part of the thesis, presented in Chapter 5, we address multi-user scheduling
for Quality-of-Service (QoS) traffic that require a certain guaranteed throughput-rate. We
consider a single server that represents the base station transmitting to multiple users that
represent the mobile handsets. The system operates in a time-slotted manner and in each
time-slot the base station can serve only one user. This setup is referred to in the literature
as the Wireless Downlink Scenario, where “downlink” refers to the communication link
from the base-station to the mobile user. A schematic diagram of the setup is shown
in Figure 1-3. We further assume that the set of users are divided into two classes: (i)
throughput-rate guaranteed, QoS users and (ii) “best effort” (BE) users. The QoS users

in the system represent session applications such as FTP, high data-rate web-browsing,
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throughput-constrained data transfers etc., which require the base station to provide a
certain long-term data rate on the downlink. In contrast, the BE users represent on-the-fly
applications such as email transfers, low priority and latency tolerant data transfers etc.,
which do not have rate requirements and are short-lived. The goal of this work is to design
a scheduling policy that provides the required throughput rates to the QoS users with the
least time-slot utilization and maximizes the remaining fraction of time-slots assigned for

the BE class.

1.2.2 Related Work

Downlink scheduling is an active area of research in wireless systems and has been studied
in different contexts. The work relevant for our study includes [37-39,75-79]. In [37-39],
the authors studied the problem within the context of queue stability, wherein, the goal
was to ensure that the queue sizes do not grow to infinity. The work in [75] studied
opportunistic scheduling under a utility maximization framework and presented various
formulations with different objective functions. In [76], the authors considered the objective
of maximizing the minimum throughput-rate among a set of users and obtained the optimal
policy for that setup, while in [77] the framework was extended to include a dynamic user
population. In [78], the authors assumed multiple simultaneous transmissions employing
spread spectrum and considered fairness constraints while in [79] the authors presented

algorithms for scheduling users with average delay considerations.

1.2.3 Contributions

As mentioned earlier, we consider a setup where the set of users are divided into two classes
— the QoS users which are guaranteed certain throughput-rates and the BE users which form
the low-priority service. The goal is to obtain a multi-user scheduling policy that serves the
QoS users with the least time-slot utilization and maximizes the remaining fraction of slots
allocated to the BE class. To solve the problem, we adopt a geometric approach and show
that the optimal policy satisfies a special structure. The geometric analysis is valid for a
general fading model, and hence, is applicable for a wide set of scenarios. Specializing the
results to case of Rayleigh fading, we obtain closed-form formulas that relate the achievable
throughput-rate guarantee of the QoS users as a function of other system parameters, thus,

providing closed-from relationships to understand the various system tradeoffs. Analytical
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comparison between the optimal policy and the random-scheduling policy also shows that
gains on the order of In(N) can be achieved, where N is the number of QoS users. We have

presented part of the results from Chapter 5 in [73,74].

1.3 Thesis Organization

The rest of the thesis is organized as follows. In Chapters 2, 3 and 4, we consider in detail
the various setups for the energy-efficient transmission rate control problem, as described
briefly in Section 1.1. The deterministic case for this problem is treated in Chapter 2 while
the stochastic setup is presented in Chapters 3 and 4. In Chapter 5, we consider in detail
the multi-user scheduling problem with throughput-rate guarantees as discussed briefly in

Section 1.2. Finally in Chapter 6, we conclude the thesis.
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Chapter 2

Deadline-Constrained Data
Transmission — Deterministic

Setup

2.1 Introduction

Delay constraints and energy-efficiency are important concerns in wireless data transmission,
and as discussed in Chapter 1, these concerns arise frequently in real-time data commu-
nication. In principle, without energy concerns, strict deadline constraints can always be
met by transmitting at high rates, albeit, incurring high transmission energy expenditure.
When the transmitter has energy limitations, then as discussed in Chapter 1, one can utilize
transmission rate-control to minimize the energy cost. More specifically, since transmission
power is a convex function of the rate, data should be transmitted at low rates but ensuring
that the deadline constraint is met. And furthermore, as transmission power also depends
on the underlying channel state, the rate should be adapted in response to the channel
variations.

In this part of the research work, presented in Chapters 2, 3 and 4, we address the
question of optimal rate control to serve deadline-constrained data with minimum energy
expenditure. We begin in this chapter by considering a deterministic setup, where the time-
variability in the system is assumed known in advance. The problem is formulated over a

finite-time horizon using a cumulative curves approach and its optimal policy is obtained.
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As will be evident later, such an approach provides an appealing graphical visualization
of the problem and the optimal solution. The formulation also generalizes the problems
considered in [10,21] which can be obtained as special cases, as further discussed later.
The rest of the chapter is organized as follows. In the next section, Section 2.2, we
present the data flow and the transmission model. In Section 2.3, we consider the time-
invariant power-rate function while in Section 2.4 the results are generalized to incorporate
the time-varying power-rate function. Finally, in Section 2.5, we conclude the chapter and

summarize the results.

2.2 System Model

We consider a continuous-time setup and assume that the rate can be varied continuously
over time. Clearly, such a model is an approximation of a communication system which
operates in discrete time-slots. However, the assumption is still justified since in practice
the time-slot durations are very short on the order of 1 msec [3], and much smaller than
packet delay requirements which are usually on the order of 100’s of msec. An advantage
of such a model is that it makes the problem mathematically tractable and also provides
a simple and intuitive graphical visualization of the optimal solution. In fact, the results
obtained here can be applied to a discrete-time system in a straightforward manner by

simply evaluating the solution at the slot boundaries.

2.2.1 Data Flow Model

To describe the flow of data into the system, we utilize a cumulative curves methodology
[50, 51,53]. This model applies to a general setting where data could arrive in packets
(packetized model) or in a continuum of bits (fluid model). Let A(t), D(t) and Dmin(t)
denote the arrival curve, departure curve and the minimum departure curve respectively.

These curves are assumed right-continuous functions and are defined as follows.

Definition 1 (Arrival Curve) An arrival curve A(t),t > 0,t € R, is the total number of

bits that have arrived in time interval [0, t].

Definition 2 (Departure Curve) A departure curve D(t), t > 0,t € R, is the total
number of bits that have departed (served) in time [0,1).
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Figure 2-1: Data flow model: (a) Fluid arrival model, (b) Packetized arrival model

In case of a fluid arrival model, A(t) is a continuous function, whereas, for a packet
arrival model it is a piecewise-constant function as depicted in Figure 2-1. To ensure that
the transmitter does not transmit more than the data that has arrived to the queue, we
require that D(t) < A(t). We refer to this as the causality constraint. Now, to model the
quality-of-service constraints we introduce a new notion of a “minimum departure curve”

which is defined as follows.

Definition 3 (Minimum Departure Curve) Given an arrival curve A(t), a minimum
departure curve Dpin(t) is a function such that Dpn(t) < A(t),Vt > 0, and is defined
as the minimum cumulative number of bits that if departed by time t would satisfy the

quality-of-service requirements.

The function Dpn(t) can be viewed as the constraint function, so that in order to
satisfy the QoS requirements the departure curve D(t) must satisfy D(t) > Dpin(t). Thus,
in a compact way the QoS and the causality constraints can be expressed as, Dyin(t) <
D(t) < A(t), Vt. Note that the definition of Dyin(t) hides the implicitly assumed service
discipline (the order in which data is served), as the above model looks at the data flow
in a cumulative sense. Through a few illustrative examples, we show next that a number
of commonly used QoS constraints with an appropriate service discipline can be modelled

within this framework.

Delay Constraint: Consider an arrival curve A(t) and a constant deadline constraint d on

all the data. It is clear that by setting, Dpin(t) = 0,t € [0,d) and Dpin(t) = A(t—d),t > d,

and following an earliest-deadline-first service discipline, the deadline constraints will be

satisfied. Thus, here, Dp;n(t) is simply a time-shifted version of A(t) as shown in Figure 2-
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Figure 2-2: QoS Examples: (a) Packet deadline constraint of d, (b) Buffer constraint of B.

2(a). Generalizing this, suppose now that the data has variable deadlines and these deadlines
are in the increasing order in which the bits arrive. Consider first a packet arrival model
and let {#/'} denote the arrival epochs, {df!} the deadlines and {b{} the sizes of the packets.
Then, Dyn(t) is a piecewise constant function with jumps at times {tP = ¢ +d#} and the
sizes of the jumps being {b#}. Similarly, for a continuous data arrival model, let d(¢) be the
general deadline function, where d(t) is the deadline for data arriving at time ¢. Assuming
that h(s) £ s+ d(s) is a monotonically increasing function, the minimum departure curve

is Dpmin(t) = 0,1 € [0,d(0)) and Dpin(t) = A(h™1(2)), ¢ > d(0).

Buffer Constraint: Consider a buffer constraint of B, i.e. the queue size must not exceed

B,Vt > 0. For an arrival curve A(t) and a departure curve D(t) the buffer size at any time ¢
is given by b(t) = A(t) — D(t). Since b(t) < B, we have D(t) > maz[A(t) — B,0]. Following
a first-come-first-serve service discipline, it is easy to see that the minimum departure curve
must be Dyin(t) = max[A(t) — B, 0] as shown in Figure 2-2(b). It is easy to incorporate a

time varying buffer constraint B(t) as well.

Service-Curve Constraint: The notion of service curves forms an integral part of network
calculus theory [53]. Given a service curve §(¢) and an arrival curve A(t), the minimum
departure curve can be obtained as Dpin(t) = A(t) ® G(t), where ® is convolution in the

min-plus algebra.

Thus, we see that a wide variety of QoS constraints can be abstracted by constructing

the appropriate minimum departure curve.
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2.2.2 Transmission Model

Let P(t) denote the required transmission power to reliably transmit at rate r(z) at time ¢.

We assume the following power-rate relationship,

P(t) = g(r(t), 1) (2.1)

where the function g(r,t) is a convex, increasing function with respect to the first argument
(rate) and g(r,t) > O for 7 > 0,Vt. The relationship in (2.1) is a general transmission
model for most encoding schemes and has been widely studied in the literature in various
forms [9-13,21,22,27,32]. As a well-known example, the Shannon formula for the power per
bit gives the following relationship, P = NoW(2"/W —1); in case of other coding schemes
the Shannon formula gives a lower bound on the power per bit.

Given the relationship in (2.1), the transmission energy expenditure of a departure curve

D(t) over time interval [0, 7] is given by,

T
E(D(t) = /0 o(D'(2), tydt (22)

where D'(t) is the derivative at time ; it gives the transmission rate at that instant! and
the term g(D'(t),t) gives the instantaneous transmission power.

Throughout the paper, our focus will be on the time interval [0, T'] for some finite T, and
with finite deadline constraints. Thus, we deal with energy minimization over a finite time
interval rather than considering an infinite time horizon, as done in much of the literature
on power-rate adaptation which studies average performance metrics. Since a departure
curve specifies the transmission rate and vice-versa, we will use the terms departure curve

and transmission policy interchangeably.

2.3 Time-Invariant Power-Rate Function

We first consider the case of a time-invariant power-rate function where P(t) is only a
function of r(t), i.e. P(t) = g(r(t)). Such an assumption models a static or a slow fading
wireless channel where over [0, T'] the channel gain does not change appreciably over time.

This is a good model for wireless LAN settings and fixed wireless network scenarios.

! At points of non-differentiability D’(t) is taken as the right-derivative.
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2.3.1 Problem Formulation

Consider an arrival curve A(t) and assume that this curve is known over the interval [0, T'.
Based on the QoS requirements, one can construct the minimum departure curve Dy (t) as
discussed in Section 2.2. Now given A(t) and Dpin(t) curves, a departure curve D(t) is said
to be admissible if it satisfies both the causality and the QoS constraints; i.e. Dpin(t) <
D(t) < A(t), t € [0,T]. The energy minimization problem is to obtain the admissible
departure curve with the least energy expenditure. Mathematically, this can be stated as

follows,

. T 7
wn D)= [ o) (2.3)

subject to  Dpin(t) < D(t) < A(t), t € [0,T]
Dt)eTl (2.4)

Without loss of generality, we take Dmin(0) = 0, Dpmin(T) = A(T'), where the last equality
simply states that all the data must depart by T. For admissibility, we also need the
technical requirement that D(t) belongs to the set I', where I" consists of all non-decreasing,
continuous functions with bounded right-derivative for all ¢ € [0, 7] and with D(0) = 0. For
set I", the non-decreasing assumption follows from the cumulative nature of the departure
curves, the continuity assumption is natural as any discontinuity would imply instantaneous
transmission of non-zero amount of data which is practically infeasible and finally, the
bounded right-derivative assumption ensures that the rate and the energy cost in (2.3) are
finite?. Furthermore, if one makes the natural assumption that there is no data that arrives

and needs to be transmitted instantaneously, then, admissible departure curves exist.

2.3.2 Optimality Properties

Consider first the following simple example — the transmitter has B units of data that must
be transmitted by a deadline T'. We refer to this as the “BT-problem”. This example sheds
important insights into the problem and will also serve as a building block for the general

problem.

2Thus, we assume that D'(t) < M.Vt € [0,T],YD(t) € T, where M is chosen large enough such that finite-
energy practical policies are all included. The curves A(t) and Dmin(t) are also assumed right-continuous
with bounded right-derivative for all ¢ € [0, T).

32



BT-problem: The two curves A(t) and Dp;n(t) for this problem are as follows. Since
there are no new arrivals and the queue has B units of data to begin with, the arrival curve
is A(t) = B, Vt € [0,T). Further, there is no minimum data transmission requirement
until the deadline T, at which point all the data must have been sent; hence, we get
Dpin(t) = 0,t € [0,T) and Dmin(T) = B. The admissibility criterion specialized to this
case thus becomes 0 < D(t) < B and D(T) = B. We claim that the optimal policy is
constant rate transmission at rate B/T, i.e. (DP)(t) = £ and DPY(t) = 8¢, ¢t € [0, T),
where DP(t) denotes the optimal departure curve. To see why this is true consider the

following integral version of Jensen’s inequality.

Lemma 1 Let f(t),p(t) be two functions defined for a <t < b such that a < f(t) < 8 and
p(t) > 0, with p(t) £ 0. Let ¢(u) be a convex function defined on the interval a < u < f3;
then

b b
o (R 10RO L epa -
Jap(t)dt Jop(t)dt
with strict inequality if ¢() is strictly convex and a # b, a # B.
Proof: See [84]. [

Now, consider an admissible departure curve D(t) and make the following substitution

in the above lemma, p(t) = 1, ¢() = g(), f() = D'(), a = 0 and b = T. This gives,

Jo D'(®)dt Jo 9(D'®)dt
“’( Ta ) S T Ta 29
D(T) — D(0) T
¢ (R22) 1 < [ o (2.7
T
9(B/T)T < /0 o(D/(8))dt (28)

The left hand side in (2.8) is the total energy cost of the constant rate transmission policy
at rate B/T, while, the right hand side is the total cost of any other admissible departure

curve. The inequality in (2.8) thus proves the optimality claim.

Remark 1 : The result for the BT-problem is fairly intuitive given the convexity property
of the power-rate function. Its practical implication is interesting as it says that for the
time-invariant case there is no gain achieved by a complex variable-rate policy; in fact,

a constant rate policy suffices. Another observation is that when g(:) is strictly convex
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the inequality in (2.8) is strict and the constant rate policy is the unique optimal policy.
Whereas, for the case of a linear power-rate there is equality in (2.8) and all policies have
the same cost.

We now consider the general setup and assume without loss of generality that A(t) >
Dpin(t),0 < t < T. Otherwise, if at some time t. there is equality, the problem can be
divided into two sub-problems over time intervals [0, t¢] and [t.,T] and each can be solved
independently. The first result, Theorem I, is a generalization of the result for the BT-

problem and it gives a criterion for the optimality of a departure curve.

Theorem I (Optimality Criterion) Let D(t) be an admissible departure curve and L(t)
be a straight line segment over [a,b] that joins points D(a) and D(b), 0 < a <b<T. If
L(t) satisfies Dpmin(t) < L(t) < A(t), and, L(t) # D(t), the new departure curve D"¢"(t)

constructed as,

D"™¥(¢) = D(t), t€[0,a)
= L(t), t € o,

D(t), t € (b,T)

satisfies, £(D™V(t)) < E(D(t)), where the inequality is strict if g(.) is strictly convez.

The above theorem states that if there exists any two points on the curve D(t) that can
be joined by a straight line without violating the admissibility constraints, replacing that
part of D(t) with the straight line can only lower the energy cost. The implication of this is
that whenever admissible, it is optimal to transmit at a constant rate. A schematic diagram
depicting this is given in Figure 2-3. Henceforth, the criterion that along a departure curve
there does not exist any two points that can be joined by a distinct admissible straight line

will be referred to as the “Optimality Criterion”.

Proof: First note that since L(t) is admissible, the new curve D"*¥(t) is also admissible.

Consider,

b
E(D" (1) - £DW) = ELE) - [ 9Dt 29)

Over the interval [a, b], we know from the result for the BT-problem that L(t) has the least
energy cost among all departure curves that would transmit (D(b) — D(a)) amount of data
in time (b — a). Hence, from (2.6)-(2.8), we get, E(L(t)) — f:g(D'(t),t)dt < 0 and the
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Figure 2-3: Figure for Theorem I: (a) an admissible departure curve D(t) and (b) the new
curve D™e¥(t).

result follows. ]

Remark 2 :(Linear power-rate function) An interesting special case arises when the
power-rate relationship is linear, i.e. P = xr where £ > 0 is a constant. In this case, the
inequality in Lemma 1 becomes an equality from which it follows that all departure curves
have the same energy cost. Thus, with a linear power-rate curve it does not matter, in
terms of energy cost, how the data is transmitted as long as the QoS constraints are met.
However, even in the special case of linear power-rate function, we will see next that the
departure curve that satisfies the optimality criterion has appealing properties that make

it a right candidate for the optimal transmission policy.

Henceforth, we consider the more interesting case of strictly convex g(-) function. The

next result shows that the optimal departure satisfying the optimality criterion is unique.

Theorem II (Uniqueness) Consider the optimization problem in (2.8) with g(-) being
strictly convex. Let D(t) be an admissible departure curve that satisfies the optimality
criterion, then, D(t) is unique and it minimizes the energy cost in (2.3).

Proof: Appendix A.l. [ |

Throughout now, we will denote the admissible departure curve satisfying the optimality
criterion as D?P'(t) and later in Section 2.3.3 give an algorithm for constructing D°Pt(t).
We now present the various properties of DP!(t) and start by characterizing the points in

time at which the optimal rate changes, i.e. points at which the slope/right-derivative of
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Figure 2-4: Example showing violation of Lemmas 2-4. The dotted line shows that D(t)
does not meet the optimality criterion.

D9Pt(t) changes, either continuously or in a discrete step. Denoting any such point as to,

the following results follow3.

Lemma 2 At ty, DP(t) either intersects A(t) or it intersects Dpin(t); i.e. we have
D%i(ty) = A(tg) or DP(tg) = Dpin(to). Note, if there is a discontinuity in A(t) at to
(jump point for packetized data) then DPt(to) = A(ty ).

Lemma 38 Suppose that at ty we have DPt(tg) = Dmin(to), then, the slope change must be

negative.

Lemma 4 Suppose that at to we have DP(tg) = A(to) (or A(ty)) then the change in slope

must be positive.

The observations in the above lemmas are straightforward and can be easily understood
from Figure 2-4. Point ¢ = a corresponds to a point of rate change and it violates Lemma 2.
It is easy to see that around ¢ = a the optimality criterion is violated since an admissible
straight line segment exists (the dotted segment around ¢t = a in the figure). Similarly,

points ¢ = b and t = ¢ correspond to a violation of Lemmas 3 and 4 respectively.

Among other properties, the optimal departure curve D°P(t) has the least maximum
transmission-power requirement and the shortest length metric. We first discuss the minimal

maximum-power requirement of D°P*(t) which states that among all admissible departure

3The notation f(z*) means limy—.o f(z + €») and f(z~) means limp oo f(T — €x) With €n > 0,€n — 0.
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curves, if we look at the maximum instantaneous power requirement over time, then, D%(t)

has the least such requirement.

Theorem III (Minimal Maximum Power) Given any admissible departure curve D(t),
the optimal departure curve D°P'(t) satisfies,

opt\/ < / .
tgﬁ)(D (@) < ox D (t) (2.10)

Equivalently, max;e[o.1) PPY(t) < maxse(o,r) P(t), where P(.) denotes the power expenditure
over time.

Proof: See Appendix A.2 |

Remark 8 : The above theorem is very significant if we impose an additional maximum
power constraint in (2.4). In this case, the problem is first solved without the power con-
straint. If the optimal solution satisfies the maximum power constraint, we are done; oth-
erwise from Theorem III it follows that there does not exist any other admissible departure
curve that can satisfy the power constraint and the constrained optimization problem has
no solution. Thus, we see that DP(t) is the unique curve that satisfies the QoS constraints

with both the least total energy cost and the least maximum power requirement.

Theorem IV (Shortest Length) The optimal departure curve DPi(t) has the shortest

length among admissible departure curves. Specifically, it minimizes the metric,

len(D(t)) = /0 ) V(A + (D'(t)?)dt (2.11)

Proof: Since D°P*(t) minimizes the integral in (2.3) for a convex increasing function

g(+), the result follows by replacing g(r) with g(r) = /(1 + 72). ]

2.3.3 Optimal Policy

In the last section, we presented the optimality criterion and the various properties of the
optimal curve. We now construct the optimal departure curve D°P*(t). However, before
giving the algorithmic description, it is instructive to consider a very insightful visualization.
~ This graphical picture provides a simple and intuitive way to understand DP(t) and is

described next.
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Figure 2-5: String visualization for the optimal curve, (a) string lying between A(t) and
Dpin(t); (b) DPt(t) as taut string.

String Visualization: Consider a string restricted to lie between A(t) and Dpmin(t)

(i.e. visualize A(t), Dpmin(t) curves as hard boundaries for the string). Tie one end of the
string at the origin and pass the other end through Dpn(T). If we now make the string

tight, its trajectory gives the optimal departure curvel.

Intuitively, when the string is in the tight condition it cannot be made tighter between
any two points along its curve. This means that the optimality criterion must be satisfied,
because otherwise, the construction in Theorem I would make the string tighter thereby
leading to a contradiction. By the uniqueness result, it then follows that this must be
the optimal curve. Figure 2-5 is an illustration showing a general A(t), Dpin(t) curve and
the corresponding D°Pt(t) visualized as a tight string. Note that depending on the shape
of A(t) and Dmn(t) curves, the curve DP(t) could consist of segments of constant-rate
transmission and/or segments where the rate is varying continuously over time; see for
example Figure 2-7(b), where over time [a,b] and [c, d] the curve DP'(t) has a continuous

rate change.

Examples: Using the above string visualization, we now present a few illustrative
examples for which the optimal solution can be obtained in closed-form. Among these, the
first two examples have been studied earlier in the literature [10,21] and their solutions
were obtained using a discrete-optimization approach which was mathematically tedious.
By re-formulating the problems within our framework, the solutions can be obtained easily

from the graphical picture.

4This observation was pointed out by Rene L. Cruz
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Ezample 1 [10]: Consider N packets of unit size arriving in time [0, T') with known inter-
arrival times 11,.., Tv—1 and the first packet arrival at time 0. The deadline constraint is
that all the packets must depart by time T’ (common deadline), where T' > (71 + ..+ 78 —1)-
Let 7v = T — YN ~!7. The curves A(t) and Dpn(t) for this problem are depicted in
Figure 2-6(a). From the string visualization it is easy to see that the optimal curve consists
of piecewise linear segments with increasing slopes and the points at which the slope changes,
the optimal policy just empties the buffer. The optimal curve Dt(t) can be constructed
as follows. Let T; be the jump points of the A(t) curve then, T; = Z§=1 ni=1...,N—-1
and let Ty = T. Denote A; as the cumulative amount of data arrived to the queue just
before time T; (the total data in the first i packets). Now, starting at time 0, consider the
straight line segments that join the points (0,0) (origin) and (T3, A;) (jump points of A(t)).
From among these, choose the segment with the minimum slope, i.e. the segment having
slope equal to the minimum over % of (-‘%l) . Denoting the minimizing index as =, the first
segment of DP(t) is constant-rate transmission with rate %’f from t = 0 until ¢t = T7.
Starting at T}, the procedure is repeated by shifting the origin to this point. Thus, the
slopes of the linear segments denoted as {s1, .., sq} can be computed recursively as follows.

Take I} =1,Tp = 0, Ap = 0 and initialize m = 1, we then have,

Ai — Ag,.-1)
= i = Umm) 9,
T el ( T~ Ty, (2.12)
=1 i — \mm) 21
lm+1 + arg i {f..lf.l.l,zv} ( T~ Ty, ) (2.13)

The above iteration stops when ly,11 = N + 1. Intuitively, the optimal policy follows a
constant rate transmission until points where the future arrivals are such that relative to

the deadline constraint, the transmission rate must be higher.

Ezample 2 [21]: Consider M data packets in the buffer at time 0 and no new arrivals.
Let the i* packet have b; units of data and a deadline di,i=1,.,M. Let dyy = T and
B= Zzle b;. The packets in the queue are served in the earliest-deadline-first order and for
this case, the A(t) and Dp,in(t) curves are shown in Figure 2-6(b). Note that the structure
of this problem is the reverse of Example 1 and in some loose sense one can regard these
problems as “duals” of each other. The string interpretation gives the optimal policy but

now the piecewise linear segments have decreasing slopes. Let T; = d; and B; = Z{=1 b,
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Figure 2-6: Curves A(t), Dpin(t) and DP4(t) for Examples 1 and 2.

then, T; denotes the deadlines of the packets and B; denotes the cumulative data in the
first j packets. Starting at time 0, consider the straight line segments that join the points
(0,0) (origin) and (T}, B;) (jump points of Dyin(t)). From among these choose the segment
with the maximum slope, i.e. the segment having slope equal to the maximum over j of
(%l) Denoting the maximizing index as =, the first segment of DP(t) is constant-rate
transmission with rate %rl from t = 0 until ¢ = T,. Starting at T, the procedure is repeated
by shifting the origin to this point. Algebraically, these slopes {s1, .., 54} are obtained as
follows. Take l; = 1,Tp = 0, By = 0 and initialize m = 1, we then have,

Bj - By —1))
s _ max m 2.14
m §€{lm,. M} ( T; — T,,-1) 219
B; — Bg,,—1)
l = 1l+4ar max (——“—"—J - ) 215
mtl ng{lm,--vM} 7?7 - T(lm"l) ( )

The above iteration stops when ly,41 = N + 1.

Exzample 3 : Consider a stream of N packet arrivals of size B with a constant inter-arrival
time 7. Each packet has a deadline d before which it must depart (Figure 2-7(a)). Such an
arrival stream is a good model for applications which generate packets at regular times (or
with a small variance), e.g. voice data. The solution is obvious from the figure and is given
as follows. If d < 7, the solution is trivial and the packet must be transmitted before the

next arrival. If d > 7, the optimal curve is a straight line with slope NB/(d + (N — 1)7).

We now proceed to present an algorithm for constructing the optimal departure curve

for the general case.
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Figure 2-7: Curves A(t), Dmin(t) and D°P%(t) for (a) Example 3 and (b) Continuous data
flow.

Construction of the Optimal Departure Curve: The main idea behind constructing

the optimal curve, D°Pt(t), is to obtain its segments in a recursive fashion. To proceed, we
first present definitions of the various terms used in the algorithm later. The first definition

concerns a tangent and is defined as follows.

Definition 4 A tangent to Dpn(t) at t = to is a line passing through (to, Dmin(to)) and
slope D1 ;. (to).

In the above, D ;. (to) is taken as the right-derivative. A similar definition holds for a
tangent to A(t) as well.

Next, we need the notion of intersection of curves. Since the data model includes
piecewise constant functions (packet arrival model) that have discontinuities, we need to
define what it means for such curves to intersect. Consider a line L(t) of non-negative

slope starting from an admissible point (o, @); where, admissibility of a point means that

Dpin(te) Sa < A(tp) and 0 <t < T

Definition 5 Starting at to, L(t) intersects Dpin(t) if for some point t > to, called the
point of intersection, one of the following holds: (a) either L(f) = Dmin(t) or, (b) the
function L(t) — Dyin(t) changes sign at t (here t is a discontinuity point).

Intuitively, the above definition means that the straight line L(t) crosses the curve
Dipin(t) at t. A similar definition holds for intersection with A(t). We now define what it

means for the straight line L(t) to intersect a curve first.
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Definition 6 We say that L(t) intersects Dmin(t) first, if L(t) intersects Dpyn(t) curve at
t (> to) and L(t) < A(t),t € (to,t) (that is, L(t) does not intersect A(t) in (to,1)).

Similarly, we say that L(t) intersects A(t) first if L(t) intersects A(t) at ¢ and L(t) >
Drin(t),t € (to, t).

Given the above definitions, we now obtain the slope of the optimal segment of D% (t)
starting at an admissible point. To proceed, consider an admissible point (%o, &) and consider
straight lines with non-negative slopes starting at this point. Among these, choose those
lines that starting at (¢p, ) remain admissible for some finite duration. In other words,
consider straight lines L(t) for which there exists an € > 0 (e could depend on the chosen
L(t)) such that L(t) is admissible for t € [tg,t0 + €), i.e. Dmin(t) < L(t) < A(t), for
t € [to, to + €). Denote this set as F. Intuitively, the slopes of the lines in F are the possible
admissible slopes that DP(t) can have. Note that the set F depends on the starting point
(to, @) but to make the notations simple we drop the explicit dependence. The following

lemmas summarize the properties of the set F.

Lemma 5 The slopes of the lines in F lie in a continuous interval.

Proof: See Appendix A.3. [ |

For A(tg) > Dmin(to), the set F has the following three possibilities: (i) If Dpmin(to) <
a < A(tg), due to right-continuity of the curves all points in a small region around «
are admissible. Hence, all lines with slopes lying in [0,00) belong to the set F. (ii) If
@ = Dpin(to), all lines with slope less than the tangent at Dpmin(to) (say slope c) are not
admissible while lines with slope greater than the tangent are admissible. If the tangent
itself is admissible, the slopes of F lie in [c, 00); else they lie in (¢, 00). (iii) If oo = A(%),
lines with slopes less than the tangent at A(ty) belong to F. If the tangent is admissible,
the slopes of F lie in [0,1]; else the slopes belong to [0,1). Finally, at to = 0 if we have
A(0) = Dy,in(0), the set F consists of lines with slopes lying between the tangents to each

curve.

Lemma 6 The lines in F must intersect A(t) first or intersect Dpin(t) first.

The above lemma is straightforward since L(t) will eventually at some time cross either
the A(t) or the Dpmin(t) curve. Now, let the set F be partitioned into a set of lines that
intersect A(t) first and those that intersect Dpin(t) first. Denote these sets as 74 and Fp,,
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Figure 2-8: Example depicting A(t), Dpin(t) and the constructed D(t).

respectively. The following result states that the slopes of the lines in 4 and Fp,, lie in

non-overlapping continuous intervals.

Lemma 7 (a) Let Lp(t) € Fp,, then any L(t) € F that has slope less than L', intersects
Dmin(t) first. (b) Let La(t) € Fa then any L(t) € F that has slope greater than L',
intersects A(t) first.

Proof: See Appendix A 4. [ ]

The above lemma has the following implications. First, the slopes of the lines in Fu
and Fp,, lie in non-overlapping continuous intervals which we denote as S4 and Sp,, re-
spectively. Second, the slopes in F4 are greater than in Fp,_ . The line with slope 3, at the

boundary of the two intervals® is given as,

Bo = inf S4 = sup Sp,, (2.16)

The equality of inf and sup above follows from the continuity property in Lemma 5. If
either S4 or Sp,, is empty, it is neglected. We call 3, the optimal slope and the line with
slope B, the optimal line. It is denoted as L,. Simply stated, L, is the least slope line that
intersects A(t) first, or the maximum slope line that intersects Dy, (t) first. Using this line
L,, we can now construct the optimal departure curve as illustrated next in the following

algorithm.

%A case of singularity occurs at to = 0 if A(0) = Dpmin(0), A'(0) = D;,.;,(0), then, both the sets Sa,Sp,,
are empty. Here, simply define 3, = A’(0).
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To begin with, we have DP(0) = 0. The segments of D°(t) are now constructed in
a recursive fashion starting at (0,0). Let fp denote a generic time instant, where ¢o = 0 in

the first iteration.
1. Obtain S, as in (2.16) and the optimal line L,.

2. If L, is not tangent to Dpin(t) (or A(t)) at to, obtain the first instant ¢; such that,
(a) Lo(t1) = Dmin(t1) (QoS constraint is just met); or (b) Lo(¢1) = A(t1) or Lo(t1) =
A(t7) (buffer is just empty). Let D%(t) = Lo(t), t € (o, t1]-

3. If L, is tangent to Dyn(t) (or A(t)) at to then let t; = min{f,T} where { is the
first instant® at which the corresponding tangent is no more the optimal line. Let

Dt(t) = Dpmin(t) (or A(%)), t € (to, t1].

If t; = T terminate; else repeat the above steps with the new starting point as (t;, D%!(t;)).
The correctness and optimality of the above algorithm is shown in Appendix A.5.

As an example, consider A(t) and Dy (t) shown in Figure 2-8 for which the algorithm
executes as follows. Start at the origin (0,0) and note that L; is the optimal line as defined
above and t; is the first instant at which it equals Dy (t). Thus, segment L; from ¢ = [0, 1]
is the first part of the optimal curve. Note that lines with slope greater than L) intersect
A(t) first and lines with slope less than L) intersect Dpin(t) first. The line L; is the
one with slope at the boundary (as defined in (2.16)). Next, starting from the new point
(t1, Dmin(t1)), Lo is the optimal line and t2 is the first instant such that Ly(tz) = A(t3).
The segment Lo from t = [t;,%5] forms part of the optimal curve. The segment L3 is also
obtained in a similar fashion and it is the last segment as ¢ = T is reached. Finally, for the
case when A(t) and Dy, (t) are piece-wise constant functions, the optimal departure curve
DPt(t) is piecewise linear and the algorithm presented above can be further specialized
to obtain the slopes directly by only looking at the jump points of the two curves. The
algorithm for this is presented in Appendix A.6.

2.4 Time-varying Power-Rate Function

In the previous section, we considered the time-invariant power-rate function case and

utilized a cumulative curves methodology to obtain the optimal solution. The framework

S1f ¢ = to, the interval [to,] is just the point to; in this case, obtain ¢; as in step 2.
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provided a graphical visualization of the problem and the optimal solution. In this section,
we generalize those results and consider a time-varying power-rate function, i.e. the function
P(t) is given as P(t) = g(r(t),t). Thus, for a fixed time ¢, the amount of power required
to transmit at a certain rate r is governed by the convex function g(-,tp), but now, this

convex function could be different at different times.

2.4.1 Problem Formulation

The problem formulation remains the same as given in Section 2.3.1 with the data flows
being described using cumulative curves and the objective is to obtain the minimum energy

departure curve. Mathematically, the optimization problem is given as,

- .
min  E(D() = /0 o(D'(8), t)dt (2.17)
subject to  Dpin(t) < D(t) < A(t), t € [0,T]
D(t) el

In the above formulation, we assume that g(r,t) as a function of r is a strictly convex,
increasing and continuously differentiable function for all . We also assume that g(r,t) is
a deterministic function of time ¢ € [0, 7] and piecewise continuous in ¢.

The above formulation provides a general framework to model various scenarios involving
time-variability in the system. It generalizes the problem in Section 2.3.1 to include time-
dependent parameters in transmission arising due to phenomena such as beam-forming,
antenna patterns etc. Since it models a more general power-rate cost function, one can
also introduce an artificial cost for control purposes; for example, by imposing a high cost
over certain intervals one can control the times over which data should be transmitted.
Finally, it also models scenarios where we have a time-varying channel but the channel gain

is predictable or known over time.

2.4.2 Optimality Properties

We proceed as in Section 2.3 by first considering the BT-problem and then extending the
results to general A(t) and Dyin(t) curves. As in the time-invariant case, the BT-problem

provides useful insights into the problem and also plays an important role as a building

block.
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BT -problem: Consider the BT-problem where the transmitter has B units of data in the
queue and a deadline T by which this data must be transmitted using minimum energy. The
following lemma gives the optimal solution for this problem; its proof is based on results

from the theory of Calculus of Variations.

Lemma 8 The optimal transmission rate r°Pt(t) for the BT -problem is given by,
r°Pt(t) = max(0,*) (2.18)

where T* is the unique positive value that satisfies £g(r,t)l,=r» = k and k is a positive

constant such that foT ToPt(t)dt = B.

Proof: See Appendix A.7. ]

As examples to understand the above solution, we first specialize (2.18) to two specific
forms of g(r,t), namely, the Monomial class and the Ezponential class of functions. The

general solution is then explained later.

Ezample 4 : (Monomial Class) Let g(r,t) = E’(%, n > 1, ¢(t) > 0, be the class of
positive monomial functions with c(¢) representing the channel gain or the time-dependent

1
parameter. For any positive constant k, %%‘r:’r* = k, gives, r* = (kiétl) "', Since k

1
and c(t) are positive, we have r* > 0, Vt, and from (2.18) we get rP'(t) = (k—cn@) *!. The

value of k such that the deadline constraint is met is obtained from, f(;‘P r°Pt(t)dt = B, which

gives, kmeT = %, where v = fOT (c(t) /n)il—ldt. Substituting back in r9P*(t) thus gives,

PP () = g (ﬂg)) = (2.19)

Example 5 :(Exponential Class) Let g(r,t) = %:Tl, a > 1, ¢(t) > 0, be the class of
exponential functions with c(t) being the time-dependent parameter. Note that taking a = 2

and c(t) = |h(t)|? gives the Shannon formula for the power per bit. For the exponential
case, Qﬂg}ﬁ = 61;’(“ = k, gives,

() = e , 1208 nln(e) () 2:20)
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This is the well-known “water-filling” solution over time [49] but now with deadline con-

straints. Lastly, the value of k£ such that the deadline constraint is met is obtained from
f(;l" max (0’ ln(k)—ln(tn()a)/c(t))) dt = B.

In(a

Re-examining (2.18) we see that the optimal rate is such that the partial derivative of
g(r,t) with respect to r at the positive value r* equals a constant k, for all ¢. The value
of this constant is chosen such that the deadline constraint at 7" is met. We refer to the
constant k as the “marginal cost” for the BT -problem. For positive rate, since the marginal
cost (or the first-derivative of g(r,t) with respect to r) is the same for all ¢, it implies
that for the optimal solution infinitesimal changes in the rate would not change the total
energy cost. This observation is intuitive since otherwise, we could decrease the rate over
the intervals when the marginal cost is high and correspondingly increase the rate over the
intervals when the marginal cost is low, thereby, reducing the total energy cost and violating
the optimality claim. Now, for all ¢ such that 7°P(t) = 0 we must have %g(r, t)|r=0 > k.
This means that at all such times, the marginal cost is high and it is relatively costly to
transmit the data, hence, the optimal policy chooses a zero rate.

As compared to the time-invariant power-rate function case, clearly, the optimal rate
now is not constant over time. However, interestingly, the marginal cost though is constant.
Thus, the constant slope property translates here into a constant marginal cost property.
As a check, if we remove the time-dependence in g(r,t), then r* is the same for all ¢. This
gives r°P¥(t) = r* and from foT %P4 (t)dt = B, we get r* = &. Thus, the optimal solution is
constant-rate transmission in conformity with the result in Section 2.3.2. The solution in
(2.18) also has an interesting monotonicity property with respect to the marginal cost k.

This is presented in the lemma below.

Lemma 9 Let rP(t) be given by (2.18) for some k > 0 and DP4(t) = [I rPt(s)ds. Then,
DCPi(t) is monotonically non-decreasing in k, unique for a given value of k and zero through-
out for k = 0. Furthermore, for DPY(T') = B > 0, there is a unique positive value of k that

achieves it.

Proof: Let kjy,k be two positive values such that 0 < k; < ky. Let r,‘:zl’t (t),rgt(t)
be the corresponding optimal rate functions as given in (2.18). Suppose at time t, we have
r,'ﬁ’t(t) > 0, then, due to strict convexity 3679(1", t) is an increasing function of r and since

k2 > k1 the unique r* value for k2 must be greater than for k;. This gives, r,':‘z’t(t) > r,‘;ft(t).
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If instead at time ¢, we have r,‘;ft(t) = 0, then, r,?z’t(t) can be either 0 or positive. Thus,
we see that rg‘;t(t) > ri’l’t(t), Vt, with equality only if both are zero. This shows that
DP(t) is non-decreasing in k. For a given k value, the uniqueness of D% (t) follows
since r* is unique. Now suppose k& = 0, then, since g(r,t) is increasing in r we have
a‘%g(r, t) > 0,Vr. Also, as before %g(r, t) is an increasing function in r, thus, there is
no positive r* such that %g(r, t)lr=r+ = 0 (= k as taken). This gives rP*(t) = 0 and
D°Pt(t) = 0, Vt. Lastly, suppose DP*(T') = B > 0 and let k1, k2 be two distinct & values such
that f(;‘r rﬁt(s)ds = f(;‘r r,‘;’;’t(s)ds = B. Without loss of generality assume ko > k;. From the
earlier arguments we know that whenever r,‘;’l’t(t) > 0, we have rgt(t) > r,?l’t(t). Since B > 0,
an interval exists over which rﬁt(t) > 0. Thus, we see that fOT it (s)ds < foT r(s)ds,
which leads to a contradiction, hence there is a unique k value that achieves D?*(T) = B.

Consider now the setup with general A(t) and Dp,;n(t) curves. Theorem V below gives
the optimality criterion for this case and is a generalization of Theorem I presented ear-
lier. It states that if there exists any two points on an admissible departure curve that
can be replaced with a constant marginal-cost solution without violating the admissibility
constraints, the new departure curve obtained will have a lower energy cost. The no-
tation, “constant marginal-cost curve over interval [a,b] between [Bi,Ba]” will refer to
the departure curve, L(t), obtained using the solution in (2.18) as follows: L(a) = Bj,
L(t) = L(a)+ [, : r(s)ds, t € [a,b], where r(s) = max(0, r*) and marginal-cost k chosen such
that L(b) = By. From Lemma 9, this value of £ and the corresponding L(t) are unique.

Theorem V (Optimality Criterion) Let D(t) be an admissible departure curve and L(t)
be the constant marginal-cost curve over [a,b] between [D(a), D(b)], 0 <a < b<T. If L(t)
is admissible, i.e. Dmin(t) < L(t) < A(t), and, L(t) # D(t), the new departure curve D(t)

constructed as,

D) = D), te(0,a)
= L), t€ [a'ab]

i

D(t), t € (b,T)

satisfies £(D(t)) < E(D(t)), where £(-) is as given in (2.17).
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Proof: First note that since L(t) is admissible, the new curve D(t) is also admissible.

Consider, ,
E(D(®) - £DW) = L) - [ oD @), )t (2.21)

a
From Lemmas 8 and 9, we know that L(t) is the unique curve, that has the least energy
cost among all departure curves that would transmit (D(b) — D(a)) units of data over time
interval [a,b]. Thus, £(L(t)) < [ : 9(D'(t),t)dt, which completes the proof. ]

From the above theorem, we see that whenever admissible segments of the optimal
departure curve follow the constant marginal cost curve. This property translated into con-
stant rate (straight line) segments in the time-invariant power-rate function case, as outlined
earlier in Theorem I. Thus, we see that the pictorial representation and the properties from
the time-invariant case apply here in terms of constant marginal costs. Lastly, as illustra-
tive examples for the time-varying case, we re-visit Examples 1 and 2 in Section 2.3.3 and
obtain the departure curve that satisfies the optimality criterion. The algorithms presented
are obtained by translating the respective ones from the time-invariant case, where instead

of constant-slope segments we will be constructing constant marginal-cost segments.

Ezxample 6 : Consider the setup in Example 1 where there is a stream of N packet arrivals
and a deadline T by which all the data must depart. The curves A(t) and Dpn(t) for this
problem are depicted in Figure 2-6(a) with the same notations as used in that example.
To obtain the departure curve satisfying the optimality criterion proceed as follows. Start
at time 0; let {k;}, ¢ =1,..., N, be the marginal costs to meet each of the (T}, A;) points
individually, i.e. k; is the marginal cost associated with optimally transmitting A; bits over
time [0,T;]. Let kmin be the minimum among {k;} and %mi, the corresponding index of
the minimizing jump point. The first segment of D(t) is then the constant marginal

cost solution between [0,T;,..] with marginal cost kmin. Now, starting at (T;_,.,A4i,.;.)

repeat the algorithm by shifting the origin to this point and considering the jump points
beyond T;, ,,., i.e. considering all ¢ such that T; > T;

Tiin =T.

Finally, the algorithm stops when

min °

min

Ezample 7 : Consider the setup in Example 2 where the queue has M data packets
with the i** packet having b; bits and a deadline d;, ¢ = 1,.., M. For this problem, the

curves A(t) and Dp,n(t) are shown in Figure 2-6(b) with the same notations as used in
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that example. As in the previous example, the departure curve satisfying the optimality
criterion is constructed as follows. At time 0, let {k;}, j = 1,...,M be the marginal
costs to meet the (Tj, B;) points, i.e. k; is the marginal cost associated with optimally
transmitting B; bits over time [0,Tj]. Let kmg, be the maximum among {k;} and jmae
be the corresponding index of the maximizing jump point. The first segment of DP!(t) is
then the constant marginal-cost solution between [0, Tj,,.,] with marginal cost kmqz. Now,
starting at (Tjnees Bimas) TePeat the algorithm by shifting the origin to this point and
considering the jump points beyond Tj,,,.. The algorithm finally stops at the step when
Tjpaw =T

max
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2.5 Chapter Summary

In this chapter, we considered the deterministic setup for the deadline-constrained energy-
efficient data transmission problem. We presented a finite-time horizon formulation where
the objective was to obtain the minimum-energy transmission policy with hard deadline or
other QoS constraints on the data. The data flow model was setup using three cumulative
curves — the arrival curve A(t), the departure curve D(t), and the minimum departure curve
Drin(t). The arrival curve modelled the cumulative amount of data arrived to the queue,
the departure curve modelled the cumulative amount of data departed from the queue, and
the minimum departure curve modelled the cumulative minimum amount of data that must
depart to satisfy the quality-of-service constraints. Under this framework, the optimization
problem reduced to obtaining the minimum energy departure curve that satisfied the arrival
and the QoS constraints.

We considered both the time-invariant and the time-varying power-rate function. In
the time-invariant case, the graphical visualization of the problem provided an intuitive
understanding of the optimality properties and the optimal departure curve, DP¥(t). As
outlined in Section 2.3.3, the optimal departure curve can be visualized as a taut string lying
between the A(t) and Dpin(t) curves. It was also shown that D°P%(t) not only minimizes the
total energy expenditure but it also has the least maximum instantaneous power requirement
and the shortest length among admissible departure curves. In the time-varying power-rate
function case, the corresponding optimality criterion was obtained and it was shown to be
based on a constant marginal-cost property.

The formulation considered in this chapter generalizes the work presented in [10, 21].
Hence, the problems considered in those works can be re-formulated within the cumulative
curves framework of this chapter, and the solutions can be obtained in a simpler way
through the graphical picture. Having considered the deterministic case, we next consider
a stochastic setup in Chapters 3 and 4 which involves a stochastic and time-varying fading

channel.
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Chapter 3

Stochastic Setup — “BT-problem”

3.1 Introduction

Communication over a wireless channel inherently involves dealing with channel variations
that arise due to multi-path fading and other similar effects; however, the effect of channel
fading on data transmission depends on the time-scale of this variability [4,5]. In slow
mobility environments, such as fixed wireless LAN’s with noﬁ—mobile or slowly moving users,
the time-scale of channel variations is much larger as compared to the time-scale of packet
deadlines. Thus, in this case, data communication takes place over a virtually time-invariant
channel. In scenarios of higher mobility, the time-scale of channel variations is much shorter
and a network-layer data packet would then need to be transmitted over multiple fade states
of the channel. As discussed in Chapter 1, since the power-rate function depends on the
underlying channel fade state, clearly, to achieve energy efficiency the transmission rate
must be adapted dynamically over time in response to the channel variations.

In this chapter and the next, i.e. Chapters 3 and 4, we focus on such scenarios where the
channel fluctuates on a time-scale shorter than the packet deadlines. Our main focus in this
chapter will be on the canonical “BT-problem”, where the transmitter queue has B bits of
data and a single deadline T' by which this data must be tra.nsrhitted. The channel state
varies stochastically over time and is modelled as a Markov process. The transmitter can
control the transmission rate over time and the expended power depends on both the chosen
rate and the present channel state. The objective is to obtain a transmission policy that
minimizes the expected energy expenditure while meeting the deadline constraint. As we

see later in Chapter 4, the solution to the BT-problem helps build towards many important
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generalizations involving variable deadlines and packet arrivals.

In the previous chapter, we observed that the optimal solution under a deterministic
setup has a very elegant description using a graphical visualization. We also observed that
under the time-invariant channel setup the optimal policy to transmit B bits of data by
deadline T was to transmit at a constant rate B/T (see Section 2.3.2). With a stochastic
channel, clearly, a constant transmission rate does not suffice and the rate must be further
adapted in response to the channel variations. Intuitively, when the channel is in a “good”
state the transmission rate must be increased while in a “bad” state it must be decreased.
In this chapter, we obtain the optimal rate-control policy and discuss the various interesting
insights that can be drawn from its functional form.

The rest of this chapter is organized as follows. In Section 3.2, we describe the trans-
mission and the channel model. In Section 3.3, we address the BT-problem when there
is no limit on the instantaneous maximum transmission power, while, in Section 3.4, we
consider the setup when there is a short-term average power limit. Finally, in Section 3.5,
we conclude the chapter and summarize the results. The proofs for the various results in

this chapter are presented in Appendix B.

3.2 System Model

As assumed in Chapter 2, we consider a continuous-time model of the system where the
rate can be varied continuously in time. Clearly, such a model is an approximation of a
communication system that operates in discrete time-slots; however, the assumption is jus-
tified since, in practice, transmission-rate can be adapted over time-slots of 1 msec duration,
while, in comparison packet deadlines are usually on the order of 100’s of msec [3,4,6]. A
significant advantage of such a model is that it makes the problem mathematically tractable
and yields simple solutions, whereas, the alternative discrete-time optimization setup (eg.
discrete-time Dynamic Programming) is intractable, computationally intensive and would
only yield numerical solutions without much insights. In fact, the results obtained here using
the continuous-time model can be applied to the discrete-time system in a very straightfor-
ward manner, by simply evaluating the solution at the time-slot boundaries, as done for the
‘simulation results. We now describe the transmission model followed by the Markov model

for the channel state process.
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Figure 3-1: Modulation scheme considered in [40] as given in the table. The corresponding
plot shows the least squares monomial fit, 0.043r257, to the scaled piecewise linear power-
rate curve.

3.2.1 Transmission Model

Let h; denote the channel gain, P(t) the transmitted signal power and PT°%(t) the received
signal power at time t. As discussed in Chapter 1 (see Section 1.1), the required received-
signal-power for reliable communication, with a certain low bit-error probability, is convex
in the rate [4,8-13,21,22,27,29,32,39,40]; ie. P 4(t) = g(r(t)), where g(r) is a non-
negative, convex and increasing function for > 0. Since the received signal power is given

as Pred(t) = |hy|2P(t), the required transmission power to achieve rate r(t) is given by,

P(t) = _g_(g?‘((tt)i (3.1)
where c(t)£]h:|2. The quantity c(t) is referred to as the channel state at time t. Its value
at time ¢ is assumed known either through one-step channel prediction or direct channel
measurement, but it evolves stochastically in the future. As an example of (3.1), with
optimal channel coding the well-known Shannon capacity formula gives the power per bit
as, P = MI(’%’_I;VK—_Q [67]; other examples can be found in [9,10]. It is worth emphasizing
that while we defined c(t) as |h;|? to motivate the relationship in (3.1), more generally, c(t)
could include other stochastic variations in the system and (uncontrollable) interference

from other transmitter-receiver pairs, as long as the power-rate relationship obeys (3.1)!.

!For example, let I(t) be the interference power from other sources. Treating this as gaussian noise, the
reliable communication rate, r(t), for transmit power P(t) is given by, 7(t) = W log, (1 + I_V%%Vl!_"_'_;:!t_)), where
No is the thermal noise power per unit bandwidth and W is the total bandwidth. Re-arranging and defining

2
c(t) = Tojv%-l‘m’ we get, P(t) = 91:.(%22, where g(r) = 27/ — 1.
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In this work, our primary focus will be on g(r) belonging to the class of Monomial
functions, namely, g(r) = kr®, n > 1,k > 0 (n,k € R). While this assumption restricts
the generality of the problem, it serves several purposes. First, mathematically it leads to
simple optimal solutions in explicit-form and insightful observations that can be applied in
practice. Second, most importantly, for most practical transmission schemes, the function
g() is described numerically and its exact analytical form is unknown. In such situations,
one can obtain the best approximation of that function to the form kr™ by choosing the
appropriate k,n and then applying the results thus obtained. For example, consider the
QAM modulation scheme considered in [40] and reproduced here in Figure 3-1. The table
gives the rate and the normalized signal power per symbol, where d represents the minimum
distance between signal points and the scheme is designed for error probabilities less than
10~6. The plot gives the least squares monomial fit to the transmission scheme and one can
see from the plot that for this example the monomial approximation is fairly close. Third,
monomials form the first step towards studying extensions to polynomial functions which
would then apply to a general g(:) function using the polynomial expansion. Under a more
restrictive setting in Section 3.3.3, we also study the class of Ezponential functions, namely,
g(r) = k(a" — 1), a > 1,k > 0 (a,k € R). Finally, without loss of generality, throughout
the chapter we take k = 1, since any other value of k simply scales the total energy cost

without affecting the results on the optimal transmission policy.

3.2.2 Channel Model

We consider a general first-order, continuous-time, discrete state space Markov model for
the channel state process. Markov processes constitute a large class of stochastic processes
that exhaustively model a wide set of fading scenarios, and there is substantial literature on
these models [54-59] and their applications to communication networks [27,58-60]. In fact,
in [54-57] and the body of literature referenced therein, first-order Markov models have
been proposed for various commonly studied fading scenarios such as Rayleigh, Rician and
Nakagami fading. In this work, we do not restrict attention to a specific fading scenario
but rather assume a fairly general Markov model, as described in detail next.

Denote the channel stochastic process as C(t) and the state space as C. Let ¢ € C denote
a particular channel state and {c(t),t > 0} denote a sample path. Starting from state c,

the channel can transition to a set of new states (# c) and this set is denoted as J.. Let
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Acz denote the channel transition rate from state c to ¢, then, the sum transition rate at
which the channel jumps out of state ¢ is, A = )5 7, Acz- Clearly, the expected time that
C(t) spends in state c is 1/\. and one can view 1/). as the coherence time of the channel
in state c.

Now, define A £ sup, A, and a random variable, Z(c), as,

¢/c, with probability Aez/A, ¢ € J.
Z(c)A / </ ¢ (3.2)

1,  with probability 1 — A;/A

With this definition, we obtain a compact and simple description of the process evolution
as follows. Given a channel state c, there is an Ezponentially distributed time duration with
rate A after which the channel state changes. The new state is a random variable which is
gwen as C = Z(c)c. Clearly, from (3.2) the transition rate to state é € J, is unchanged at
Acé, Whereas with rate A — A, there are indistinguishable self-transitions. This is a standard
Uniformization technique and there is no process generality lost with the new description
as it yields a stochastically identical scenario [86].

Other technical assumptions in the channel model are as follows. The channel state
space, C, is assumed to be a countable space and C C R*. The states ¢ = 0, oo are excluded
from C since each of this state leads to a singularity in (3.1). The set J., Vc, is a finite subset
of C. Transition rate A, Ve, is bounded which ensures that A defined as the supremum is
finite. For all ¢, the support of Z(c) lies in [z, 23], where 0 < 2; < 2z, < co. This ensures

that C(t) does not converge to 0 or oo, a.s. (almost surely), over a finite time interval.

Ezxample: As an example, consider a two-state channel model with states b and g denot-
ing the “bad” and the “good” channel conditions respectively. The two states correspond
to a two level quantization of the channel gain square (i.e. |h(t)|?). If the measured channel
gain square is below some value, the channel is labelled as “bad” and c(t) is assigned an
average value c;, otherwise c(t) = c, for the good condition. Let the transition rate from
the good to the bad state be Ay, and from the bad to the good state be Apg. Let v = cp/cy,

and using the earlier definition, A = max(\yg, Agy). For state ¢, we have,

7, with probability Agy/A :
Z(ep) = (33)
1, with probability 1 — Ag/A
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Figure 3-2: Schematic description of the system for the BT-problem.

To obtain Z(cp), replace v with 1/ and Ag with gy in (3.3).

3.3 BT-problem

As a recapitulation, the BT-problem is to transmit B bits of data by deadline T. The
channel state is stochastic and the objective is to obtain a rate-control policy that minimizes
the expected energy expenditure while meeting the deadline constraint. We assume that
there is no power limit and given a particular channel state the transmitter can transmit
at any non-negative rate. While this assumption simplifies the mathematical exposition,
the convexity of the power-rate curve does impose a “soft” power limit since higher rate
transmissions incur a rapidly increasing power expenditure. Thus, the optimal policy would
tend to avoid high-power transmissions; furthermore, in case of a practical implementation
one can modify the optimal policy by simply restricting its rate to the maximum allowable.
To further explore the issues arising out of power-limits, we consider a formulation involving
short-term power limits which is presented later in Section 3.4.

We now discuss in detail the optimal control formulation for the BT-problem, obtain

the optimal policy and discuss the insights that can be drawn from it.

3.3.1 Optimal Control Formulation

Let z(t) denote the amount of data left in the queue at time {. The system state can
then be described as (z,c,t), where this notation means that at the present time £, the
amount of data left is z(¢) = z, and the channel state is c(t) = c. Let r(z,c,t) denote the
chosen transmission rate for the corresponding system state (z,c,t). Since the underlying
channel process is Markov, it is sufficient to restrict attention to transmission policies that
depend only on the present system state [65]. Clearly then, (z,c,t) is a Markov process. A

schematic diagram of the system is depicted in Figure 3-2.
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Figure 3-3: System evolution over time for the BT-problem.

Given a policy r(z, c, t), the system evolves in time as a Piecewise-Deterministic-Process
(PDP) [63] as follows. It starts with z(0) = B and ¢(0) = cp (co € C). Until 71, where
71 is the first time instant after ¢ = 0 at which the channel changes, the buffer is reduced
at the rate r(z(t), co,t) (throughout the thesis, the terms “queue” and “buffer” are used
interchangeably). Hence, over the interval [0,71), z(t) satisfies the ordinary differential
equation,

20— (a0, c0t) (3.4

Equivalently in integral form, z(t) = z(0) — fot r(z(s), co, 8)ds, t € [0,71]. Then, starting
from the new state (z(71),c(71),71), until the next channel transition we have, %ﬂ =
—r(z(t), c(m1),t), t € [11,72); and this procedure repeats until ¢ = T is reached. A schematic

diagram of the process for a particular channel sample path is depicted in Figure 3-3.

A transmission policy, r(z,c,t), is admissible for the BT-problem, if it satisfies the

following,
(a) 0 < r(z,c,t) < 0o, (rate must be non-negative)
(b) r(z,¢c,t) =0, if z =0 (no data left to transmit) and,
(c) z(T) = 0, almost surely (a.s.), (deadline constraint)

Additionally, another technical requirement is that r(z, ¢, t) be locally Lipschitz contin-
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uous in z (for z > 0) and piecewise continuous in ¢ which ensures that the ODE in (3.4)
has a unique solution [69].

Consider now an admissible transmission policy r(-) and define a cost-to-go function,
Jr(z, ¢, t), as the expected energy cost starting from state (z,c,t), t < T. Then,

T
Iaet) = B| [ o(r(ale). (o) 9)ds] (35)

c(s)

where the term within the brackets is the total energy expenditure obtained as the integral
of the power cost over time. The expectation above is taken over {c(s),s € (¢,7]} and
conditional on the starting state z(t) = z, c¢(t) = ¢. Define a minimum cost function,

J(z,c,t), as the infimum of J.(z, c,t) over the set of all admissible transmission policies.

J(z,c, t) 2 (imn(ft) Jr(z,c,t), r(z,c,t) admissible (3.6)

L]

Thus, now, stated concisely the optimization problem is to compute the minimum cost

function J(z, ¢, t) and obtain the optimal policy r*(z, ¢, t) that achieves this minimum cost.

3.3.2 Optimality Conditions

A standard approach towards studying continuous-time problems is to investigate their
behavior over a small time interval. In the context of the BT-problem, this methodology
is summarized as follows. Suppose that the system is in state (z,c,t). We first apply a
transmission policy, 7(z, ¢, t), in the small interval [t, ¢+ k] and thereafter, starting from the
state (z(t + h), c(t + h), t+h) we assume that the optimal policy is followed. By assumption,
the energy cost is optimal over [t+ h, T}, hence, investigating the system over {t,t+ h] would
give conditions for the optimality of the chosen rate at time . Since ¢ is arbitrary, we obtain
formal conditions for an optimal policy.

Following the above approach, we now present the details of the analysis. Consider
t € [0, T) and a small interval [t, t+h), where t+h < T. Clearly, from Bellman’s principle [63]

the value function J(z, c,t) satisfies,

) t+h 1
J(:L‘, ¢, t) = 1:1(1? {E/t c—(s—)g(r(w(s), c(s), s))ds + EJ($§+h, Ctih,t+ h)} (3.7)

where z; 1, ci4h is a short-hand notation for z(t+h) and c(t+h) respectively. The expression
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within the minimization bracket in (3.7) denotes the total cost with policy r(-) being followed
over [t,t + h] and the optimal policy thereafter. This cost must be clearly no less than the
cost of applying the optimal policy directly from the starting state (z,c,t). Thus for an
admissible policy r(-) we obtain,

t+h 1
J(z,c,t) < E/ —ﬁg(r(a;(s), c(s),s))ds + E[J(Tiyh, Coan,t+ h)] (3.8)

t+h
B umasnt+ W] =@t + B [ o)) s 20 (39)

Dividing (3.9) by h and taking the limit h | 0, we obtain,

t+h T
BT R s ) (3.10)
3 .

Cc

where, r, denotes the transmission rate for the policy at time ¢, i.e. r = r(z,c,t).

Define, limp o EJ(@eshcesntth)—J(zet) A gry z,c,t), then taking this limit in (3.9) and
1 h
using (3.10) we get,
A" J(z,c,t) + %g(r) >0 (3.11)

The quantity A"J(z,c,t) is called the differential generator of the Markov process
(z(t), c(t)) for transmission policy r(-). Intuitively, it can be viewed as a natural general-
ization of the ordinary time derivative for a function that depends on a stochastic process.
An elaborate discussion on this topic can be found in [63-65]. For the process (z(t), c(t)),
using the time evolution in (3.4), the quantity A"J(z,c,t) can be evaluated as,

oJ(z,c,t)

> r(z,ct )BJ(:v, c,t)

A"J(z,c,t) = + ME,[J(x, Z(c)c, t)] — J(z,c,t)) (3.12)

where E, is the expectation with respect to the Z variable as defined in (3.2). A heuristic

computation for A"J(x,c,t) is given in Appendix B.12; for a detailed explanation see [63].

Now, in the above steps from (3.8)-(3.11), if policy r(-) is replaced with the optimal
policy r*(-), equation (3.11) holds with equality and we get,

. 1
A" J(z,¢,t) + —g(r") =0 (3.13)

Thus, we see that for a given system state (z,c, t), the optimal transmission rate r* is that
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value of r that minimizes (3.11) and the minimum value of this expression equals zero. This
gives,

min 9(r) + A" J(z,c,t)| =0 (3.14)
r€[0,00) c

Substituting A" J from (3.12), we get a partial differential equation (PDE) in J(z, ¢, t) which
is also referred as the Hamilton-Jacobi-Bellman (HJB) equation. This is the Optimality
Equation for the BT-problem.

o) , 3(,08) _ 9I(,c1)
c ot or

min{

reloro) + ME:J(z, 2()e,t)] - I(z, ¢, 1)} =0 (3.15)

The boundary conditions for the above PDE are, J(0, ¢,t) = 0, and J(z,¢,T) = o0, ifz > 0.

The last condition follows due to the deadline constraint of T on the data.

While the above analysis gives the optimality equation, an important caveat is that it
assumes J(z, ¢, t) to be sufficiently smooth. Therefore, additionally, we also need converse
arguments to verify that having a solution of (3.15) indeed gives the optimal solution. These

technical details and the verification theorems are presented in Appendix B.1.

3.3.3 Optimal Transmission Policy

We have, so far, presented general results on the optimality condition for the BT-problem.
We, now, give specific analytical results for the optimal policy and discuss some of the
insights that can be drawn from it. However, before proceeding further a few additional
notations regarding the channel process are required. Let there be total m channel states

in the Markov model and denote the various states c € C as ¢!, c?

,-+.,C™. Given a channel
state ¢, the values taken by the random variable Z(c') (defined in (3.2)) are denoted as
{zi;}, where z;; = ¢/ /¢'. The probability that Z (¢) = 2 is denoted as p;;. Clearly, if there
is no transition from state ¢! to ¢/, pij = 0. Also, without loss of generality we take the
multiplicative constant k& = 1 in the function g(r) = kr™ since any other value of k simply

scales the total cost in (3.5) but the optimal policy results remain the same.

Theorem VI Consider the BT-problem with g(r) = ™, n > 1,n € R and a Markov

channel model. The optimal policy, r*(z,c,t), and the minimum cost function, J(x,c,t),
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are given by (note, (z,c¢,t) € [0,B] x C x [0,T)),

r*(z,ct) = .—iji”_tS’ i=1,...,m (3.16)
i z" .
J(z,c't) ART =) i=1,...,m (3.17)

The functions {fi(s)}~; are the solution of the following ordinary differential equation
(ODE) system with the boundary conditions f;(0) = 0, f/(0) = 1,Vi 2,

ey _ Af(s) pie (f(s))”
As) = 1472 1 s Z e T (3.18)
Y _ )‘fm(s) A v Pmk (fm(s))"
fm(s) - -1 n—1 Pt Zm: (fk(s))n—l (319)
Proof: See Appendix B.2. [ ]

The results in the above theorem can be interpreted as follows. From (3.16), the optimal

rate given z amounts of data left, channel state ¢! and time ¢, is 7T—7 where the function

t ?
fi(s) is associated with the channel state c*. The corresponding minimum expected cost

starting from state (z, ¢, t) is . The boundary condition f;(0) = 0 is due to the

deadline constraint, since at the deadline (T —t) = 0 and we have J(z,c},T) = oo, if z # 0.
In full generality, the ODE system in (3.18)-(3.19) can be easily solved numerically using
standard techniques (e.g. ODE solvers in MATLAB) and as shown in Appendix B.2, the
system has a unique positive solution. Furthermore, this computation needs to be done
only once before the system starts operating and {f;(s)} can be pre-determined and stored
in a table in the transmitter’s memory. Once {fi(s)} are known, the closed form structure
of the optimal policy in (3.16) warrants no further computation. At time ¢, the transmitter
simply looks at the amount of data left in the queue, z, the channel state, ¢!, and using the
appropriate f;(-) function it computes the transmission rate as mqaf——ii

The solution in (3.16) provides several interesting observations and insights as follows.

At time t, the optimal rate depends on the channel state ¢! through the function f;(T — t)

and this rate is linear in = with slope mﬁ Thus, as intuitively expected, the rate is

2For numerical evaluation of the ODE solution, the two boundary conditions can be combined by taking
a small € > 0, letting fi(s) = 3, s € [0,¢], Vi and then using an initial-value ODE solver to obtain
{fi(s)}v s2e
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proportionately higher when there is more data left in the queue. Furthermore, we can
view the quantity ﬂﬁ as the “urgency” of transmission under the channel state ¢! and
with (T — t) time left until the deadline. This view gives a nice and intuitive separation

form for the optimal rate:
optimal rate = amount of data left * urgency of transmission

Due to the boundary condition, as t approaches T, fi(T — t),Vi goes to zero, thus, as
expected, the urgency of transmission, HII‘_'—tS’ increases as t approaches the deadline.
Interestingly, if we set A = 0 (no channel variations) then, fi(T —¢) = T —t,Vi and
r*(z,¢,t) = 7%. Thus, with no channel variations the optimal policy is to transmit at
a rate that just empties the buffer by the deadline. This observation is consistent with
the results in Chapter 2 and also conforms with previous results in the literature for non-

fading/time-invariant channels [10,21]. We refer to this transmission scheme as the “Direct

Drain” (DD) policy.

Simulation Example: Consider the two state channel model with states “bad” and

“good” as described in Section 3.2.2. Let g(r) = 2 (i.e. n = 2) and for simplicity take
Abg = Agb = A. Denoting v = cp/cy, we have, Z(cg) =7, w.p. 1, and Z(cp) = 1/, w.p. 1.

Denoting fu(s), fg(s) as the respective functions in the bad and the good states, we have,

s = 1+Afb(s)—ﬂff‘;%)f (3:20)
2
fi(s) = 1+,\fg(s)—5%%)— (3.21)

Figure 3-4 plots these functions, evaluated using MATLAB, for T = 10,A = 5,y = 0.3.
First, as expected fo(T —t) < fpo(T — t),Vt, which implies that given z units of data in
the buffer and time ¢, the rate m’h is higher under the good state than the bad state.
Second, fo(T —t) < T —t < fp(T — t), where the function, T' — ¢, gives the rate, 77,
corresponding to the direct drain (DD) policy. Thus, the optimal policy both spreads the
data over time and adapts the rate in response to the time-varying channel condition and
this adaptation is governed by the respective functions {fi(-)}.

We now present illustrative simulation results to compare the performance of the optimal

policy with the direct drain (DD) policy in terms of the energy expenditure. As stated

64



n
(4]

n
o
7
4
’
’

f,(T-0, 1T

4 6 8 10
time, t

Figure 3-4: f,(T —t) and fo(T —t) plot for the bad and the good channel respectively.
Other parameters include, g(r) = r2, T = 10, = 5,y = 0.3.
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Figure 3-5: Expected energy cost for the optimal and the direct drain (DD) policy.

earlier, the DD policy transmits at a rate sufficient to just empty the buffer by the deadline.
For the simulations, we consider the two-state channel model with c; = 1, ¢, = v and take
g(r) = r2. We let, T = 10 and partition the interval [0, 10] into slots of length dt = 1073,
thus, having 10,000 time slots. The transmission rate chosen in each slot is obtained by
evaluating the respective policies at the time corresponding to the start of that slot. A
channel sample path is simulated using a Bernoulli process, where in a slot the channel
transitions with probability Adt and with probability 1 — Adt there is no transition. At
each transition the new state is ¢ = Z(c)c, which for the two-state model amounts to jumps

between the two states. Expected energy cost is computed by taking an average over 10*

sample paths.
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Figure 3-5(a) plots the energy costs of the two policies as A is varied with v = 0.3 and
B = 10. When X is small the channel is essentially time-invariant over the deadline interval
and the two policies are comparable. As A increases, the optimal policy has a substantially
lower energy cost than the DD policy since it adapts to the channel fluctuations; whereas,
the DD policy which does not adapt incurs high energy cost during the bad channel states.
In Figure 3-5(b), v is varied with A =5 and B = 10. As 7 decreases the good and the bad
channel quality differ significantly and the optimal rate adaptation leads to a substantially

lower energy cost with an order of magnitude difference as compared to the DD policy.

Constant Drift Channel: Theorem VI gives the optimal policy for a general Markov

channel model. By considering a special structure on the channel model which we refer to
as the “Constant Drift’ channel, two specialized results can be obtained. First, we obtain
the f(-) function in closed form for the Monomial class (g(r) = ™), and second, we obtain

the optimal policy for the Exponential class (g(r) = o — 1).

In the constant drift channel model, we assume that the expected value of the random
variable 1/Z(c) is independent of the channel state, i.e. E[1/Z(c)] = f, a constant. Thus,
starting in state c, if ¢ denotes the next transition state we have E [1] = E [7%—5] = 'g
This means that if we look at the process 1/c(t), the expected value of the next state is
a constant multiple of the present state. We refer to § as the “drift’ parameter of the
channel process. If B > 1, the process 1/c(t) has an upward drift; if 8 = 1, there is no
drift and if 8 < 1, the drift is downwards. As a simple example of such a Markov model,
suppose that the channel transitions at rate A > 0 and at every transition the state either
improves by a factor u > 1 with probability p,, or worsens by a factor 1/u with probability

pg (= 1—py). Thus, given some state ¢ > 0 the next channel state is either uc or ¢/u, and,

E[1/Z(c)] = pu/u + upq. Here, the drift parameter § = pu/u + upy-

There are various situations where the above model is applicable over the time scale
of the deadline interval. For example, when a mobile device is moving in the direction of
the base station, the channel has an expected drift towards improving conditions and vice-
versa. Similarly, in case of satellite channels, changing weather conditions such as cloud
cover makes the channel drift towards worsening conditions and vice-versa. In cases when
the time scale of these drift changes is longer than the packet deadlines, the constant drift

channel serves as an appropriate model.
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The next theorem, Theorem VII, gives the optimal policy result for the constant drift
channel model for the monomial class of functions while Theorem VIII later gives the result

for the exponential class.

Theorem VII Consider the BT -problem with g(r) = ™, n > 1,n € R and a constant
drift channel with drift 3. The optimal policy, v*(z,c,t), and the minimum cost function,

J(z,c,t), are,

T*($,C,t) = TT:’I:——t) (322)
J(@ct) = Zg_(i"%))n_—l (3.23)

where f(T —t) = 55 (1 — exp(-2E50(T - 1))).

Proof: See Appendix B.6. [ |

The closed-form expression of f(-) above provides an interesting and intuitive observa-
tion related to the parameter . Suppose that the present channel state is ¢, then for a
fixed rate r, the expected power cost in the next channel state is (E [‘Zlég;] = g§c:2 ﬂ) which
is B times the present cost @. This means that for higher values of parameter 3, the
channel on every transition drifts in an expected sense towards higher expected power cost
or worsening conditions and vice-versa as 3 decreases. Hence, as expected, the urgency of
transmission 1/f(t) is an increasing function with respect to 8, since for larger 8 values
it becomes more energy efficient to utilize the present channel conditions. Interestingly,
when § = 1, the expected future power cost does not change and in this case the optimal
policy reduces to the direct drain (DD) policy, i.e. r*(z,c,t) = 7= (where we have used
L’Hopital’s rule to evaluate f(-) for 8 = 1). Thus, we see that the direct drain policy is

optimal both under no channel variations and under a constant drift channel with 8 = 1.

Theorem VIII Consider the BT -problem with g(r) = a" — 1, a > 1 and a constant drift
channel with drift 3. The optimal policy, r*(z,c,t), is the following,

Case 1: B> 1,
DY 0<z < ME-DE=y? |
™(z,ct) = e o (3.24)
AB=1)(T—t) A(B=1)(T—t
o+ 0 g > A0
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Case 2: 0 < B < 1,

0 < 3 < M=BT-?

2Ina

(2, c,t) = (3.25)
_z_ _ M1-B)(T-t) > M1=8)(T-t)?
T-t 2lna ! = 2lna

Proof: See Appendix B.7. [ |

From above, we see that the optimal rate function has a different functional form than
the monomial case. However some of the natural properties of the rate function hold true in
this case as well - it is monotonically increasing in z, increasing as ¢ approaches the deadline

and also increasing in 3.

3.4 BT-problem with Short-term Power Limits

In the previous section, Section 3.3, we considered the BT -problem without an explicit
power limit constraint. The transmitter was allowed to choose any transmission rate, al-
though, due to convexity of the power-rate function the required transmission power in-
creased rapidly with the rate. In this section, we turn our attention to the case when there
are explicit short-term power limits. We consider the setup where the average transmission
power spent over a short time interval must be less than some amount P. With this con-
straint, clearly, there is a restriction on the average amount of data that can be transmitted
over a certain time interval, thus having the possibility of data left in the queue at T. To
minimize the leftover data we apply a penalty cost on it. The objective now is to obtain a
rate control policy that minimizes the expected energy expenditure plus the penalty cost
imposed on the leftover data.

To address the power-constrained problem, we consider, as before, a continuous-time
stochastic control formulation and in addition utilize lagrange duality techniques [66,68] to

obtain the optimal policy. These details are described in the following sections.

3.4.1 Problem Formulation

As in Section 3.3.1, let z(t) be the amount of data left in the queue at time ¢ and let
(z,c,t) denote the system state, where, as before, this notation means that at time ¢ we

have, z(t) = z and c(t) = c. Let r(z,c,t) denote a particular transmission policy. Given a
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policy r(z, c,t), the system evolves in time as a Piecewise-Deterministic-Process (PDP) as
described earlier in Section 3.3.1. We are given z(0) = B and ¢(0) = ¢p. Until 7, where 1
is the first time instant after ¢ = 0 at which the channel changes, the buffer is reduced at

the rate r(z(t), co,t). Hence, over the interval [0, 1), z(t) satisfies the ordinary differential

equation,

2 — —r(a(t),co,1) (3.26)
Equivalently, z(t) = z(0) — fg r(z(s), co, 8)ds, t € [0,71]. Then, starting from the new
state (z(71), ¢(m1), 1), until the next channel transition, we have, Md}l = —r(z(t), c(m1), t),

t € [m1,72); and this procedure repeats until t = T is reached.

At time T, the data that missed the deadline (amount z(T')) is assigned a penalty cost of
M?C{%Uﬁ for some 7 > 0. This peculiar cost can be viewed in the following two ways. First,
it simply represents a specific penalty function where 7 can be adjusted and in particular
made small enough?® so that the data that misses the deadline is small. This will ensure
that with good source coding, the entire data can be recovered even if z(T") misses the
deadline. Second, note that Lﬂ.ﬁ%%lﬁ is the amount of energy required to transmit z(T")
data in time 7 with the channel state being ¢(7"). Thus, 7 is the small time window in which
the remaining data is completely transmitted out assuming that the channel state does not
change over that period. In fact, viewing T + 7 as the actual deadline, 7 then models a
small buffer window in which unlimited power can be used to meet the deadline, albeit, at
an associated cost.

Let the interval [0, T] be partitioned into L equal periods* and denote P as the short-
term expected power constraint at the transmitter. Then, over each partition the power
constraint requires that the expected energy cost, E [ I 3135 g(r(z(s), c(s), s))ds] , 18 less than
P(T/L), i.e. we require,

E [/;LIE g(r(z(sc)(,sf):(S),S)) ds] < .PL_T, k=1,...,L (3.27)

Note that T//L is the duration of each partition interval and [gk—_flLT-, &E is the k** interval,

k=1,...,L. Clearly, by varying L the duration of the partition interval can be varied and

3For a strictly convex g(-) function, making 7 smaller increases the penalty cost.
“Extensions to arbitrary sized partitions is fairly straightforward and such a generality is omitted for
mathematical simplicity.
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the power constraint can be made either more or less restrictive.

Let ® denote the set of all transmission policies, r(z,c,t), that satisfy the following
requirements,

(a) 0 < r(z,¢,t) < 0o, (non-negativity of rate)

(b) r(z,c,t) =0, if z = 0 (no data left to transmit)®.
We say that a policy r(z,c,t) is admissible for the BT-problem with power constraints, if
r(z,c,t) € ® and additionally it also satisfies the power constraint as given in (3.27).

Denoting the optimization problem as (P), it can now be summarized as follows,

' Tl r9(*2)
) -r(l.?ef@ E _ /0 g(s—)g(r(x(s),c(s), s))ds +_c_@)_
subject to E /0 z Z(lgg(r(x(S),C(s)’s))ds < _}_)LZ

T
B| Jrson 9 c(s),s))ds} <=
The expectations above are conditional on (zo, co)®, the starting values at ¢t = 0. For the
analysis, we will keep the general notation zp but its value in our case is simply zo = B.
Note that problem (P) as stated above has at least one admissible solution since a policy
that does not transmit any data and simply incurs the penalty cost is an admissible policy.
Furthermore, as shown in Appendix B.11, this simple policy has a finite cost and hence the

minimum value of the objective function above is finite.

3.4.2 Optimal Policy

In order to solve problem (P), we consider a lagrange duality approach. The basic steps
involved in such an approach are as follows: (a) form the lagrangian by incorporating
the constraints into the objective function using lagrange multipliers, (b) obtain the dual
function by minimizing over the primal space, and (c) maximize the dual function with
respect to the lagrange multipliers. Finally, we need to show that there is no duality gap,

that is, maximizing the dual function gives the optimal cost for the constrained problem.

5 As before, to ensure that (3.26) has a unique solution, we also require that r(z, c,t) be locally Lipschitz
continuous in z (z > 0) and piecewise continuous in ¢. '

6To avoid being cumbersome on notation, we will throughout represent conditional expectations without
an explicit notation but rather mention the conditioning parameter whenever there is ambiguity.
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There are, however, important subtleties in problem (P) which make it non-standard. First,
the domain of the rate functions r(-) is a functional space which makes (P) an infinite
dimensional optimization, and, second, (P) is a stochastic optimization and by this we
mean that there is a probability space involved over which the expectation is taken. We

now present the technical details of the various steps mentioned above.

Dual Function

Consider the inequality constraints in (P) and re-write them as follows,

kT
T glr(z(s),c(s),9)) , | _ PT -
E /k_lT (o) T <0, k=1,...,L (3.28)
L
Let 7 = (v1,...,v1) be the lagrange multiplier vector for these constraints and since these
are inequality constraints, the vector # must be non-negative, i.e. 11 >0,...,v; > 0. The

Lagrangian function is then given as,

g\r ﬂﬂ L &L'I_' T
'H(r('),ﬁ)=E[ /0 ((())) ((T) )]+Zu ( [ugi(g))) ] PLT) (3.29)

Re-arranging the above equation, it can be written in the form,

voye | [F AT, | TeEH] PT
H(r(-),P)=E [/0 () ds+ o(T) (ni+...+vL) 7 (3.30)

where v(s) takes the value v over the k™ partition interval, i.e. v(s) = v, s € [E50T &T),

The Dual function, denoted as L(P), is defined as the infimum of the lagrangian function

H(r(:), ?) over r(z,c,t) € ®. Thus, we have,
L) = 1nf ’H(r( ), D) (3.31)

A point to note here is that the policies r(x,c,t) over which the above minimization is
considered do not have to satisfy the power constraints, though, the other requirements
still apply. This is because the short term power constraints (violation) have been added
as a cost in the objective function of the dual problem. A well-known property of the dual

function is that for a given lagrange vector 7 > 0, the dual function L(D) gives a lower
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bound to the optimal cost in (P). This standard property is referred to as Weak Duality
and it applies in our case as well. Let J(zo,cp) denote the optimal cost for problem (P)
(i.e. the minimum value of the objective function) with (zo, co) being the starting state.

We then have the following result.

Lemma 10 (Weak Duality) Consider problem (P) and let (xo,co) be the starting state
att =0. Then, for all o > 0, we have, L(7) < J(zo, co)-
Proof: See Appendix B.8. [ |

We next proceed to evaluate the dual function £(7) by solving the minimization problem
in (3.31).

Ewvaluating the dual function: The approach we adopt to evaluate the dual function is to

view the problem in L stages corresponding to the L partition intervals and solve for the
optimal rate functions in each of the partitions with the necessary boundary conditions at
the edges. An immediate observation from (3.30) is that the effect of the lagrange multipliers
is to multiply the power-rate function ﬂc%%l with a time-varying function (1 + v(s)). Thus,
the difference over the various intervals is in a different multiplicative factor to the cost
function, which for the k** interval is, 1+ v(s) = 1+v4. Intuitively, the lagrange multipliers
re-adjust the cost function which causes the data transmission to be moved among the
various time-periods. For example, if v, > v, then it becomes more costly to transmit in
the k** period than the I** period and this has the effect of (relatively) increasing the data

transmission in the I**

period.
Since (3.31) involves a minimization over r(-) for fixed lagrange multipliers 7, the second
term in (3.30), i.e. L"—lt%ﬂ, is irrelevant for the minimization and we will neglect it

for now. Define,

\ z(T)
Hl(z,c,t) 2 E [ / Tt ”(cs()s))g(r('))ds + Tgc(a:) ) (3.32)
Hy(z,c,t) & r(i_r)lé@H,C(x, c,t) (3.33)

where the expectation in (3.32) is conditional on the state (z,c,t). In simple terms,
H'(z, c, t) is the cost-to-go function starting from state (x, c, t) for policy r(-) and Hy(z,c, 1)
is the corresponding optimal cost-to-go function. Relating back to (3.30), H}(xo, co, 0) is the

expectation term in (3.30) and H,(zq, co,0) is the minimization of this term over r(-) € ®.
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Clearly from (3.30) and (3.31), having solved for H,(z, c,t), we then obtain the dual function

as simply,
(V1 +...+VL)PT
L

L(P) = Hy(zo, co,0) — (3.34)

Finally, in the process of obtaining H,(z,c,t), we also obtain the optimal rate function
that achieves the minimum in (3.33). Comparing equations (3.32) and (3.33) with (3.5)
and (3.6) respectively shows that the two problems are similar except that we now have
a time-varying power-rate function (1 + V(s))ﬁcr—) and a terminal cost imposed at time T'.
Thus, to solve this problem we can follow a similar line of argument as done earlier and the

steps are detailed below starting with the optimality equation.

Consider the k" partition interval so that ¢ € [QC——ZIE, k¥T) and a small interval [t,+R),
within this partition. Let some policy 7(-) be followed over [t,t+ h) and the optimal policy

thereafter, then using Bellman’s principle [63] we have,

h
H,(z,c,t) = min {E /t (L g (’;(é()s)’ <(9):9) 45 + BH, (zs1m, cornst -+ h)} (3.35)

where x5, is short-hand for z(¢ + h) and the expectation is conditional on (z,c,t). The
left side of the equation above denotes the cost if the optimal policy is followed right from
the starting state (z, ¢, t), whereas, on the right side the expression within the minimization
bracket is the total cost with policy 7(-) being followed over [t,t+ h] and the optimal policy

thereafter. Removing the minimization gives the following inequality,

Hh (1 + m)g(r(z(s), c(s), )
c(s)

Hy(z,c,t) <E / ds+ E[Hy(zesn, coon,t+1)]  (3.36)
t
Rearranging, dividing by h and taking the limit h | O gives,

ATH,(z,c,t) + (ii”?k)ﬁﬁl >0 (3.37)

R (1+ .
E ftt+ i( v&c)ss(r( )D ds
h

The above follows since — Q—iﬂ;)ﬂﬂ where r is the value of the

transmission rate at time ¢, i.e. r = r(z,c,t). The quantity A"H,(z,c,t) is defined

as A"H,(z,c,t)2 limp o By (2o ’CH";’:M)—H" (26,8

, and, as stated earlier in Section 3.3.2,
A"H,(z, c,t) is called the differential generator of the Markov process (z(t), c(t)) for policy

7(-). In our case, using the time evolution as given in (3.26), it can be evaluated as [63-65],
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OHy(z,c,t) TaH,,(:z, c,t)

A"H,(z,c,t) = 5t 5

+ ME;[Hy(z, Z(c)e, t)] — Hy(z,c,t)) (3.38)

where E, is the expectation with respect to the Z(c) variable; Z(c) is as defined in (3.2).
Now, in the above steps from (3.36)-(3.37), if policy r(-) is replaced with the optimal policy
r*(), equation (3.37) holds with equality and we get,

AT H (2, c,t) + (1—‘“’%)9@ =0 (3.39)

Hence, for a given system state (z, ¢, t), the optimal transmission rate, r*, is the value that
minimizes (3.37) and the minimum value of this expression equals zero. Thus, over the k"
partition interval with ¢ € [g—k—_Ll—)Z, %), we get the following Optimality Equation,

min | L )9(r)

T —
mmin_ + ATH, (z, c, t)] =0 (3.40)

Substituting A"H,(-) from (3.38), we see that (3.40) is a partial differential equation in
H,(z,c,t), also referred to as the Hamilton-Jacobi-Bellman (HJB) equation.

{(1 + vg)g(r) + OH, TBH,,
c ot Oz

min

in + ME,[Hy (z, Z(c)c, t)] — Hy (g, c, t))} =0 (3.41)

The boundary conditions for H,(-) are as follows. At ¢t = T, H,(z,¢,T) = -T—‘q%a, since
starting in state (z,c) at time T, the optimal cost simply equals the penalty cost. At each
of the partition interval ¢ = kT /L, we require that H,(-) be continuous at the edges, so

that the functions evaluated for the various intervals are consistent.

We now solve the above optimality PDE equation to obtain the function H,(z,c,t),
and the corresponding optimal rate function denoted as r}(z, c,t) (the subscript v is used
to indicate explicit dependence on the lagrange vector ). Theorem IX summarizes the
results while an intuitive explanation of the optimal rate function is presented later. As
in Section 3.3.3, we consider m channel states in the Markov channel model and denote
the various states ¢ € C as ¢!,¢%,...,c¢™. Given a channel state ¢!, the values taken by
the random variable Z(c') (defined in (3.2)) are denoted as {z;;}, where z;; = ¢//c*. The

probability that Z(c') = zi; is denoted as p;;. Clearly, if there is no transition from state c
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to Cj,pij =0.

Theorem IX (BT-problem with Power Constraints) Consider the minimization in
(3.33) with g(r) =7", (n>1,ne€R). Fork=1,...,L andt € [Lk—ll— kT) (k™" partition

interval), we have,

* i z .
t _ —_— = 1 e, m _42
T',,(ZII, ¢, ) fik(T — t), 2 ’ (3 )
; (1 +v)z” .
V ] 1, = . b = 1’ ey .4
H,(z,c,t) R =yt i m (3.43)

For a fized k, the functions {f¥(s)}™; , s € [(L—Lk)T, (L_kL"'l)T] are the solution of the

following ordinary differential equation (ODE) system,

by = 1a MEO A Sy ()N
srey = 1+ 3 - i Y R (3.44)

MEGS) A pmi (FEE)"
14 =m ~ao1s zmj oy (3.45)

(Fm(e) =

The following boundary conditions apply: if k = L, fF(0) = 7(1 + VL)n-l-l,Vz' and if k =
1
1oL =1, b (SE) = ()™ gkt (L3RT) Vi The dual function in (3.34) is

1H+vky

then given as (let co = ¢/, for some j € {1,...,m}),

o (I4+n)xg (nn+...+v)PT
L(V) = CJ(fjl(T))ng.l - L

(3.46)

Proof: See Appendix B.9. [ ]

The above solution can be understood as follows. For each partition interval, k, there
are m functions {f¥(s)}, corresponding to the respective channel states. The subscript
in the notation for f refers to the channel state index while the superscript refers to the
partition interval. Now, given that the present time t lies in the k** interval, the optimal
rate function has the closed form expression _’°—(T_t$ as given in (3.42), while H,(-) is as
given in (3.43). The functions {fF(s)}™, for the k* interval are the solution of the ODE

system in (3.44)-(3.45) over s € [IL Lk)T, (L= kLH)T] with the initial boundary condition
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1
given as, f¥ (ﬁL_‘L@Z) = (11_—*‘”'&—1) B ((—Ii-_zci) ,Vi. This ensures that H,(z,c,t) is
continuous at the partition edges, t = ’“—LT— For the L** interval the boundary condition is,

I T . n n
fE0) = 7(1 + v)»1, Vi; this ensures that at t = T, H,(z,c¢',T) = ci((;:;'(’g)))ﬁ_l = <5,

same as the penalty cost function for g(r) = r™ (as required).
The functions {f¥(s)} can be evaluated starting with k¥ = L and initial boundary con-
dition fF(0) =71+ VL)ﬁ, to obtain {ff(s)}1, over s € [0, L] (Note that s =T —t as

required in (3.42), and since over the Lt* interval t € [(L"LI)T,T ) this gives s = (T'—t) €

(0,%]). Then, consider k = L — 1, and using the earlier mentioned boundary condition ob-
tain {fF71(s)}21, s € [£, ZE]. Proceeding backwards this way, we obtain all the functions
{FF(9)}ik-

A comparison of the optimal policy in (3.16), obtained earlier in Section 3.3.3, with
the optimal rate function in (3.42) shows that the two forms are fairly identical. The ODE
system here is exactly the same as before except for a different set of boundary conditions. In
fact, if we take P — oo and 7 — 0, the lagrange vector 7 = 0 and the solution here becomes
the same as obtained earlier. This observation is intuitive since the problem in (3.33) is
identical to that considered earlier in Section 3.3 except that now there is a penalty cost at
t = T and the power-rate function has the multiplicative factor (1 + v¢) coming from the
lagrange multipliers. Finally, since the ODE system in (3.44)-(3.45) is identical to that in
(3.18)-(3.19) (except for different boundary conditions), it can be easily solved numerically
using standard techniques (e.g. ODE solvers in MATLAB). Also, as shown in Appendix B.9,

the solution is unique and positive.

Constant Drift Channel Model: As considered in Section 3.3.3, we now specialize

the result in Theorem IX to the case of Constant Drift channel model. Under this model,
the assumption on the channel process is that the expected value of 1/Z(c) is independent
of the channel state. Thus, E[1/Z(c)] = B (a constant), where 3 is the drift parameter.
For a detailed explanation on the model, refer Section 3.3.3. Interestingly, as before, we
can analytically solve the ODE system in (3.44)-(3.45) for this channel model and obtain a

closed form result. This is summarized below.
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Theorem X Consider the minimization in (3.33) with g(r) = v™ and the constant drift
channel model with parameter 3. Fork=1,...,L, t € [(k—_LIE, kTT), we have,

Hzed) = f(,cl(; Z"’l;”):_l (3.47)
(T, ct) = f—k(’j-,x—-"ﬁ (3.48)

Let n =280 then 7,

& e
fk(T—t) = T(].+Vk)n le_"l(T t)_l_ { Z ( 1+ y )"— %

— 1+ vE—j

(e—n((T—t)—(jH)%) _ e—n((T—t)~JL)) } 4= (1 — eNT-0-(- ")L))(3 49)

The dual function in (8.84) is given as,

A+un)zyg (r+...+v)PT

L@ = Ly - 7

(3.50)

Proof: See Appendix B.10. [ |

Strong Duality

In Theorems IX and X, we fixed a lagrange vector 7 and obtained the dual function £(7),
and, the optimal rate function that achieves the minimum in (3.33). Now, from Lemma 10,
given a lagrange vector 7 > 0, the dual function is a lower bound to the optimal cost
of the constrained problem P. Thus, intuitively, it makes sense to maximize £(7) over
7 > 0. Theorem XI below states that strong duality holds, i.e. maximizing £(7) over 7 > 0
gives the optimal cost of P, and, furthermore, the optimal rate function r*(z, c,t) for the
constrained problem P is the same as r}(z, ¢, t) obtained in Theorem IX with 7 = 7* (7* is
the maximizing lagrange vector).

As in Lemma 10, let J(zo,co) be the optimal cost of (P) with initial state (zo, cp) at
t = 0, where zg € [0,00),¢cq € C. For the BT-problem, zop = B and cg is the initial channel
state; note that the starting state is known and fixed for the optimization in (P).

"For k = L the summation term in (3.49) is taken as zero.
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Theorem XI (Strong Duality) Consider the dual function defined in (3.31) for v > 0,

we then have,

J(zg,c0) = Igg}){ L(D) (3.51)

and the mazimum on the right is achieved by some * > 0. Let r*(z, c,t) denote the optimal

transmission policy for problem (P), then, r*(z,c,t) is as given in (3.42) for v = v*.

Proof: See Appendix B.11. [ |

For the maximization in (3.51), the dual functions are given in Theorems IX (general
markov channel) and X (constant drift channel). It can also be shown using a standard
argument that the dual function is concave [66] which makes the maximization much sim-
pler since there is a unique global (and local) maxima. Using a standard gradient search
algorithm the vector 7* can be obtained numerically as done for the simulations in Sec-

tion 3.4.3.

Optimal Policy for (P)

Summarizing, the optimal policy for problem (P) is obtained by combining Theorems IX
and XTI and is given as follows. Fork=1,...,Landt € [(k_—_ng’ Eg) (k** partition interval),

X

(o) =1 ¢ ) = s, =1

co,m (3.52)
where the functions {f¥(s)} are evaluated with # = 7*. As mentioned earlier, the com-
putation for 7* and {f¥(s)} needs to be done offline before the data transmission begins.
In practice, if the transmitter has computational capabilities, these computations can be
carried out at t = 0 for the given problem parameters, otherwise, the 7* and {f¥(s)} can be
pre-determined and stored in a table in the transmitter’s memory. Having known {f¥(s)},
the closed-form structure of the optimal policy as given in (3.52) warrants no further com-
putation and is simple to implement. At time ¢, the transmitter looks at the amount of
data left in the buffer, z, the channel state, ¢!, the partition interval k in which ¢ lies and

then computes the transmission rate as simply 7,3-(%?5
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Figure 3-6: Total cost comparison of the optimal and the full power policy.

3.4.3 Simulation Results

In this section, we consider an illustrative example and present energy cost comparisons
for the optimal and the Full Power (FullP) policy. In FullP policy, the transmitter always
transmits at full power, P, and so given the system state (z, c, t) the rate is chosen as follows,
P = Q_(L?E’ﬂl = r(z,c,t) = g-Y(cP) = (cP)/, for g(r) = r™. The simulation setup is
as follows. The channel model is the two-state model as described earlier in Section 3.2.2,
with parameters Ay = 1, Agp = 3/7, ¢g = 1 and ¢, = 0.2; thus, A = max(Apg, Ags) = 1
and v = ¢p/cy = 0.2. It can be easily checked that with the above parameters, in steady
state the fraction of time spent in the good state is 0.7 and in the bad state it is 0.3. The
deadline is taken as T' = 10 and the number of partition intervals as L = 20. The power-rate
function is g(r) = r? and the value of 7 in the penalty cost function is taken as 0.01, which
is 0.1% of the deadline; thus, a time window of 0.1% is provided at T. To simulate the
process, the communication slot duration is taken as dt = 10~3 implying that there are
T/10~3 = 10,000 slots over the deadline interval. For each slot, the transmission rate is
computed as given by the corresponding policy and the total cost is obtained as the sum of
the energy costs in the slots plus the penalty cost. Expectation is then taken as an average
over the sample paths.

Figure 3-6 is a plot of the expected total cost of the two policies with the initial data
amount B varied from 1 to 10. The value of P is chosen such that at B = 5, even with bad
channel condition over the whole time-period, the entire data can be served at full power.

This implies, P = ;IY(S/T)2 = 1.25 (5/T is the rate required to serve 5 units in time T).
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Thus, B < 5 gives the regime in which full power always meets the deadline and B > 5
is the regime in which data is left out which then incurs the penalty cost. It is evident
from the plot that the optimal policy gives a significant gain in the total cost (note that
the y-axis is on a log scale) and at around B = 1, FullP policy incurs almost 10 times the

optimal cost. Thus, dynamic rate adaptation can yield significant energy savings.
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3.5 Chapter Summary

In this chapter, we considered the problem of transmitting data with strict deadline con-
straint, over a wireless fading channel, with minimum energy expenditure. Specifically, the
setup consisted of a wireless transmitter with B bits of data in the queue and a single dead-
line T by which this data must be transmitted. The channel gain varied stochastically over
time and was modelled as a general Markov process. The objective was to obtain a trans-
mission policy that minimized the expected energy expenditure while meeting the deadline
constraint. We referred to this as the “BT-problem”. To address this problem, we adopted
a continuous-time approach and utilized ideas from stochastic control theory and lagrange
duality to obtain the optimal solution. As we see later in the next chapter (Chapter 4),
the solution to the BT-problem can be utilized towards many important generalizations

involving variable deadlines and packet arrivals.

In Section 3.3, we considered the BT-problem without any explicit maximum power
limit. For the monomial class of power-rate functions, the optimal transmission policy
under a general Markov channel model was obtained in Theorem VI. It takes the simple
form,

™(x,ct) = (3.53)

fi(T -1)

or more intuitively as,
optimal rate = amount of data left * urgency of transmission

The functions {f;(s)}2, are easily computed numerically as the solution of a certain system
of ordinary differential equation and, as discussed in Section 3.3.3, this computation needs to
be carried out offline. In fact, the pre-computed {f;(s)} can be stored in the transmitter’s
memory, in which case, during the system operation the transmission rate over time is
obtained directly from the above formula. Under a special structure on the channel model,
which we referred to as the constant drift channel, the optimal transmission policy was
obtained in closed-form for the monomial as well as the exponential class of power-rate

functions. These results were presented in Theorems VII and VIII.

In Section 3.4, we considered the BT-problem with short-term average power con-

straints. The optimal policy in this case is presented in Theorem IX and it takes the
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form,

T*(:B, ci?t) = W;—__t)' (354)

Thus, in this case as well, the optimal policy has a similar form except with a different
set of functions {f¥(s)}. As before, these functions can be obtained as the solution of a
particular system of ordinary differential equation and this computation needs to be carried
out offline.

In the next chapter, we build upon the work presented so far and consider various
extensions to the BT-problem. The ideas presented in Chapters 2 and 3 provide important
tools to address these generalizations; more specifically, the cumulative curves methodology
presented earlier in Chapter 2 and the solution to the BT -problem obtained in this chapter

will be utilized to address the problems in the next chapter.
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Chapter 4

Stochastic Setup — Variable

Deadlines and Arrivals

4.1 Introduction

In the previous chapter, we studied the canonical problem of transmitting B units of data
by deadline T over a time-varying and stochastic channel, utilizing minimum energy. The
optimal transmission policy for this problem was obtained using stochastic control tech-
niques and various insights were also deduced from its functional form. In this chapter, we
widen the scope of the energy minimization problem and consider various extensions of the

BT-problem incorporating variable deadlines as well as packet arrivals to the queue.

We begin in Section 4.2 by formulating a general problem within the cumulative curves
framework and then specialize it to two different setups as follows. The first setup is the
variable-deadlines case where the transmitter has M packets in the queue, each packet has
a distinct deadline associated with it and the goal is to transmit this data over a fading
channel with minimum energy. In the second setup, we consider a stream of packet arrivals
to the queue with known inter-arrival times and a single deadline T by which this data must
be transmitted; the goal, as before, is to minimize the transmission energy expenditure. For
both the setups, the graphical picture obtained from the cumulative curves lends itself into
a very natural decomposition of the problem in terms of simpler BT-problems. Based on
this decomposition, a transmission policy is obtained and is shown to be optimal for the

class of constant drift channel model. Finally, an energy-efficient transmission policy is
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constructed for the case when packets could arrive arbitrarily and there is no information,
statistical or otherwise, of the arrival process. This policy is referred to as the BT - Adaptive
policy and simulation results are presented to illustrate its performance in terms of the
energy expenditure.

Lastly, in Section 4.3, we study energy-efficient data transmission under a stochastic
packet arrival model and consider the following problem. The transmitter queue has a
stream of packets that arrive according to a homogeneous Poisson process and the goal is to
transmit this data by a common deadline using minimum energy. As we see in that section,
knowledge of the packet arrival statistics has an influence on the optimal transmission
policy. And as intuitively expected, to take into account (expected) future packet arrivals,
the transmitter chooses a rate higher than that required to just empty the present data in

the buffer by the deadline.

4.2 Cumulative Curves Generalization

The cumulative curves framework was first introduced in Chapter 2, where we studied the
energy minimization problem under a deterministic setup. In this section, we re-visit that
methodology but also introduce stochastic channel fading into the picture. The underlying
system model for the setup remains the same as considered in the previous chapters; how-
ever, for completeness we briefly re-state the model here and then proceed to the problem

formulation.

4.2.1 System Model

Consider a wireless transmitter where the transmission rate can be controlled over time. Let
P(t) denote the transmission power, |h(t)|? the channel gain square and 7(t) the transmission

rate at time ¢. We then have (see Section 3.2),

P@t) = %—?—) (4.1)

where c(t) £ [h(t)|? is referred to as the channel state and g(-) is a convex increasing function
with g(r) > 0, r > 0. The channel state c(t) is assumed to be a general continuous-time,

discrete state-space, first-order Markov process, as considered previously in Chapter 3; the
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technical details and the notations for the channel model can be found in Section 3.2.2. For

most analytical purposes, we assume that g(r) belongs to the class of Monomial functions

and takes the form g(r) =kr", k>0, n> 1 (n,k € R).

The data flow to the queue is described in terms of three cumulative curves — the arrival
curve A(t), the departure curve D(t) and the minimum departure curve Dy,i,(¢t). The
arrival curve, A(t), denotes the cumulative amount of data arrived to the queue by time
t; the minimum departure curve Dp;in(t) denotes the minimum cumulative amount of data
that must depart by time ¢ to satisfy the deadline (or other QoS) constraints; and finally,
the departure curve D(t) denotes the cumulative amount of data departed by time ¢ using
a particular transmission policy. Clearly, to ensure that only the data that has already
arrived to the queue is transmitted we require D(t) < A(t) (causality constraint) and to
satisfy the QoS constraints we need D(t) > Dpin(t). Thus, a departure curve must satisfy
Dpin(t) < D(t) < A(t). For more details on the cumulative curves framework, the reader

is referred to Section 2.2.1.

4.2.2 Problem Formulation

Consider a time interval [0, T], and, let A(t) be the arrival curve and Dyyin(t) the minimum
departure curve over this period. Given these two curves, the objective is to obtain the
optimal transmission policy such that the departure curve for it satisfies Dpin(t) < D(t) <
A(t) a.s. (almost surely) and the expected energy expenditure is minimized!. We now
present the details of the stochastic optimal control formulation for the energy minimization

problem.

Optimal Control Formulation: Let the system state be denoted as (D, c,t), where

the notation means that at the present time ¢, the cumulative amount of data that has
been transmitted is D(t) = D, and the channel state is ¢(t) = c. Let r(D,c,t) denote
a transmission policy, and as before, given such a policy, the system evolves in time as a
Piecewise-Deterministic-Process (PDP) (see Section 3.3.1). It starts with the initial state
D(0) = 0 and ¢(0) = ¢y (co € C). Until 71, where 7, is the first time instant after ¢ = 0
at which the channel changes, data is transmitted at the rate r(D(t),co,t). Hence, over

'Note that while A(t) and Dmin(t) are assumed known, the actual departure curve D(t) would depend on
the underlying channel sample path, if the transmission policy adapts the rate with the channel variations.
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t € [0,71), D(t) satisfies the differential equation,

dD(t

L2 = (D), c0,) @
Equivalently, D(t) = D(0) + f; r(D(s),co,8)ds, t € [0,71]. Then, starting from the new
state (D(m1),c(m1),71) until the next channel transition, we have é%ﬂ = r(D(t), c(m1),t),

t € [11,72); and this procedure repeats in time.
A transmission policy, 7(D,c,t), is admissible, if it satisfies the following:
(a) 0 < 7(D,e¢,t) < 00, (non-negativity of rate), and,

(b) Dmin(t) < D(t) < A(t),t € [0,T), almost surely, (deadline and causality con-

straints)?

Consider now an admissible transmission policy r(D, c,t) and define a cost-to-go func-
tion, J.(D,c,t), as the expected energy expenditure starting from an admissible state

(D, ¢, t), i.e. (D € [Dpin(t), A(t)], c€C, t€[0,T)). Then,

J(D,c,t) = E [ /t ) E(l?)g(r(D(s), o(s), s))ds] (4.3)

where the above expectation is taken over {c(s), s € (¢, 7]} and conditional on the starting
state D(t) = D, c¢(t) = c. Define a minimum cost function, J(D,c,t), as the infimum of

J-(D,c,t) over the set of all admissible transmission policies.
J(D,c,t)= inf J.(D,c,t), 7(D,c,t) admissible (4.4)
r(D,c,t)

As in the case of the BT-problem, the optimization problem is to compute the minimum

cost function J(D,c,t) and obtain the optimal policy 7*(D, c,t) that achieves it.

Following Section 3.3.2, the optimality Hamilton-Jacobi-Bellman (HJB) equation can
be obtained directly by noting that the process evolution remains the same as the BT-
problem except that for convenience we now use the cumulative data transmitted, D(t), as

the state variable instead of the amount of data left, z(t), as done earlier. Thus, following

2 As before, to ensure that (4.2) has a unique solution, we also require that r{D, c,t) be locally Lipschitz
continuous in D and piecewise continuous in .
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the arguments of Section 3.3.2, it is easy to see that the HJB equation is given as,

min { (c’") + BJ(I;; at) | ra"(gl’)c’ D MEJ(D, Z(c)e, )] — J(D, e, £} =0 (45)

The above formulation deals with a general setup involving arbitrary arrival and min-
imum departure curves. An analytical solution of the above in general is difficult due to
the complexity of the boundary conditions imposed on the cost function. However, there
are various specific setups that can solved for the optimal transmission policy under special
scenarios and these are treated in the following sections. In fact, as we see later, an initial
intuition for the transmission policy for these problems can be obtained from their ana-
logues in the deterministic setup (without channel fading), which were considered earlier in

Chapter 2.

Re-visiting the BT-problem: As a first example, let us re-visit the BT-problem con-

sidered in Section 3.3 and re-phrase it in terms of the cumulative curves. For the BT-
problem, we have A(t) = B, t € [0, T] since the queue has B bits in the beginning at time
0 and no more data is added. The minimum departure curve is given as Dp,in(t) =0, t €
[0,T), Dyin(T) = B, since until the deadline ¢ < T there is no minimum data transmission
requirement, while at 7" the entire B bits must have been transmitted. A schematic diagram
of the curves is given in Figure 4-1(a). Using the results from Section 3.3.2 and noting that

D = B — z, we get,

r*(D,ct) = }%, i=1...,m (4.6)
i B - D)" ,
J(D,c,t) = Ci(]Ei(T — t;)n—l’ i=1,...,m (4.7)

where the functions {f;(s)} are the solution of the ordinary differential equation system as
given in (3.18)-(3.19). Similarly, using the results from Section 3.4, one can also re-phrase

the optimal solution for the BT-problem with short-term power limits.

4.2.3 Variable Deadlines Setup

Consider the variable deadlines setup where the queue has M packets that are arranged
and served in the earliest-deadline-first order. Let b; be the number of bits in the jt

packet and T; be the deadline for this packet; assume 0 < 71 < T < ... < Tyr. There
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Figure 4-1: Cumulative curves for (a) BT-problem, (b) Variable deadlines case.

are no new arrivals and the objective is to obtain a transmission policy that serves this
data over the time-varying channel with minimum expected energy cost while meeting
the deadline constraints. In terms of the cumulative curves, the setup is visualized as
depicted in Figure 4-1(b). Let B; denote the cumulative amount of data in the first j
packets; we then have B; = E{__:l b;. The cumulative curves for the problem are then
given as follows: A(t) = By, Vi, since a total By bits are in the queue at time 0 and
no more data is added. The curve Dp,;, (%) is a piecewise-constant function with jumps at
times Tj, i.e. Dpmin(t) =0, t € [0,T1); Dnin(t) = Bj, t € [T, Tjp1), j = 1,...,M -1,
and Dpin(Ty) = By. The optimal control formulation for the problem is as given in
the previous section (Section 4.2.2), while the optimality HIB equation is given in (4.5).
The boundary conditions are, J(Bpy,c,t) = 0 and J(D,c,Tj) = oo, if D < Bj, j =
1,..., M. The second condition follows from the deadline constraints, since, as t approaches
T; the cost function becomes unbounded if the required cumulative amount Bj; has not been

transmitted.

Before proceeding further, consider the analogue of the above problem in the determin-
istic case without channel fading. This was treated in Example 2 in Chapter 2, where the
optimal departure curve was deterministic and as given in Figure 2-6. In functional form,
this optimal solution can be re-phrased as follows. Consider the system state (D,t) and
look at the straight line segments that connect the points (¢, D) and (T}, B;) (jump points
of Dpin(t)) for all {j : B; > D,T; > t}. The optimal rate is then the maximum value
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among the slopes of these line segments, i.e.

B;—D
r*(D,t) = max !

5:B;2D,T;>t Tj —t (48)

Note that in the above, each term %_%It) gives the optimal rate to transmit Bj — D bits of

data by time T; — ¢, under no channel fading.

Now utilizing the intuition from above and a natural decomposition of the variable
deadlines problem in terms of multiple BT -problems, we can obtain a transmission policy
under channel fading. This policy is later shown to be optimal under the constant drift
channel model. A visual comparison of the two diagrams in Figure 4-1 suggests the following
approach. First, instead of viewing the problem in terms of individual packets we can
visualize it in terms of the cumulative amounts as {Bﬂ}}j"il constraints; that is, a total of
B; bits must be transmitted by deadline T; (j = 1,...,M). Clearly, each B;T; constraint
is like a BT-problem except that now there are multiple such constraints that all need to
be satisfied. For every time ¢ and channel state ¢, we know the optimal transmission rate
to meet each of the B;T; constraint individually (assuming only this constraint existed),
thus, to meet all the constraints a natural solution is to simply choose the maximum rate

among them.

More precisely, the transmission policy is described as follows. Let the system be in
state (D, c,t) where (D € [Dmin(t), Bm), ¢ € C, t € [0,Ty]) and consider a particular
B;T; constraint. Using the optimal rate function in (4.6), the rate function to satisfy an
individual B;T; constraint, for channel state ¢!, is given as f—:g(%; since (B; — D) is the
amount of data left and (T} — t) is the time left until the deadline T;. Let #(D, ¢, t) denote
the transmission rate for our proposed policy, then 7(-) is the maximum value among the
rates for all the B;T; constraints for which (B; > D and T; > t). Thus, we get,

B;-D

T D,ci,t = max
( ) 7:(B;2D,1;>t) fi(Tj —t)

(4.9)

where, as before, the functions {f;(s)}, are the solution of the following ODE system with

the boundary conditions f;(0) = 0, f/(0) = 1, V4,

/ Afi(s A S (i) .
fi(sh”%%“?—?é%(_f(;fég%”:l““’m (4.10)
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For the policy in (4.9), clearly, by construction, all the B;T; constraints are satisfied since
at all times we choose the maximum rate among those needed to meet each of the remaining
constraints. The rate function 7(:) is also non-negative, locally Lipschitz continuous in D
and piecewise-continuous in ¢. Hence, the policy in (4.9) is admissible and the departure
curve obtained using (4.9) satisfies Dpin(t) < D(t) < A(t), a.s., t € [0,Ty]. Furthermore,
since the policy in (4.9) is based on the BT -solution, it inherits all the properties of that so-
lution. The ODE system in (4.10) is identical to the BT-case, hence, as before the functions
{fi(s)}2, can be obtained numerically using a standard ODE solver. This computation
needs to be done only once before the system starts operating and the functions {f;(s)} can
be pre-determined and stored in a table in the transmitter’s memory. Once the {f;(s)} are
known, the online computation is minimal. At time ¢, the transmitter looks at the cumula-
tive amount of data transmitted, D, the channel state, c’, and then using the corresponding
fi(-) function it simply computes the maximum among a set of values as given in (4.9).
The transmission policy in (4.9) applies for a general Markov channel model and under
the specialization to a constant drift channel, it is in fact the optimal policy as shown in

the following theorem. For a definition of this channel model, see Section 3.3.3.

Theorem XII (Variable Deadlines Case) Consider the variable deadlines problem with
g(r) =7, n > 1,n € R and the constant drift channel model with parameter 3. The optimal
rate, 7*(D, ¢, t) for Dmin(t) < D < A(t), t € [0,Tnm) is given as,

B;-D

r*(D,¢,t) = = — 4.11
( )= J(B,>DT_.,>t) f(T;—t) (4.11)

where, f(s) = A(ﬂ 1)(l—exp( ('B 1)s))
Proof: See Appendix C.1. |

Finally, as a corollary to Theorem XII it is easy to see that under no channel fading,
which corresponds to setting A = 0 in the above channel model, the function f(s) reduces

to, f(s) = s, and we recover back the result in (4.8).

4.2.4 Arrivals with a Single-Deadline Setup

In this section, we consider the case of packet arrivals with a single-deadline where the setup

is as follows. There are M packet arrivals to the queue with the first packet arrival at time
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Figure 4-2: Cumulative curves for the arrivals with a single deadline case.

To = 0 and the rest arriving at times {TJ}JAiIl, where 0 < Ty < Tp < ... < Tum-—;. Let b; be
the number of bits in the jt* packet. The deadline constraint is that all of the data must be
transmitted by time T" > Tjs_1. This problem has motivations in a sensor network scenario
where the data collected at certain times must be transmitted to a central processing node
within a particular time-interval. Clearly, minimizing the transmission energy cost here

translates into a higher lifetime of the sensor node.

In terms of the cumulative curves, the picture is as follows. Let A; denote the cumulative
amount of data arrived in the first j packets; this is given as A; = E{=1 b;. The arrival curve
A(t) is then a piecewise-constant function with jumps at times T} as depicted in Figure 4-2;
ie. A(t) = Ajq1, t € [T},Tj41), 5 =0,...,M — 1, and A(Ty) = Am (for notational
convenience we define, Tps £ T). The minimum departure curve is Dpin(t) = 0, t €
[0,T); Dmin(T) = Ap since for ¢t < T there is no minimum data transmission requirement

while at T the entire Aps bits must have been transmitted.

From Figure 4-2, we see that the cumulative curves picture can be viewed as a “dual”
of the variable deadlines case. Earlier, we had constraints from Dy, (t), but now there
are constraints from the arrival curve A(t) and a final deadline constraint at time 7. Once
again, to gain some intuition, let us look at the analogue of the above problem in the
deterministic case. This is presented in Example 1 in Chapter 2. Given a system state (D, t)
the optimal solution under no channel fading is to compute the slopes, %_T?, corresponding
to the straight line segments that connect the points (t, D) and (Tj, A;), for all {j : 4; >

D,T; > t}. The optimal rate is then the minimum value among these; i.e. *(D,t) =
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. A;—-D
MG A;>D, T2t} Ty

Now, utilizing the intuition from above and a similar reasoning as in the variable dead-
lines case, we can obtain a transmission policy as follows. First, note that a constraint
A;T; (j =1,...,M — 1), requires that no more than A; bits must be transmitted before
time Tj, while ApTy requires that the queue must be empty by time T)s. Starting from
some system state (D, ¢!, t) and without considering other constraints, emptying the buffer
by time Tj (i.e. transmitting A; bits by time Tj) is equivalent to a BT-problem with B = A;
and T = Tj, and from (4.6) the rate for this is given as ﬁ%,,;—_l_)t;. Now, to ensure that none
of the A;T; constraints are violated, i.e. not more than A; bits is transmitted by time T}, a
natural solution is to choose the minimum rate among them. More precisely, let 7(D,c,t)
denote this policy we then have,

Aj—D

7(D,c,t) = min N
(D, ¢',1) i(4;2D,1;>t) fi(Tj — 1)

=1,....m (4.12)
By construction all the arrival constraints are satisfied since at all times we choose the
minimum rate among those needed to meet the A;T} points. Furthermore, for t > Tas_3, 7(*)
reduces to choosing a rate that meets the ApT)s constraint, hence, the deadline constraint
is also satisfied. The rate function 7(-) is also non-negative, locally Lipschitz continuous in
D and piecewise-continuous in ¢. Thus, the policy in (4.12) is admissible and furthermore,
as in the variable deadlines case, we can also show that it is optimal for the constant drift

channel model.

Theorem XIII (Arrivals with Single Deadline) Consider the arrivals with a single
deadline problem with g(r) = r™, n > 1,n € R and the constant drift channel model with
parameter 3. The optimal rate, v*(D, c,t), for Dpmin(t) < D < A(t), t € [0,Ty) is,

A;-D
r*(D,c,t) = min -1 4.13
( ) 7(4;2D,152t) f(Tj —1) (4.13)
where f(s) = %&;—_11)5(1 - exp(—a‘(f—:llls)).
Proof: See Appendix C.2. ]

As in the variable-deadlines case, setting A = 0 which corresponds to no channel fading,

recovers back the previous result obtained in the deterministic setup.
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4.2.5 Arbitrary Packet Arrivals — BT-Adaptive Policy

Consider now an arbitrary stream of packet arrivals to the queue with each packet having a
distinct deadline by which it must depart. Suppose that there is no information, statistical
or otherwise, of the packet arrival process. Under this scenario, the transmitter chooses a
transmission rate based solely on the data amount in the queue and the various deadlines.
To address this problem, we utilize the solution for the variable-deadlines case and present
an online transmission policy, referred to as the “BT-Adaptive” (BTA) policy. Later, we
give numerical results comparing the energy expenditure of the BTA policy with a non-

adaptive scheme.

BT-Adaptive (BTA) Policy

Consider packet arrivals to the queue with each packet having a distinct deadline associated
with it. Assume that the arrivals occur at discrete times, then clearly, at the instant im-
mediately following a packet arrival, the transmitter queue consists of (a) earlier remaining
packets with their deadlines and (b) the new packet with its own deadline. Re-arranging the
data in the earliest-deadline-first order we can view the queue as consisting of a total amount
By of data with variable deadlines, identical to the case considered in Section 4.2.3. Not
assuming any knowledge of the future arrivals and using (4.9), we have an energy-efficient
policy to empty the transmitter buffer. As this policy is followed, at the next packet arrival
instance the above procedure is then simply repeated. Summarizing, the BTA policy is as

follows,

BT-Adaptive policy: Transmit the data in the queue with the rate as given in (4.9); at

every packet arrival instant re-arrange the data in the earliest-deadline-first order to obtain
a new set of B;T; values by including the new packet and its deadline; re-initialize D to

zero and follow (4.9) thereafter.

Note that the BTA policy is not based on any specific arrival process, hence, an in-
teresting feature of it is that it is robust to changes in the arrival statistics and can even

accommodate multiple deadline classes of packet arrivals to the queue.
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Simulation Results

In this section, we present simulation results to illustrate the performance of the BT-
Adaptive policy. For comparison purposes we consider a policy that can be easily im-
plemented in practice and refer to it as the “Head-of-Line Drain” (HLD) policy. In HLD
policy, the data in the queue is arranged in the earliest-deadline-first order and the packets
are served in that order. At time ¢, let H; be the amount of data left in the head-of-the-line
packet and Ty be the amount of time until its deadline, then the rate chosen is r, = %lt
Thus, the transmitter serves the first packet in queue at a rate to transmit it out by its
deadline, then moves to the next packet. in line and so on. At every packet arrival instant,
the data in the queue is re-arranged in the earliest-deadline-first order taking into account

the new packet and its deadline and the above policy is then repeated.

The setup is as follows. The queue has packet arrivals and each packet has a deadline
associated with it. On each simulation run, the total time over which the packets arrive and
the system is operated is taken as L = 10 seconds. This interval [0, 10] is partitioned into
10, 000 slots, thus each slot is of duration df = 1 msec. The channel model is the two state
model, described in Section 3.2.2, with the parameters, cg = 1, ¢, = 0.2, Apg = Agp = A = 50.
Thus, the average time spent in a state before the channel transitions is 1/50 seconds, or
20 msec. A channel sample path is simulated using a Bernoulli process where in a slot the
channel transitions with probability Adt; otherwise there is no transition. For simplicity,
the packet arrival and the channel state transitions occur only at the slot boundaries. For
both the BTA and the HLD policies, the rate chosen in a slot is obtained by evaluating the
respective policies at the time corresponding to the start of that slot. We take the function
g(r) = r2. Energy cost per slot is T—zcﬁ and the total expected energy cost is obtained as an

average of the total cost over the set of simulated sample paths.

We first consider a Poisson packet arrival process with each packet having 1 unit of data
and a deadline of 200 msec. Figure 4-3(a) is a plot of the expected energy cost, plotted on
a log scale, versus the packet arrival rate. Note that a packet arrival rate of 10 implies that
the average inter-arrival time of a packet is 1/10 sec. or 100 msec. As is evident from the
plot, the BTA policy has a much lower energy cost compared to the HLD policy and as the
arrival rate increases the two costs are roughly an order of magnitude apart. This can be

intuitively explained as follows. When the arrival rate is low, most of the time the queue
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Figure 4-4: Energy cost versus packet deadline for Poisson arrival process.

has at most a single packet. Hence, both policies choose a rate based on the head-of-line
packet with the BTA policy also adapting the rate with the channel state. As the arrival
rate increases and due to the bursty nature of the Poisson process, the queue tends to have
more packets. The BTA policy then adapts based on the channel and the deadlines of
all the packets in the queue, whereas, the HLD policy chooses a rate based solely on the
head-of-line packet. The energy efficiency of the BTA policy is not just in an average sense
but even on individual sample paths. This is shown in Figure 4-3(b) for 50 sample paths for
arrival rate of 10 packets/second. As seen in the figure, the BTA policy has a lower energy

cost over individual sample paths as well.
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In Figure 4-4, the packet arrival process is Poisson with rate 10 but now the packet
deadline is varied. Clearly, as seen in the figure, the energy cost decreases as the packet
deadline increases since lower transmission rates are required to meet the deadlines. Also,
as the deadline increases the energy cost difference between the BTA and the HLD policy
increases. This is because with a larger delay constraint there is more room for the adaptive
techniques employed in the BTA policy to have a greater effect.

In Figure 4-5, we consider a Uniform packet arrival process where now the inter-arrival
time between packets is uniformly distributed between 50 and 150 msec. The deadline for
each packet is taken as 200 msec while the packet size is varied. First, as expected, the
energy cost for both the policies increases with the packet size and second, the BTA policy
has a much less energy cost compared with HLD policy even when the arrival process is

less bursty as compared to the Poisson process.

4.3 Stochastic Arrivals

In the last section, we considered two different setups for the case of packet arrivals to the
queue. First in which the packet arrival information was known in advance, and second in
which no such information was assumed. In the latter case, the transmission rate is chosen
based solely on the data in the buffer and the channel state, while from the results in the
former case (see Section 4.2.4) it is clear that knowing the packet arrival information affects
the optimal minimum-energy transmission policy. Thus, intuitively, it is quite expected

that in the case of stochastic packet arrivals, statistical knowledge about the future packet
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arrivals should affect the transmission rate being chosen. To understand this behavior
analytically, we now consider a deadline-constrained data transmission problem with a
Poisson arrival process. For the sake of simplicity, we assume that there is no channel
fading, thus, the stochastic variations in the system arise only from the packet arrivals.
We consider the following setup: The transmitter has a stream of packet arrivals ac-
cording to a homogeneous Poisson process, there is no channel fading and there is a single
deadline by which all the data must be transmitted. The objective is to minimize the
(expected) transmission energy expenditure while ensuring that the deadline constraint is
met. We now present in detail the optimal control formulation for the problem and give

the transmission policy results following it.

4.3.1 Optimal Control Formulation

Consider a time interval [0,T’) and a stream of packet arrivals according to a homogeneous
Poisson process with rate £ and packet size B. The arrivals occur in time [0,7) and the
deadline constraint is that all this data must depart by time T + 79; where 19 > 0.

Let the system state be defined as (z, t), where, z(t) = z, denotes the buffer size at time
t. Let r(z,t) denote a transmission policy and given any such policy, the buffer z(t) evolves
in the following way,

dz = —r(z,t)dt + Bdq (4.14)

Equation (4.14) above® can be understood by viewing dx as the change in the buffer size
over a small interval dt. The term dg is the poisson differential and can be viewed as equal
to 1 with probability £dt, in which case B gets added to the buffer, and 0 with probability
1 - ¢dt. We say that a policy r(z,t) is admissible if it satisfies the following, (a) r(z,t) > 0
(non-negativity of rate), and, (b) z(t) > 0 (non-negativity of buffer size).

Consider now an admissible transmission policy r(z,t) and let J-(z,t) be the expected
energy cost starting in some state (z,t), z > 0, < T. Taking the power-rate function from

(4.1) as P(t) = g(r(t)), where we have taken c(t) = 1, V¢, gives,

J(z,8) = B [ /t 9(r(2(s), 8))ds + 709 ( (T))] (4.15)

31t is a formal representation of z(t) = z(0) + fo —r(z,7)dr + fo Bdg where the integral is defined sample
path-wise. See [63,64], [88] chap 1.
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The expectation above is taken over the poisson arrival process {g(s),s € (¢,T)}. The first
term within the bracket is the total transmission energy cost over [t, T'] for the policy r(z, t)
and the second term is the terminal energy cost at time 7'. The terminal cost is the amount
of energy needed to empty the buffer at time T by the deadline T + 79, using transmission
rate z(T')/70. Define a minimum cost function J(x,t) as the infimum of J,(z,t) over the

set of all admissible policies.
J(z,t) & i(nft) Jr(z,t), r(z,t) admissible (4.16)
r(z,

The optimization problem is to compute the minimum cost function J(z,t) and obtain the
optimal policy r*(z,t) that achieves it. Specifically, the minimum cost starting at time 0,
is then given as J(zg,0), where zp is the initial amount of data in the buffer at time 0.
The Hamilton-Jacobi-Bellman (HJB) equation for the above problem can be obtained
using an identical set of arguments as in Section 3.3.2. However, the difference now is that
the differential generator, A”J(z,t) £ limpo EJ(I‘*"'t:h)—J(x’t), for the process (z,t) takes

the form [63,64, 87],

BJ(m, t)

A" J(z,t) = ————an:’ )

- r(z,t)——= + {(J(z + B, t) — J(z,t)) (4.17)

Using the above, the HJB equation then takes the following form (V z > 0,t € (0,T)),

8J(z,t)  0J(z,t)

min {o+ 220020 HEUE+BY - T@)} =0 (@18

The optimal transmission rate r* for a given system state (z, t) is the value of r that achieves
the minimum in (4.18). The boundary conditions on J(z,t) for the partial differential
equation in (4.18) are as follows. For the boundary (z = 0,0 <t < T') we get the following
condition from the analysis in Appendix C.3,

aJ(o t)

9(0) + 25 4 g(J(B,t) — J(0,8)) =0 (4.19)

The boundary condition for (z > 0,¢ = T') is simply the terminal energy cost equal to

emptying the buffer by the deadline T + 7o and is given as,

J(z,T) = 1og(x/70) (4.20)
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4.3.2 Constraint Relaxation

An analytical solution to the partial differential equation in (4.18) with the boundary con-
ditions in (4.19) and (4.20) is difficult to obtain. Therefore, we consider a relaxation of the
problem where we ignore the boundary condition in (4.19) and solve the PDE without it.
In terms of the original problem, this relaxation corresponds to ignoring the non-negativity
constraints on z(t). Thus, the relaxed solution is infeasible for the original problem but it
can be made feasible by setting r(z,t) = 0, if £ = 0, which would ensure that once empty
the buffer does not become negative. Later in this section, we present a comparison of the
relaxed solution with the optimal solution, obtained numerically by solving the PDE using
a finite-difference method (see Figure 4-7). Indeed, we see from that comparison that the

relaxed policy is very close to the optimal solution.

We now proceed to solve for a particular solution of (4.18) with only the boundary
condition in (4.20). Consider first the class of exponential power-rate functions, namely
g(r)=a" — 1, a > 1. Let us take the solution r(z,t) to be of the form,

r(z,t) = #ﬂ_t + f(t) (4.21)

where f(t) is a function that needs to be determined. Using the first-order derivative
condition for the minimization in (4.18) gives %;”—’Q = ¢/(r(z, t)). Integrating gives,

J(z,t) = oF (T + 79 - t)aT+:O" + ¢(t) (4.22)

where c(t) is the constant of integration that depends on t. Incorporating the boundary
condition in (4.20) we get,
F(T)=0 and ¢(T)= -7 (4.23)

Next, substituting J(z,t) and r(z,t) from (4.22) and (4.21) respectively, into (4.18), we
require that the PDE be satisfied. This entails,

() — 1+ /(T + 7 — t) In(a) T+t {f’(t) -7 _{S_Z)_ s ln(ga) (aﬂ%——‘ — 1)} =0
| (4.24)

Since the above equation holds for all values of = the coefficients must equate to zero.
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Thus, we get the following set of ordinary differential equations (ODE).

d() =1 (4.25)
f,(t) - Tﬂ% + In(a (a?—‘%:t- - 1) =0 (426)

Combining (4.25) and (4.23) we get c(t) =t — T — 7o while f(¢) can be obtained from the

following lemma.

Lemma 11 Let f(t) satisfy the ODE in (4.26) and the boundary condition f(T) = 0, then,
denoting By = T + 19 — t, the function f(t) is given as,

2
HOE ﬂlﬁnt(_@(mn(ax:r ity B, (@))

70

{/In(a) (e~ (Bln(a))" (1 1
+ Bs (Z nl(n — 2) ( ﬁ?—r‘))) (4.27)

n—2
n=3 To

Proof: Appendix C.4 [ |

An illustrative plot of the function f(t) for g(r) = €¢" -~ 1, T =10, 19 =1, § = 1 and

B =1 is shown in Figure 4-6.

" The solution thus obtained by combining (4.27) and (4.21) satisfies r(z,t) > 0, if > 0

but does not satisfy r(z,t) = 0, if = 0. However, a feasible solution can be easily

100



constructed as follows.

0, ifxz=0

We refer to the above policy as the Relazed Policy (RP). The closed-form structure of the
RP policy provides some interesting and intuitive insights. First, the transmission rate at
time ¢ for buffer size z equals /(T + 79 — t), which is the minimum constant rate required
to serve x amounts of data by time T + 79, plus an additional rate f(t). This is natural as
there is anticipation of future arrivals and the convexity of the cost function dictates that
these (expected) future arrivals should be taken into account. This is because transmitting
at a uniform average rate has a less total energy cost as compared to transmitting at a
lower rate and then increasing the rate later on. Second, f(t) depends on the underlying
function g(.) (as observed by the dependence on «). The intuition behind this is that if g(.)
has a very fast increasing slope then it is beneficial to reduce the buffer at a higher rate,
as future data arrivals close to the deadline will incur a lot of energy expenditure. Third,
r(z,t) depends on time ¢ through T — ¢. This observation is intuitive and follows from the
fact that the Poisson process is memoryless and the future arrival statistics depend only on

the remaining time.

Thus far, we have assumed g(r) = o — 1, @ > 1. Proceeding as above, we can also
obtain solutions for other convex functions as well. One such example is g(r) = r2. For
this function, the above methodology leads to a very intuitive solution and for which f(t)

is given as,
§B(T —¢)

ﬂﬂ=T+m_t (4.29)

Note that {B(T —t) is the expected future amount of data to arrive and T + 79 — ¢ is the
time left. Thus, the excess rate can be interpreted as the rate required to drain the expected

future amount of data in the remaining time.

To understand how the RP policy compares with the optimal solution, we present an
illustrative numerical comparison, where the optimal solution is obtained by numerically
solving (4.18) with the boundary conditions in (4.19) and (4.20), using a finite difference
method. The partial differentials are approximated with a finite difference and the functions

are evaluated starting from the boundaries. For a rigorous treatment on such techniques,
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Figure 4-7: (a) Comparison of expected energy cost for RP and Optimal policy. (b) Com-
parison of rate at ¢t = 0 as a function of the buffer size zx.

the reader is referred to [88]. We now give the details of the numerical computation.

The set of equations for the numerical evaluation are as follows. First, from the boundary
conditions, we have, J(z,T) = 10g9(z/70), z > 0 and {g(O)+a—J%+§(J(B, t)—J(0, t))} =0.
From (4.18), the first-order derivative condition for the minimization gives ¢'(r*(z,t)) =
%:’—t) while the PDE takes the form {g(r*(m, )+ 9%2 —r*(z, t)g‘%:—’tl +&(J(z+ B,t) -
J(z, t))} = 0. Approximating the partial differentials with finite differences, these equations

become,

Gz t) = J(m,t+5t)—gar(:m-—6x,t+5t) (4.30)

JO,8) = g(0)5t+E6tJ(B,t+ ot) + (1 — £68)J(0,t +6t) (4.31)

(r*/éz + 1/6t)J (z,t) g(r*) + &{J(z + B,t + dt) — J(z,t + dt)}
T*J(:L‘—- oz, t) + J(z,t + 6t)

oz ot

il

+ (4.32)

where dz and 6t are the step sizes for z and ¢ respectively. Starting at ¢t = T, we have
J(z,T) = 1og(z/70). Now iterating backwards, each time decrementing t by ét, we can
evaluate J(0,t), r*(z,t) and J(z,t), for z = (éz, .., B). For the purposes of this simulation,
we used the following parameters in the numerical evaluation; T = 10, 70 = 1, B = 1,
g(r) = exp(r) — 1, éz = 0.01, 6t = 0.02. Figure 4-7(a) compares the optimal energy cost
evaluated numerically with the expected energy cost for RP at ¢t = 0 and with g = 1. The
expected energy cost for RP is obtained using simulations as explained later in Section 4.3.3.

As we see from the plot, RP performs very close to the optimal and the two energy costs
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have a very small difference.

Figure 4-7(b) compares the optimal rate and the RP rate (Equation 4.28) as a function
of the buffer size for ¢t = 0 and £ = 1. As seen from the figure, at moderate buffer sizes
the two rates are fairly close to each other and in fact converge as z increases, but at
very low buffer values the optimal rate is reduced as the boundary = = 0 is closer and the
boundary effect becomes prominent. The asymptotic (large z) convergence of the two rates
is quite intuitive since the buffer non-negativity constraint becomes less important for large
z. Thus, we see that the RP and the optimal rate tend to differ only for small values of

buffer size and the effect of this on the energy consumption is minimal.

4.3.3 Simulation Results

From (4.28), we see that the relaxed policy takes into account the future arrivals in comput-
ing the transmission rate. To understand how this policy compares with a non-anticipative
policy which does not take into account the arrival statistics, we present an illustrative
simulation example in this section. We consider the Direct Drain (DD) policy in which the
transmission rate at any time ¢ is chosen as z(t)/(T — ¢t + 79). Thus, in this policy the
transmitter simply looks at the buffer size, z(¢), and chooses a rate that would empty the
buffer by the deadline.

In the simulation setup, we consider the following parameters. T =10, o =1, B =
1, g(r) = exp(r) — 1 and the initial buffer size o = 1. The time interval [0,7 = 10] is
divided into discrete intervals of length dt = 10~3; thus, having 10,000 time slots. The
arrival rate § is varied between £ = 0.2 — 1.6 in steps of 0.2. The Poisson arrival process is
simulated using a Bernoulli model. In each time slot an arrival occurs with probability £dt
and there are no arrivals with probability 1 — £dt. At the beginning of each time slot the
buffer size z and the time ¢ is known. The rate of transmission in that slot for RP is chosen
from (4.28)* while the rate of transmission for DD policy, as mentioned earlier, is chosen as
T—_::'H'E' The same set of sample paths are applied to both the policies and the energy cost
is computed as _; 10~3(exp(r;) — 1) + (exp(z(T")) — 1) (note 7o = 1). The average is then
taken over a set of 104 sample paths.

Figure 4-8 compares the expected energy expenditure of the two policies for the set of 13

4If z is very small then the rate chosen might make the buffer go negative. In this case the rate is simply
taken as /1073,
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considered. As shown in the gain plot, RP significantly outperforms DD policy and in fact
the curve is upward sloping. Figure 4-9(a) plots the energy expenditure for the first 100
sample paths for £ = 1. It is clear from the figure that RP has lower energy cost than DD
policy for almost all sample paths. Thus, even on a sample path comparison RP performs
better. Finally, Figure 4-9(b) compares the average buffer size at time ¢ of the two policies
for £ = 1. As seen from the figure, RP tends to have a more uniform and much smaller
average buffer size as compared to DD policy. Observe that for £ = 1, on average one
packet arrives in unit time and starting from zo = 1, RP tends to transmit at that rate in
an average sense. As DD policy does not adjust the rate in anticipation of the arrivals, it
transmits at low rates initially and hence the buffer tends to increase. Then, as the deadline
gets closer the rate increases and the average buffer size drops. And, this results in a much

higher total energy cost.
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4.4 Chapter Summary

In this chapter, we considered various extensions of the deadline-constrained energy-efficient
data transmission problem, from the canonical BT -problem treated earlier in Chapter 3.
The cumulative curves methodology and the solution to the BT-problem provided impor-
tant tools to address the various generalizations considered here. In fact, the graphical
visualization of the problems, combined with the intuition gained through the deterministic
setup in Chapter 2, yielded the transmission policies in a very natural way, and these were

also shown to be optimal for the constant drift channel model.

First, in Section 4.2.3, we considered the variable deadlines setup. Here, the transmitter
queue has data with individual packet deadline constraints and the goal was to transmit the
data over a fading channel with minimum energy while meeting the deadline constraints.
Based on a graphical decomposition of the problem into multiple BT-problems, we obtained

a transmission policy which takes a very simple form and is given as,

B;—D

D,d\,t) = (T =)
‘T'( 1Cy ) j:(nglgxﬂ"th) fi("z.}_t),

i=1,....m (4.33)
The above policy was shown to be optimal for the constant drift channel model (Theo-
rem XII). It draws its intuition from the analogous problem in the deterministic setup con-
sidered in Chapter 2, where the optimal policy was to choose the maximum slope straight-

line segment among those that meet the B;T; constraints.

In Section 4.2.4, we considered the following setup. There is a stream of packet arrivals
at known inter-arrival times and a single deadline constraint by which the data must be
transmitted. The goal as before is to transmit the data over a fading channel with minimum
energy while meeting the deadline constraint. Using the graphical visualization of the
problem and the intuition from the analogous setup in the deterministic setup, we obtained
a transmission policy which was shown to be optimal for the constant drift channel model
(see Theorem XIII) and is given as,

Aj—D

r(D,c,t) = min T '
( ) i4;2D,1;>t) fi(Tj — 1)

1,...,m (4.34)

We then considered the case of arbitrary packet arrivals to the queue without any arrival

information. Each arriving packet had a deadline by which it must depart and the goal was
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to transmit the data over a fading channel while meeting the deadline constraints. In this
case, we obtained the BT-Adaptive policy (BTA) and showed through simulations, that
BTA has a much lower energy cost as compared to the Head-of-Line drain policy.

Finally, in Section 4.3, we studied a problem involving stochastic packet arrivals to the
queue. We considered a stream of Poisson packet arrivals to the queue and a single deadline
by which all this data must be transmitted. The objective is to transmit the data within
the deadline constraint and minimize the energy expenditure. Using an optimal control
formulation and a relaxation of the boundary condition, we obtained in closed-form the
transmission policy that satisfies the HJB equation. We referred to it as the Relaxed Policy

and is given as follows,

e + f(8), fz >0

r(z,t) = (4.35)

0, ifz=0

Thus, we see from the above equation that the transmitter chooses a rate to empty the
buffer by the deadline plus an additional rate f(t) which accounts for the (expected) future
packet arrivals. Finally, we presented simulation results comparing the relaxed policy with
the direct drain policy and these results showed that substantial gains can be achieved in

the energy expenditure.
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Chapter 5

Multi-user Scheduling with

Throughput-rate Guarantees

5.1 Introduction

In Chapters 2, 3 and 4, we studied energy-efficient transmission rate-control with hard
deadline (or other strict Quality-of-Service) constraints on data. Such a setup applies to
scenarios involving real-time data communication, where there are stringent restrictions
on maximum packet delays. However, in addition to such applications, there are other
services where instead of hard latency requirements, a more appropriate quality-of-service
metric is the long-term throughput rate; these include, for example, file-transfers (FTP),
web-browsing etc. In this chapter, we study a multiple-user setup involving long-term
throughput rate as the quality-of-service metric. The goal here is to develop a multi-user
scheduling algorithm that provides the required throughput rates using minimal time-slot

utilization.

The setup for this chapter is as follows. There is a single server that represents the
wireless base station transmitting to multiple users that represent the mobile handsets.
The system operates in a time-slotted manner and in each time-slot the base station can
serve only one user. This setup is referred to in the literature as the Wireless Downlink
Scenario, where “downlink” refers to the communication link from the base-station to the
mobile user. We further assume that the set of users are divided into two classes: (i)

throughput-rate guaranteed, QoS users and (ii) “best effort” (BE) users. The QoS users
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in the system represent session applications such as FTP, high data-rate web-browsing,
throughput-constrained data transfers etc., which require the base station to provide a
certain long-term data rate on the downlink. In contrast, the BE users represent on-the-fly
applications such as email transfers, low priority and latency tolerant data transfers etc.
which do not have rate requirements and are short-lived. The goal of this work is to design
a scheduling policy for the users, that provides the required throughput rates to the QoS
users with the least time-slot utilization and maximizes the remaining fraction of time-slots
assigned for the BE class.

Since we are concerned with a wireless channel, the communication rate at which the
base station can reliably transmit to the various users fluctuates over time. Furthermore,
at any given time-slot, the different users also have different rates among them and the
transmitter can take advantage of this diversity to decide which user to transmit to based
on certain required objectives. In the literature, such an approach is referred to as Multi-
user Diversity [4,80] or Opportunistic Scheduling [75-79]. Clearly, if the goal is to simply
maximize the sum throughput, the transmitter must always select the user with the high-
est communication rate in that time-slot. While this simple policy maximizes the total
throughput, to achieve throughput-rate guarantees for multiple users one needs to look into
more sophisticated scheduling algorithms.

The contents of the chapter are organized as follows. In Section 5.2, we present the sys-
tem model and the problem description. In Section 5.3, we present a geometric approach to
the problem and obtain the optimal policy through it. The throughput results for Rayleigh
fading are presented in Section 5.4 and simulation results comparing the optimal and the
random scheduling policy for Rayleigh and Nakagami fading are presented in Section 5.5.

Finally, Section 5.6 summarizes the work in this chapter.

5.2 System and Problem Description

5.2.1 System Model

As mentioned earlier, we consider the wireless downlink scenario, namely, communication
from the base station (the transmitter) to the mobile handsets (the receivers, also referred
to as users) in a time-slotted system. There are multiple users in the system, each user

experiencing time-varying channel condition. The channel state of a user remains constant
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for a single time slot but changes over multiple time slots. We assume that the channel
stochastic process is stationary and ergodic. This assumption does not preclude channel
correlations over time and among the users, thus allowing the possibility of channel states
over multiple time-slots to be dependent. At the beginning of a time-slot, the transmitter
knows the channel state of each user for that particular slot!. In a time-slot, it serves at
most one user with full power P. Since the users have different channel conditions the
rate of communication per time slot to the users is variable. Clearly, the transmitter can
exploit this variability and select the appropriate user for transmission in a time-slot based
on some performance measure. The above system models a TDMA system and the recently
proposed 1xEV-DO data system [3] and is a commonly used model in the literature for the
wireless downlink [75-79].

Let T = {r;} denote the vector of communication rates to the users in a generic time-
slot, say for example the k** time-slot. This means that if user ¢ is chosen to be served in
time-slot k, the throughput for that user in that slot is simply r;. We will refer to r; as the
“channel rate” for user ¢ and T as the “channel rate vector”. The transmitter has knowledge
of T at the beginning of slot k but does not know this vector for future slots. In the kt*
time-slot, T is a particular realization from the set comprising all possible channel rate
vectors, whose probability distribution depends on the stochastic model of the underlying
channels’ states; and it is assumed to be a stationary process. A scheduling policy, denoted
as '¥(7), is a rule that specifies which user the transmitter serves in time-slot k given that
the channel rate vector in that slot is F. A stationary scheduling policy, denoted I'(F), is one
that depends solely on T but does not depend on the time index. Clearly, such a policy can
be represented as a map from the set of channel rate vectors to the user index; namely, each
T is mapped to a unique user index. As the underlying processes are stationary, we restrict

attention in this work to stationary scheduling policies and such a restriction suffices.

5.2.2 Problem Description

The set of users in the system are divided into two service classes: (i) throughput rate
guaranteed (QoS) users and (ii) “best effort” (BE) users. As mentioned earlier, QoS users
represent session applications that require the base station to provide a certain data rate on

the downlink, whereas, the BE users represent low priority data transfer applications which

!This is a simplifying assumption that models one step channel prediction
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do not have a rate requirement and are short-lived. The number of BE users is assumed
large and being short-lived it changes rapidly over time. In such a setup, the objective at
the base station is to provide the throughput rates to the QoS users with the least time-slot
utilization so that the remaining fraction of time-slots allocated for serving the BE class
is maximized?. The scheduling problem now is to obtain a rule that assigns time-slots

dynamically over time to meet the above objective.

Let there be N QoS users in the system and denote the channel rate vector for these
users as ¥ = (r1,...,7n). Let X;(F) denote the throughput per time-slot of user i. We
have3,

X,(F) = ri, if I'(F) = ¢ (i.e. user ¢ selected) 51)

0, otherwise

The expected throughput per time slot is E[X;(F)]. Under stationarity of the scheduling
rule, it is easy to see that X;(F) is stationary and ergodic and that E[X;(T)] equals the
long term time-average throughput per slot (called throughput rate) of user i. Let R =
(Ry,.., RN) be the guaranteed throughput rates to the QoS users. We will assume that R
is feasible and by feasibility we mean that there exists at least one scheduling policy that
achieves the throughput rates, i.e. E[X;(F)] > R;,Vi =1,.., N for some policy.

Let I;(T) be the indicator function for selection of user ¢,

1, if I(F) =14
L(F) = (5.2)
0, otherwise

With this notation we can re-write X;(F) as X;(F) = r;iJ;(F). The optimization problem can

now be formally stated as follows,

N
min Z E[Li(T)]
i=1

subject to  E[r;;(F)] > R, i=1,.,N (5.3)

2We assume that among the BE users a greedy algorithm is used to share the slots that are allocated for
the BE class. With a large population of BE users there is a high probability of at least one user experiencing
good channel condition. Thus, maximizing the time-slot allocation is then equivalent to maximizing the sum
total throughput of BE users.

3For notational simplicity, explicit dependence of X;(-) on I' is not indicated. Also, since the service of
BE users is simply the fraction of allocated time-slots to that class, their channel rate vector is not required
for the optimization.
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The expectation above is taken over the joint distribution of the channel rate vector, T,
for the N QoS users. Note that minimizing Efil E[I;(F)] is equivalent to maximizing
1 - YN E[I;(F)] which equals the fraction of time-slots available for the BE users. We
assume that R > 0, i.e. (R; > 0,..,Ry > 0). If some Ry = 0, we can neglect that user
and the problem reduces to N — 1 dimensions. We also assume that R is away from the
boundary of the set, which is characterized later, comprising all feasible throughput rate
vectors. This assumption is solely to simplify the mathematical exposition by avoiding the
limiting conditions at the boundary and does not affect the results presented throughout

the chapter.

5.3 Optimal Policy

The QoS users experience different time-varying channel conditions, hence, intuitively the
optimal policy must exploit this variability giving preference to users with better channel
conditions. This would ensure a high throughput per slot and would lead to a fewer fraction
of time-slots being utilized to provide the throughput guarantee. However, simply choosing
the best user is not sufficient since the throughput requirements of the QoS users and their
channel statistics might be very different which necessitates that these parameters must
also be taken into account.

Let Q be the set comprising all possible channel rate vectors, ¥; we have Q@ C R, Let
the joint probability density function be f(F) 4 so that the probability of a subset Z C Q
is given as [, f(F)dF. We assume that f(F) is such that subsets with zero volume in € (or
individual points) have zero probability, thus, excluding point mass distributions. Since a
scheduling policy maps T € {2 to a unique user index, we will represent a scheduling policy
as a partition of the set {2 into N + 1 regions denoted as Z),..,Zn,Z;. In a particular
time-slot, if the channel rate vector F lies within region Z;, user ¢ is selected for service
whereas if T € Z¢, no QoS user is selected and the slot is used to serve the BE users. The
problem thus reduces to choosing these regions optimally to minimize the objective function
and to satisfy the throughput rate constraint, [, z,Tif (F}d*r > R;, i=1,...,N.

To eliminate uninteresting partitions the following technical assumptions are made. The

set {2 can be partitioned into a finite set of components, where, each component is a con-

47To avoid excessive notations, F, depending on the context denotes both a random vector and a particular
realization for a generic time-slot.
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M3

Figure 5-1: The Zy region for N = 3, threshold vector a = (a1, az2,a3) and Q = R+Y. Note
that Zf= {f'.’OST{ < ai, Vi=1,...,N}.

nected set with non-zero volume and every point of this set is arbitrarily close to an interior
point. Such an assumption removes the trivial point/zero volume sets. A scheduling pol-
icy is a partition as above and each region Z; is a finite union of the component sets of
the partition. Further, we assume that for set {2, non-zero volume sub-sets that have zero
probability have already been removed as their mapping plays no role in the optimization.

In the rest of the chapter, the notation ¥ — Z (F / Z) means that there is a neigh-
borhood around T that is mapped (is not mapped) to region Z and the probability of this
neighborhood is non-zero. Formally, T — Z implies that there exists ¢ > 0 such that all

FeQ |[[f-T|| <e=*Ff€ Zand fl f(f)df > 0; where the norm || - || is the Eu-

|#—F||<e
clidean distance norm in RN. The following two lemmas give the properties of the optimal
Zy,...,ZN,Zy regions. The first lemma deals with the region Z; and it states that if T is
mapped to Z;, all rate vectors with the it" component larger than 7; cannot be mapped to

z;.

Lemma 12 Under the optimal policy, suppose ¥ = (r1,..,TN) — Z; then # = (74,..,(F; >

Ti)y- TN) 7 Zf.
Proof: Appendix D.1 w

A careful observation of Lemma 12 yields a special structure on Z; as follows. Let a; be
the infimum value of the first component among all vectors ¥ — Z;; i.e. a; = infz_,z,)71.
Now, any ¥ — Z; must be such that 7y < a;; otherwise Lemma 12 will be violated. As this

holds for all Z;, an optimal policy has constants {a;} where a; = inf(f_,z‘.) r; such that if

114



r; < a;,Vi, then T € Zy. The region Z; is shown in Figure 5-1. This implication is quite
intuitive as it suggests that when the channel rate vector of the QoS users is below some
threshold vector (bad channel conditions), the QoS users must not be scheduled and the
slot must be used to serve the BE users.

The vector a depends on the required throughput vector R for the QoS users and the
density function f(F). Given that R does not lie on the boundary of feasible throughput
rates, it follows that a is at least a positive vector (a; > 0,...,ay > 0) and the region
Z; = {f | T € Q,r; < a;Vi} is not null (non-zero probability). We now proceed to obtain

the structure of the regions Z;, i =1,...,N.

Lemma 13 Consider regions Z;, Zj, j # % and the corresponding thresholds a;, aj. Suppose

T ¢ Z; and satisfies,
LN}
% o (5.4)
then under the optimal policy T /» Z;

Proof: Appendix D.2 [ |

The above lemma states that if the weighted comparison of i and j** component of ¥
is in favour of the i* component (user i), it is not optimal to serve user j. The weights are
the inverse values of the corresponding components of the threshold vector a. The above
implication is intuitive as condition (5.4) means that in some sense user i has a better
channel condition than user j and hence serving user j is not optimal. Combining the

above two lemmas, we obtain the following geometric structure for the optimal policy.

Theorem XIV (Optimal Structure) Consider a channel rate vector ¥ = (rq,...,7n),

then, under the optimal policy there exists a threshold vector a with the following structure.

1. T — Zj if it satisfies,
ri<aiy, Yi=1,...,N (5.5)

2.t > Z;, (i=1,...,N) if it satisfies,

T T . o,
= 2 Vi=1,....N )

s 2’ j=1,...,N,j#1 (5.6)
i > a (5.7)
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, = t - )
3 3 Nz r/a, =rya,

Figure 5-2: Optimal policy structure for N = 3, threshold vector a = (a1, a,a3) and
0 =R+N. The Z; regions are top truncated pyramids.

f rf(E)dE= Ry, Vi=1,...,N (5.8)

Zs

Proof: Conditions 1 and 2 follow from Lemmas 12 and 13. Condition 3 states the
obvious requirement that for optimality the throughput constraint must be met with equal-
ity; since, otherwise the excess fraction of slots that lead to a throughput above R; can be

assigned to the BE users. [ |

The set of T that lie on the boundaries for which there is equality in (5.5) and (5.6) can
be mapped to any Z; without affecting optimality. It can also be observed that the set of
conditions in Theorem XIV are exhaustive and map every T € ) to a unique user index.
Thus, given a, we have a unique partition of  into regions Z,...,Zy, Zy. In Figure 5-2,
we present a geometric picture of these regions for N = 3. As seen from the figure the Z;
regions are top truncated pyramid-like (see, for example the light shaded Z; region) and it

can be verified that in this region, (5.6) is satisfied.

Next, we present the sufficiency argument by proving that a scheduling policy of the
form as in Theorem XIV minimizes the objective function in (5.3) and hence is optimal.

First, observe that a scheduling policy outlined in Theorem XIV can be re-written in a
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simplified way as a maximum weighted rule (with ties broken arbitrarily) as follows,

Z; (serve BE class) , ifr; <a;,Vi=1,.,N
I'(F) = (56.9)

argmax; ‘—:t , otherwise

where {a;} are such that E[r;[;] = R;,Vi=1,...,N.

Theorem XV (Sufficiency) Consider the optimization problem in (5.3) and let R be
feasible, then, policy ' defined in (5.9) is optimal.
Proof: Appendix D.3. [ |

Thus, Theorem XIV states that the optimal policy must satisfy certain conditions which
impose a weighted comparison structure on it and conversely, Theorem XV completes the
argument by stating that a policy with that structure is optimal.

The results presented so far for the optimal policy assumed that R was feasible, that
is, it assumed that the optimization problem in (5.3) had a solution and the throughput
rate R could be guaranteed by some scheduling policy. We now go back and characterize
the set of all such feasible throughput rate vectors. Let II denote this set; we claim that
the interior of II is generated by considering each threshold vector a > 0 and obtaining the
corresponding R that can be achieved for the policy in (5.9) for that particular . To see
why this is true consider the following. Given any a > 0, we first construct a policy as given
in (5.9). Since this is a valid scheduling policy the corresponding R with R; = E[r;[;] is
feasible, hence, IT must at least include all such R. Now, conversely, pick a feasible R in the
interior of II, then, from Theorem XIV we see that a scheduling policy can be re-mapped
to have the optimal geometric structure or equivalently there exists @ > 0 for which the
policy in (5.9) is optimal.

For a given R, we know from (5.8) that the threshold vector a for the optimal policy
is chosen such that |, 7, Ti f(F)d¥ = R;, i = 1,..,N. This can be solved using numerous
techniques of finding the positive root of a non-linear vector equation. In practice, however,
the density function f(¥) may not be known apriori in which case the vector a can be
adjusted in real time using stochastic approximation algorithms, similar to those outlined
in [75,76]. For a comprehensive treatment of stochastic approximation algorithms see [83].

We now consider the special case of Rayleigh fading in the next section and obtain explicit
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expressions for various system metrics.

5.4 Dimensioning

In this section, we apply the general results obtained in the last section to a Rayleigh
fading scenario. From a practical perspective while such a fading model might be restrictive,
nevertheless, from a systems viewpoint the closed form formulas obtained provide important
tradeoff limits between the allocation of resources to the QoS and the BE users and can
be used as a first cut calculation in system design. For other fading distributions a similar
analysis can be carried out, albeit, closed form expressions may not always be possible and
certain quantities would need to be evaluated numerically, as done in Section 5.5 for an
illustrative Nakagami fading scenario.

To proceed, we consider the following specializations to the earlier model. The users
experience independent identically distributed (i.i.d) flat Rayleigh fading, hence, |h|? is
Exponentially distributed, where |h| is the magnitude of the channel gain/fade state. The
rate per time slot of a user is assumed proportional to the fade state (square magnitude); i.e.
r = k(|h|2P), where k is a constant and P is the transmission power. A linear power-rate
relationship is a good model in various scenarios such as the low SNR regime in which most
CDMA systems operate, ultra-wideband transmission and fixed modulation schemes and
has been studied earlier in the literature [81]. As r is proportional to |h|?, the distribution
of r is also Exponential and is given as f(r) = e~"/#/u, r > 0 where u = E[r] is the average
throughput rate of a user if it is served in all the time-slots. Lastly, we take the guaranteed

throughput rate the same for all N QoS users, namely, R = (R, ..., R).

5.4.1 Throughput Characterization

Let v denote the fraction of time-slots allocated to the BE users. We first obtain the
threshold vector in terms of + as follows. Due to symmetry in f(F) and R, clearly, the
regions Z;, i = 1,.., N are identical, hence, the {a;}’s for the optimal policy are equal and
the threshold vector is given as a = (a, ..,a). Now, the threshold value a in terms of v is as

follows.
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Lemma 14 Let vy be the fraction of time-slots allocated to the BE users, then the threshold

value a for the optimal policy is given by,

1

Proof: From Theorem XIV, the region Z; is given as Zy = {F: 0 < r; < a, Vi =
1,...,N}. By ergodicity, the probability of this region equals v and by the i.i.d channel
assumption, f(¥) =[], fi(ri) = I1; f(ri). Thus we get,

/Oa. .._/:Hf(r,-)dri =7 (6.11)

Evaluating the integrals for the exponential distribution gives,
N
v=(1-e2/) (5.12)

Re-writing the above expression gives the result in (5.10). [

Observe from (5.10) that v = 0 = a = 0 which agrees with the fact that v = 0 (no slot
for the BE users) implies Z¢ is null and similarly, v = 1 = a — oo which agrees with the
fact that -y = 1 (all slots for the BE users) implies Z; = R*%.

Now, using the optimal structure of region Z; we can obtain an expression for the

required throughput rate R in terms of the threshold value a.

Lemma 15 Under the optimal policy, the throughput-rate guarantee, R, for a given thresh-

old value a is given by,

N-1
_ N-1 X M e—(k+Da/u
R_kgo( . )( 1) (a+k+1) T (5.13)
Proof: Given a threshold vector a = (a,...,a), the region Z; is given as, Z; = {F :

a<ri<oo, 0<r; <r; j#i}. As R= E[r;l;] we get,

R= /aoo Lri .. ./:i rif(ri)dr; H'f(rj)drj (5.14)

J#i
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where f(F) =[], fi(ri) = I1; f(r:) by the i.i.d assumption. For the exponential distribution,
(5.14) simplifies to,

_ o0 rie_ri/u' —7'1'/[1» N-1
R= /a y (1 e ) dr; (5.15)
Using the binomial expansion, (1 — e~"/#)N=1 = y~NV-1 (N-1)(_1yke—*kri/k (5.15) can be
solved to get (5.13). [ ]

Note from (5.13) that R is monotonically decreasing in a, hence there is a one to one
relationship between R and a. Stated equivalently, given a certain R value, there is a unique
threshold a > 0 that achieves it. Eliminating a from (5.10) and (5.13) we obtain a unified
relationship among the system quantities: (i) Throughput rate R, (ii) Fraction of time-slots,
7, allocated to the BE users (iii) Number of QoS users, N, and (iv) The average channel

condition, u, of the users.

Theorem X VI Under the model assumptions stated earlier with N QoS users in the system

and v € [0, 1] fraction of time-slots allocated to the BE users, the mazimum throughput rate
R for each QoS user is given by,

N-1

"= Yo ¢ (=Y . %\ (k+1)

“_g( k )( Y ( 71 Ty (5.16)
Proof: The result follows from Lemmas 14 and 15. -

From (5.16), we see that R depends linearly on p, thus as expected, for a given N, 7,
the throughput guarantee is higher if u is increased. Now, re-phrasing (5.16), theoretical

limits for various performance measures can be deduced as follows.

Mazimum Throughput Rate: By setting v = 0, we can obtain the maximum through-

put rate Ry,,;(N) for each QoS user when no slots are allocated for the BE users. This is
given as,
= /N -1 1
Rmae(N) = ps (kZ_o ( . )(—l)km) (5.17)
Figure 5-3 is a plot of R/u versus N for different v values. The function Rpez(IN)/p is the
" topmost curve corresponding to v = 0. As Rpq(N) is monotonically decreasing in N, its

maximum value is at N = 1 and equals R,/ = 1. This is expected as the maximum
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rate achievable when all the slots are assigned to just one QoS user equals E[r] (= ).

Mazimum Number of QoS Users: Fix a value of Ry and +, the maximum number

of QoS users such that throughput of each is at least Ry is given by,

Nmaz(ROa7) = mje'x (R 2> RO) (5'18)

Obviously if the values of Ry,v are such that there is no integer N > 1 that achieves
it, the system values in this case are infeasible. Figure 5-4 is a plot of R/u versus « for
various values of N. Infeasibility arises when (7, Ro/u) point lies above the N = 1 curve
(in Fig. 5-4).

Mazimum Value of v: Given R and N, the value of v that solves the equation in

121



(5.16) gives the maximum fraction of slots that can be allocated to the BE users. Figure 5-4

with its axes inverted gives a plot of y versus R/ for different V.

5.4.2 Comparison with Random-scheduling Policy

To understand how much gain can be achieved, we present an analytical comparison of the
optimal policy with the random scheduling policy. The random policy assigns a time-slot
to the BE users with probability v and to the QoS users with probability 1 — . Among
the QoS users the slot is then randomly assigned to one of the users with equal probability
1/N. Clearly, this policy does not exploit the varying channel conditions for scheduling the
users. Due to the random nature of the assignment each QoS user gets (1 —+)/N fraction of
time-slots and since the users have statistically identical channel conditions, the throughput
rate of each QoS user, denoted R, is given as,

(-7

R, =p N

(5.19)

Let us now fix a value of v for both the optimal and the random policies, i.e. under
both policies, v fraction of slots are assigned to the BE class. Let R, R, denote the
corresponding throughput rate provided to each QoS user. Then, as shown below, the gain
defined as R°P*/R, is on the order of In(N). To show this result, we need the following

lemma.

Lemma 16 For any v € (0,1), we have the following relationship®

ln( 1 ) — O(In(N)) (5.20)
1—9¥~

Proof: Appendix D.4 [ |

5The following notation is followed: (i) f(IN) = O(g(IN)) means that there exists a constant c and integer
Np such that f(N) < cg(N) for all N > No, (ii) f(N) = ©(g(N)) means that f(N) = O(g(N)) and
9(N) = O(f(N))
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Theorem XVII The throughput gain of the optimal policy as compared to the random
policy, defined as RPt/R,, for v € (0,1) satisfies the relationship,

R _
& = () (5.21)

Proof: Appendix D.5 [ ]

Observe that as N — oo the throughput rate per QoS user for both the optimal and
the random policy tends to zero. Equation (5.19) states that R, decreases as 1/N whereas
(D.24) in Appendix D.5 states that by using the optimal policy R°P* decreases more slowly
as In(N)/N. Hence, we get a gain on the order of In(N). The above logarithmic behavior
can be attributed to the exponential distribution of the rate under Rayleigh fading and
while such channel statistics are simplified models, in practice one could expect gains along

these orders for moderate QoS user population.

5.5 Simulation Results

To validate the theoretical results derived in the earlier sections, we present simulation
results obtained for two fading distributions, Rayleigh and Nakagami. The setup for the
simulations is as follows: we consider a time duration of 10 seconds and divide it into 10,000
slots, thus, each time-slot is of length 1 millisecond. For the sake of simplicity, the QoS users
all experience i.i.d channel fading. We assume a linear relationship between the channel
rate and the fade state (squared magnitude); i.e. r o |h|?. Thus, for Rayleigh fading the

rate, r, at which data can be transmitted in a slot is Exponentially distributed with density

f(r) = e";/", r > 0; while for Nakagami fading, r has a Gamma distribution given as

flr) = (-’E)m %e“m’/ #, r > 0, where m is the fading parameter [82]. The mean channel

rate, p, for each user is taken as, u = 800 Kbits/sec for both the distributions. At each
time-slot, a random vector of channel rates for the QoS users is drawn from the respective
distribution. Given this channel rate vector, the particular scheduling policy decides which
QoS user to serve or to allocate the slot to the BE class. In the former case, the chosen
QoS user, say user i, receives a throughput rate of r; while for the others the throughput

rate is 0 in that slot. In the latter case, all QoS users get a 0 throughput in that slot.
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Figure 5-5: Running time-average of throughput rate for Rayleigh fading with 3 QoS users,
R = 200 Kbits/sec.

We simulate the optimal, the random, the greedy Time Division Multi-Access (TDMA)
and an opportunistic scheduling policy studied in [80] which we refer to as “Opportunistic
Proportional Fair” (OPF) policy. In case of the optimal policy, the scheduling decision is
taken as given in (5.9) where the threshold vector a is computed using the formulas in
Section 5.4. The random policy makes a scheduling decision as described in Section 5.4.2.
For the greedy TDMA and the OPF policy the scheduling decision is taken as follows. Let
T denote the running time-average of the throughput rate for the k** QoS user. At the
beginning of each time-slot, consider all QoS users for which Ty < R where R is the required
throughput guarantee. In the greedy TDMA policy the user with the maximum channeli
rate is selected whereas for the OPF policy the user that maximizes the metric r/T} is
selected. If for all QoS users Ty > R, the slot is allocated to the BE class.

We first numerically validate the theoretical results obtained in Section 5.4. We con-
sider Rayleigh fading with 3 QoS users each having a throughput rate guarantee of R =
200 Kbits/sec. Figure 5-5 gives a plot of the running time-average of throughput rate
under the optimal policy. As can be seen from the plot, the long-term required rate is
achieved very quickly in time within almost a second and is maintained thereafter within
a close range. Thus, within a very short time interval the required throughput rate can
be provided to the QoS users. A similar trend is observed when the parameter values are
varied. In Figure 5-6, we fix v = 0.3, i.e. the BE class is assigned 30% of the slots. The
figure gives a plot of the simulated throughput gain R%P'/R, as a function of N; where
R°Pt R. is the throughput rate of each QoS user under the optimal and the random policy
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Figure 5-9: Comparison of the fraction of slots utilized by the random, OPF, TDMA and
optimal policies.

respectively. In conformation with the result in (5.21), we see from the plot that E}%’? grows
logarithmic in N. We next consider Nakagami fading with the fading parameter m = 0.6.
In Figure 5-7, we fix v = 0.3 and plot the running time-average of the throughput rate
for the optimal policy with 3 QoS users. For the case of Nakagami fading, (5.11) becomes,
Jo*

finding the root of the above non-linear equation. The long-term rate provided to each QoS

tmlemtdt = 'y% I'(m) from which the optimal threshold a is evaluated numerically by

user in this case is R = 494 Kbits/sec. Again as before, the throughput rate is achieved
very quickly in time and is maintained thereafter within a close range. In Figure 5-8 we
compare the throughput gain of the optimal policy versus the random policy. As seen from
the plot the optimal policy achieves a substantial gain in throughput even with Nakagami
distribution. In fact, the gain is higher now because the Gamma distribution with m = 0.6
has a larger variance than the Exponential with the same mean. As a result, the optimal
policy which opportunistically exploits rate variations gives a higher gain in comparison to
random assignment.

We now present simulation results that compare the performance of the optimal, ran-
dom, TDMA and OPF policies. We consider 3 QoS users with Rayleigh fading and the mean
channel rate of each QoS user, u = 800 Kbits/sec. Figure 5-9 plots the total fraction of
slots utilized by the QoS users under each policy versus the throughput rate requirement of
each QoS user. The quantity, (1— total fraction of slots used by QoS users), is the time-slot
allocation to the BE class. First, as expected the random policy has the worst performance

and utilizes the maximum time-slots to provide the throughput rate guarantees. Since the
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OPF, TDMA and optimal policy exploit the channel variations and opportunistically sched-
ule the users, the time-slot utilization is lower as compared to the random policy. The OPF
policy performs worse than the TDMA policy which is expected since the TDMA policy by
being greedy has a high throughput per slot and hence utilizes fewer time-slots. Finally,
as expected the optimal policy uses a substantially lower fraction of time-slots than all the

policies.
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5.6 Chapter Summary

In this chapter, we addressed the issue of downlink scheduling over a wireless channel
incorporating the QoS and best-effort services. We considered a set of N rate-guaranteed
users and the objective was to serve these users with the least time-slot utilization, thereby,
maximizing the time-slot allocation to the BE users. Using a geometric approach, we

obtained the optimal policy which is given in a compact form as,

Zy (serve BE class) , ifr; <a;,Vi=1,.,N

argmax; % , otherwise

Equivalently, the optimal policy also solves the problem of maximizing the rate guarantee
for the QoS users given that a certain fraction of time-slots must be allocated to the BE
users. Under a symmetric Rayleigh-fading setup, we specialized the optimal policy results
to obtain analytical expressions for the various performance metrics. We also presented
an analytical comparison with the random-scheduling policy and showed that throughput
gains on the order of In(N) can be achieved by exploiting multi-user diversity. Finally
simulation results showed substantial gains achieved by the optimal policy as compared to

other well-known policies in the literature.
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Chapter 6

Conclusion

In this thesis, we developed dynamic rate-control and scheduling algorithms to meet quality-
of-service requirements on data using minimum resource utilization. Two different setups
were addressed, first involving energy-efficient transmission of data with strict packet-
deadline constraints, and second, involving multi-user scheduling to provide throughput-rate

guarantees with minimum time-slot utilization.

In the first setup, we considered a wireless link model with data packets having strict
deadline constraints, and presented dynamic rate-control algorithms to minimize the to-
tal transmission energy expenditure. A novel framework based on cumulative curves was
presented which provided an intuitive and appealing visualization of the problem and the
optimal solution. For the deterministic case where the data arrival information is known in
advance, the optimal solution had a neat representation as a “stretched string”. Stochastic
channel fading was also addressed by first introducing the canonical problem of transmitting
B bits of data by deadline T" over a Markov fading channel. This problem was referred to
as the BT-problem and its optimal solution was obtained in closed-form using a stochastic
optimal-control formulation. Various insights from the optimal policy were discussed and an
extension involving average power limit was also treated. Further, we utilized the solution
of the BT-problem and the cumulative curves framework to obtain optimal solutions under
different scenarios involving variable packet deadlines and arrivals. These were obtained

through a natural and intuitive decomposition approach.

In the second setup, we considered a wireless down-link model and addressed the issue

of multi-user scheduling. Here, the quality-of-service requirement was to provide an average
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throughput to a certain class of users, referred to as the QoS users, and the objective was to
obtain a multi-user scheduling policy that achieves this with the least time-slot utilization.
Using a geometric approach, we obtained the optimal policy and further specialized it to
the case of symmetric Rayleigh fading to obtain closed-form relationships for the various
performance metrics. These relationships provided interesting tradeoffs between the various
system parameters as well as facilitated analytical comparison of the optimal policy with
the random-scheduling policy.

The formulations considered in this thesis have a wide range of applicability in wire-
less data, ad-hoc, satellite and sensor networks, especially for applications involving time-
constrained data communication. The theoretical approach that we adopted provided sim-
ple optimal solutions for the various setups, it facilitated a fundamental understanding of
the issues involved and highlighted the interplay between packet deadline constraints and
minimizing the transmission energy expenditure. Various analysis methodologies, such as
the cumulative curves framework and the stochastic optimal control techniques, also pro-
vide unique approaches in addressing other problems in wireless networks. The work in
this thesis and the methodologies presented therein, thus, open up new research possibil-
ities into addressing issues related to packet deadlines and quality-of-service for broader

communication networks.
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Appendix A

Proofs for Chapter 2

A.1 Proof of Theorem II — Uniqueness

Let us assume that the admissible departure curve satisfying the optimality criterion, D(t),
is not unique. Let D;(t) and Dy(t) be two such distinct curves. From the boundary
conditions we have D;(0) = D(0) = 0 and D1(T") = Da(T) = Dpin(T). Since D (t) #
Ds(t) the two curves must differ over some time interval in [0,7]. Let t = a be the first
instant at which the two curves differ and t = b be the first time instant after ¢ = a at
which they are equal again. Note that b < T as at time T, D1(T) = Dy(T'). Without loss
of generality let D1(t) > Da(t),t € (a,b). From the admissibility of the two curves we have,

Dpin(t) < Da(t) < Dy(t) < A(t), t € (a,b) (A.1)

By assumption, since both curves D;(t) and Da(t) satisfy the optimality criterion, Lem-
mas 2-4 apply for points of slope changes. As Di(t) is strictly greater than Dp,(t) in
t € (a,b) it follows from Lemmas 2-4 that its slope cannot decrease in (a,b). This implies
that D1 (t) is convex in (a,d) (it could be linear as well). Similarly as D(t) is strictly less
than A(t) in t € (a,b), its slope cannot increase and hence it must be concave in (a,b). It
is clear that starting with D;(a) = D;(a) and having D;(t) convex and D;(t) concave in
t € (a,b), the two curves cannot be equal again at ¢ = b which leads to a contradiction.
Finally, if both curves are linear in (a, ) with equality at t = a and ¢t = b, then this violates
the assumption that Di(t) # D2(t),t € (a,b).

To show that D(t) minimizes the energy cost in (2.3), we proceed as follows. Let
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B denote the space of continuous functions defined on [0,7] with the supremum norm,
IfIl = supsepo,r) f(t); this space is then a Banach space [70]. Let 2 denote the set of all
admissible departure curves, we then have 2 C B. First, we claim that {2 is a convex set. To
see this, consider Dy(t), Da(t) €  and let D3(t) = zD;(t) + (1 — z)Do(t), z € [0, 1]. Since
D; (t), Da(t) are continuous, non-decreasing and have bounded right-derivative, it is easy to
see that D3(t) also has these properties. Further, we also have 2Dpin(t) < zD;(t) < zA(t)
and (1 — ) Dmin(t) < (1 — 2)Da(t) < (1 — 2)A(t), which gives, Dmin(t) < D3(t) < A(t);
thus, the causality and the QoS constraints are also satisfied. Next, we show that  is
compact. To see this, consider a sequence of admissible departure curves { D, (t)}2,. Since
D'(t) < M, ¥YD(t) € Q, we have, |Dy(t2) — Dy(t1)] < M|tz — 3], which makes the sequence
of functions {D,(t)} form an equi-continuous family of functions. From [70] (Thm. 7.25,
pg. 158), it then follows that there is a subsequence that converges in the supremum norm.
Thus, this limit function is continuous and since Dy (t) satisfies the causality and the QoS
constraints for all n, it is satisfied by the limit function as well. Hence, the limit function
lies in 2 and we see that €2 is compact. Now, consider the energy cost function £(D(t)) as
given in (2.3) with g(-) being strictly convex. We next show that £(D(t)) is also strictly
convex. Consider D;(t), Do(t) € Q and let D3(t) = zD;(t) + (1 — z)Da(t), = € (0,1]. Then,
E(Ds(t)) = JT (@D} (t) + (L—2)Ds(e))dt < [T (ag(Dy(#)) + (1 — x)g(Dj(1))) db. Thus, we
see that, £(D3(t)) < zE(D1(t)) + (1 — z)€(D4(t)). From above, we see that (2.3) involves
an optimization of a strictly convex functional over a compact convex set. Thus, it has a
unique minimizer in © [66]. From Theorem I, the necessary condition for any admissible
departure curve to be the minimizer is that it must satisfy the optimality criterion and since

such a curve is unique, it must be the optimal solution.

A.2 Proof of Theorem III — Minimal Maximum Power

Consider an admissible departure curve D(t) € T' that is not optimal. Let [a,b] be the
interval over which the optimality criterion is violated. Then, based on the construction
in Theorem I we obtain a new curve D(¢) that is also admissible. The line segment L(t)
between [a,b] in D(t) always has a slope that is less than the maximum slope of D(t)

between [a,b). As D(t) = D(t),t & (a,b), the overall maximum slope of D(t) cannot exceed
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that of D(t).

D (t) < D )
2800 < s PO (b2

If D(t) = D(t) then we are done. If not then repeat the process for D(t) now. For g(.)
strictly convex, the energy expenditure strictly decreases at each iteration. Thus, we obtain
a sequence of curves with decreasing energy metric that is lower bounded by the optimal
cost. As the optimal curve that achieves the lower bound is unique, it follows that the
above sequence eventually converges to D?P!(t). The result then follows from a repeated

application of (A.2).

A.3 Proof of Lemma 5

Take two lines L1(t), La2(t) € F with slopes s, s2 respectively. Without loss of generality,
let s; > s2. Let €; and ez be the respective durations over which they are admissible. Take
€ = min[e, €3], then, over [to, o + €) we can view L;(t), La(t) equivalently as new A(t) and
Dpnin(t) respectively. Any line with slope s such that s; < s < s is then admissible for

duration € and hence belongs to F.

A.4 Proof of Lemma 7

(a) Let £ be the point at which Lp(t) intersects Dpin(t) first. By definition, Lp(t) <
A(t),Vt € (to,t). The proof now follows in two parts. First, we show that any line in
F with slope less than L, must intersect Dpin(t) at or before t and second that this
line does not intersect A(t) in (to,f). Consider L(t) € F with slope less than L’,, then,
L(t) < Lp(t),Vt > to. Hence, at time £ we have L(f) < Lp(f) = Dmin(f). If instead,
t is the discontinuity point for Dyin(t), then, Lp(t) — Dpmin(t) changes sign at ¢ and so
L(t) — Dpin(t) must have changed sign earlier at ¢ < . Thus, we see that L(t) must
intersect Dpin(t) at or before . Next, since L(t) < Lp(t) < A(t) in t € (to,f), the line
L(t) cannot intersect A(t) first. This completes the proof of part (a) in the lemma. Along

similar lines as above part (b) follows.
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A.5 Proof of optimality of the algorithm

From Theorem II we know that D(t) is unique. Hence it suffices to prove that (a) at
every iteration one of the steps of the algorithm is satisfied and (b) the constructed curve

satisfies the optimality criterion.

Proof of claim (a): At every admissible point (¢p, ), (o is defined as given in (2.16).
Line Ly is either tangent to A(t) (orDpin(t)) or not. If it is not tangent then by Lemma 6
it must intersect either A(t) or Dy (t) first, and step (2) of the algorithm is then satisfied.
If Ly is the tangent, step (3) is followed. Finally, the new point (¢1,7) obtained from the

algorithm is also admissible.

Proof of claim (b): Let D(t) denote the constructed curve. It is obvious from the
construction that at all points where the slope changes Lemma 2 is satisfied. We next show
that Lemmas 3 and 4 are also satisfied. Let o be the starting instant at some iteration. Let
step 2 be satisfied at o, then, the sets Fp,, and F4 are non-empty. Suppose L, intersects
Dyin(t) first, i.e. at t; (as in the algorithm) we have Ly(t1) = Dmin(t1). Also, suppose that
Lo(t1) # A(t7). From the chosen t; in step 2, it is clear that Lo(t) < A(t) in (to,t1]. Thus,
if we pick a line L; € F4 with slope close to L, (= 3,), then L; would intersect A(t) beyond
t;. More precisely, there exists an € > 0 such that L; € F4 with slope 8, < L} < B+ €
intersects A(t) first at £ > t;. Now, it follows that at the next iteration, starting from time
t1, the new set F4 must at least contain all lines with slopes in (5,, 8, + €), hence, the
optimal line starting at time ¢; cannot have slope greater than (3, (8, here refers to the

optimal slope for the iteration at t9). Thus, we see that Lemma 3 is satisfied at ¢;.

Similarly, if at to step 2 is satisfied but ¢; is such that we have Lo(t1) = A(t1)(or A(t))),
then, using a similar argument as above it can be seen that starting from time ¢;, the new
set Fp,, must at least contain all lines with slopes in (&, 3, — €). Hence, the optimal line
starting at time ¢; cannot have slope less than 3, and now Lemma 4 is satisfied at ¢;. Note,
that if at ¢; we have Ly(t1) = Dmin(t1) = A(t7), it does not matter how the slope changes
beyond t;.

Now, suppose instead that step 3 is satisfied at o then L, is tangent to Dmin (t)(orA(2)).
If Lo(t) is tangent to Dpn(t), over t € [to,t1] we have Lo(t) = Dpin(t). We claim that
the curve Dp,in(t) over t € [to,t1] must be concave. To see this, suppose instead that

there exists [, 2], to < t1,%2 < t1, such that the curve Dpin(t) is strictly convex. Then,
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at f; the tangent cannot be the optimal line; this is because, a line with slope greater
than the tangent will be in the set Fp_, for point f; and the tangent slope would not be
the maximum over Fp,,. Thus, L,(t) must be concave over ¢ € [tg,¢1] which shows that
Lemma 3 is satisfied over the entire interval [to, t;]. Furthermore, using the argument from
the preceding paragraphs it also follows that on the next iteration, starting at ¢; Lemma 3
will be satisfied. Using an analogous argument as above, it is easy to see that if L,(t) is
" tangent to A(t), it is convex over t € [tp,?1] and Lemma 4 is satisfied.

Thus, from the above, we see that starting at (0,0), at every iteration of the algorithm
(every constructed segment of D.(t)) Lemmas 2-4 are satisfied. This implies that around
every point where the slope of D.(t) changes we cannot construct an admissible line segment,

hence, D.(t) satisfies the optimality criterion.

A.6 Algorithm for constructing D (t) when A(t) and D, (t)

are piecewise constant functions

Consider A(t) and Dpin(t) as piecewise-constant functions. Let the arrival curve A(t) be

denoted as,

A ={t, AN, o<t <t?<...<tVN =T (A.3)

where {t'}2¥! are the jump points of the curve A(t), A’ is the cumulative data just before
time ¢* (the value of A(t) just before the jump), ¢V is taken as the final time T and AV is

the value at T'. Similarly, denote the Dy,;,(t) curve using subscripts as,
Dmin(t) = {t;, Bi}}L;, 0<ti<ta<...<ty =T (A.4)

where {t;}}, are the jump points of the curve Dpmin(t), B; is the minimum data that must
depart by time ¢; (the value of Dy,is(t) at the jump) and ¢y, is taken as the final time 7.
By the assumption Dpin(T) = A(T), we have, AN = By,.

Arrange the jump times {t'}¥; and {tj}jM=1 of A(t) and Dy,;n(t) respectively in increas-
ing order with ties broken arbitrarily. Denote this arranged sequence as {wp};,V:"iM . For
any p, if mp is a jump point of A(t), denote i(p) as the corresponding index of this jump
point within A(¢) curve. Similarly, if m, is & jump point of Dyn(t), denote j(p) as the

corresponding index of this jump point within Dy,;,(t) curve. Denote the output vector of
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slopes and times as § and t respectively. Vector § contains the slopes of the piecewise-linear
segments of D?%(t) curve and t contains the times when the last segment stops and the new
segment starts, i.e. the I* line segment has slope s(I) (I** entry) and is over time interval
[t(l — 1),t()], where we take ¢(0) = 0.

The following algorithm obtains the vectors S and t by looking at the jump points
{wp}g:lM sequentially. Explanations about the various steps are given later. To begin, §

and t are taken as empty vectors.

1. Initialize p =1, ¢, = 0, V; = 0, 74 = co (or some large value), rp =0, I4 = Ip =

I"=I,=0.

2. If mp is a jump point of A(t) curve and ’—:{z(;)_%t"l < r4, Update: T4 = i(p), I™ = p,
A _ AR v,
=S
If 7, is a jump point of Dpin(t) and Biw—Ve > rp, Update: Ip = j(p), Ir = p,

ti(p)—ts
—_ B; P =Vs
"D = Tip—ta
3. If rp > r4 and =, is a jump point of A(t) curve, append 7p to § and ¢z, to t, Update:

t3=t]D,‘{g:B[D,p:Iﬂ-,T'A‘—'OO,TD:O.

If rp > r4 and 7, is a jump point of Dyin(t) curve, append r4 to § and t;4 to t,

Update: t; = tIA, Vs = AIA, p=1I", r4 =00, rp =0.
4. Increment p = p+ 1 and repeat steps 2-4. Stopif p=N+ M + 1.

The variables (ts,V;) represent the start time and value respectively at each recursive
step of the algorithm (the origin point) and initialized to (0,0). The variable r4 keeps track
of the minimum slope value, among straight line segments between (ts, V;) and (¢, A*) (the
jump points of A(t) curve); it is initialized to a high value for computational purposes.
The variables I4,I™ keep track of the indices involved for the minimizing point. The
corresponding variables for Dpin(t) are rp which keeps track of the maximizing slope over
the jump points of Dpn(t) curve and Ip, I are the corresponding indices.

In Step 2, depending on whether the jump point mp belongs to A(t) or Dimin(t) curve the
corresponding variables are updated. In Step 3, the condition rp > 74 is checked. If true
and if the present jump point 7, belongs to A(t) curve, it implies that the line segments with
slopes lying in [r4,rp)] intersect the Dpmin(t) curve first; whereas, line segments with slope

greater than rp intersect the A(t) curve first. Thus, from (2.16) the optimal slope 5, is rp
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and hence the line segment with this slope is appended to the optimal curve constructed
so far. Similarly, if rp > r4 is true and if the present jump point 7, belongs to Dpmin ()
curve, it implies that the line segments with slope lying in [r4,rp] intersect the A(t) curve
first; whereas, line segments with slope less than 74 intersect the Dppin(t) curve first. Thus,
here the optimal slope (3, is 74 and the line segment with this slope is appended to the
optimal curve. Finally, in Step 3, the variables p and (t,, V;) are also updated to represent
the endpoint of the chosen line segment. The algorithm then repeats in a similar manner

starting from the new point (s, V;).

A.7 Proof of Lemma 8

As presented in Section 2.3.2, the two curves A(t) and Dpn(t) for the BT-problem are,
A(t) = B, ¥t € [0,T], and Dpin(t) = 0,t € [0,T), Dmin(T) = B. The admissibility
criterion is 0 < D(t) < B and D(T) = B. Re-phrasing the BT-problem as a calculus of
variations problem we get [71],
T

min  E(D(t)) = / g(r(t),t)dt

r(t) 0
subject to  D'(t)=r(t), D(T)=B

r(t) >0, t€[0,T)] (A.5)

Uisng [71], the Hamiltonian for the above is, H(D,r,t) = g(r,t) + A(t)r, and from Pontrya-
gin’s maximum principle (which is also a sufficient condition in our case due to convexity) the
optimal value r%(t) satisfies, r°P!(t) = arg max,>o H(D%",r,t) = arg max,>o (g(r,t) + A(t)r).
We also have, A(t) = —-% = 0, which implies A(t) = constant. Taking k = —A(t) as the con-
stant and substituting back in the rP*(t) equation, we get, rP!(t) = arg max,>o (g(r, t) — kr).
The solution to this maximization is as given in (2.18). Since, g(r,t) is strictly convex and
increasing in r, we have that r* is unique. Finally, to satisfy the deadline constraint we

require that the value of k£ must be such that fOT rot(t)dt = B.

137



138



Appendix B

Proofs for Chapter 3

B.1 Verification Theorem for the BT-problem in Section 3.3

In Section 3.3, we obtained heuristically the optimality equation as given by (3.15). To
present a rigorous argument we need to verify that a solution of (3.15), i.e. functional
forms J(z,c,t) and r*(z,c,t) that satisfy (3.15) with the required boundary conditions,
indeed give the optimal solution for the BT-problem. However, the standard verification
theorems in [63] that provide conditions to check for the optimality of the solution to
the HJB equation do not directly apply for the BT-problem. This is because the non-
standard boundary condition z(T") = 0 leads to a singularity in J(z,c,t) at t = T (since,
J(z,c,t) =D, 00, if z > 0). To overcome this technical difficulty and obtain a verification
theorem for the BT -problem, we consider a particular relaxation and take appropriate limits
as discussed next.

Consider the following modification to the problem. Instead of emptying the buffer by
time T, extend the deadline to T'+ 73, for some 7 > 0. In the interval [T, T+ 7] the channel
does not change and whatever data, z(T), left at time T is transmitted out at the constant
rate z(T)/m,. Thus, now the system runs over time [0,7] and the data left at 7 has a

terminal energy cost of emptying it in the next 7, interval. This terminal cost is given as,

()

hx (.’l‘(T), C(T)) = C(T)

(B.1)

We now consider a sequence {7%}{° such that 7 | 0. This gives a sequence of modified

problems which we denote as {P;} and the corresponding minimum-cost functions are
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denoted as {J*(z, c,t)}.

Note that the relaxation does not change the system dynamics over time but only affects
the terminal cost applied to the leftover data at time 7. In the BT-problem, we had an
infinite cost on any data left at T but now each problem {Pj} has a smooth function
hi(z(T), c(T)) associated with it. Clearly, then, the optimality equation for each Py is the
same as (3.15) except that the boundary conditions for the PDE now become J*(0, c,t) =
0 and J*(z,c,T) = hi(x,c). The admissibility of a policy for problem Py includes the
constraints required for the BT-problem with the exception of z(T") = 0 which is no longer
a necessary requirement. Furthermore, from the increasing and convexity properties of g(r),
it is easy to see that for a fixed (z,c), hi(z,c) = 0, if z = 0,Vk and hi(z,c) LN 00, if
x > 0. Thus, as we look at the modified problems P, with large values of k (smaller values
of 1), there is an increasingly higher penalty cost applied to the data left at time 7. And as
k — oo, this penalty cost goes to infinity; thus, in the limit we have a situation equivalent to
the BT-problem. The rest of the proof delves into the technical details involved in taking
the limits. Specifically, we show that having obtained the optimal cost function for the
modified problem Pj and then taking the limit k¥ — oo gives the optimal solution for the
BT-problem.

We will use the notation I' to denote the set of all admissible policies for problem P
(note that for all Py, the set I' is the same since the problems only differ in the terminal
cost function hg(-,-)). The cost-to-go function for a policy r(-) for problem P; will be
denoted as J¥(z,c,t); ie. J¥(z,c,t) =E [ftT Mﬁ%’f(rs&nds + hk(:c(T),c(T))]. We start
with Lemma, 17 which gives the verification result for problem Py. It states that a solution
of the PDE equation (3.15) satisfying the relevant boundary conditions indeed gives the
minimum cost function and that the transmission policy obtained from the minimizing r in

(3.15) is the optimal policy.

Lemma 17 (Verification Result for Pi) Let J*(z,c,t) defined on [0, B] x C x [0,T],
solve the equation in (3.15) with the boundary conditions J*(0,c,t) = 0,Vc € C,t € [0,T)
and J*(z,c,T) = hi(z,c). Let ri(z,c,t) be an admissible policy for Py such that ry, is the

minimizing value of r in (3.15) for J¥(x,c,t). Then,

1. J*(z,c,t) < JE(z,c,t), Vr(-)eT
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2. ri(z, c,t) is an optimal policy, J¥(z, c,t) is the minimum cost function and,

Jk(.’L‘, c, t) —E I;/tT g(rz(x(j();;(s), 3))ds + hk($(T),C(T))] (B2)

Proof: See [63], Chap III, Theorem 8.1. n

Now, define the function J(z,c,t)2 limy_. J*(z,c,t). The next theorem shows that
this limit exists and if it satisfies (3.15), it is the optimal solution for the BT-problem. We
will use the notation I' in the theorem to denote the set of all admissible policies for the

BT-problem.

Theorem X VIII (Verification Thm. for the BT-problem) Consider (z, c,t) € [0, B]x
C x [0,T) and define J(z,c,t)2 limy oo J*(z,c,t). Let J(z,c,t) satisfy the HIB equation
in (8.15) and r*(z,c,t) be an admissible policy for the BT -problem such that r* is the
minimizing value of v in (8.15) for J(z,c,t). Then,

1. J(z,c,t) < Jr(z,c,t), Vr() €T

2. r*(z,c,t) is the optimal policy, J(z,c,t) is the minimum cost function and,

T
J(@,c,t) =E [ /t %g(r*(m(s),c(s), s))ds] (B.3)

Proof: We divide the proof into various steps each giving arguments for the various

claims in the theorem statement.

Step 1: The limit, J(x,c,t) = limg_o0 J*(z, ¢, t) erists and is finite

Consider the relaxed problem P, and the corresponding minimum cost function J*(z, c, t).
We now make two claims, first that J*(z,c,t) is non-decreasing in k for each (z,c,t) and
second that J*(z,c,t) is bounded for all k. These two claims are proved as follows. First,
note that the sequence 73 is decreasing and hence hi(z, c) is monotonically point-wise in-
creasing in z with increasing k. Fix an admissible policy r(-) € T', then for every channel
sample path the total energy cost is higher as & increases because the terminal cost is higher.
Hence, for all 7(-) € T the expected energy cost increases with k; taking the infimum over

7(-) proves the first claim. To prove the second claim consider a simple policy, 7(-), that
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empties the data at a constant rate by time £, where t < t < T. For such a policy,

/tfg’(""'_/c((t;)‘_t))ds] =g(£—f£) E[[%ds]
(=) () et

r_ A(E-1) -
_ -9 t)g (—,,'T ) e 7 e <o

Jr(z,c,t) E

i

IA

c t—t

The inequality above follows by first conditioning that the channel makes j transitions over
[t, 7], taking c(s) = (z1)7c, where (z;)c is the worst possible channel quality starting with
state ¢ and making j transitions, and finally taking expectation with respect to j (number
of transitions, j, is Poisson distributed with rate A(f — ¢) and 2; > 0 is the least value
that any Z(c) can take). Since, J*(z,c,t) < J(z, c, t), Vk, the bounded-ness claim follows.
Combining the above two claims (non-decreasing and bounded), we see that the point-wise

limit J(z, ¢, t) = lim_.o0 J¥(z, c, t) exists.

Step 2: Result 1 stated in the theorem, i.e. J(z,c,t) < J.(z,c,t), V BT-admissible policies

From the notation considered, I" denotes the set of admissible policies for the BT-
problem and T the set of admissible policies for problems {Pr}. We have I C I because a
policy that empties the data by the deadline is clearly an admissible policy for the modified
problems {Px} in which case such a policy simply incurs zero terminal energy cost. Thus,

for all 7(-) € T, z(T) = 0 and the terminal energy cost is zero. This gives for all k,
JE(z, c,t) = Jr(z,c,t), Vr() €T (B.4)
where J,(-) above is defined in (3.5). From Lemma 17 we know that,
J¥(z,c,t) < J¥(z,c,t), Vr() el DT (B.5)
Thus from (B.4) and (B.5) we have,
JE(z,c,t) < Jp(z,c,t), Vr(-) €T | (B.6)

Since the above inequality holds for all k, taking limits we get,
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J(z,c,t)2 klim J¥(z,c,t) < Jp(z,c,t), Vr() el (B.7)
—00

Step 3: Result 2 stated in the theorem

From the theorem statement, we know that J(z, c,t) satisfies (3.15) and 7*(z, ¢, t) is an
admissible policy for the BT-problem. Now, using Dynkin’s formula, [63], on J(z,c,t) for
policy r*(-) weget V7, t<7 < T,

-
J(z,c,t) = EJ(zT,c,-,'r)—E/ A" J(xs, cs, 5)ds (B.8)
t
= EJ(@s,cr,7)+E / g—(ﬁ(ics’—c*’—’sl)ds (B.9)
t 8
T %*
> E'/ Qm;’”_‘ﬁlds (B.10)
t 3

where we have used zj,c, as short-hand notations for z(s) and c(s) respectively. The
equality in (B.9) follows since * is the minimizing value in (3.14) which gives A™ J(z, c,t)+
%g(r*) = 0 or equivalently ég(r*(wa,cs, s)) = —A" J(zs,cs,5). The inequality in (B.10)
follows since J(-) is non-negative. Since the above holds for all 7 < T, taking limits and

using the Monotone Convergence theorem we get,
T g(r*(zs, cs, 8))
J(z,c,t) > E/ ———c—’———-—ds (B.11)
t 8

Combining the above inequality with that in (B.7) shows that we have equality for policy
r*(z,c,t), ie. J(z,c,t) =E ftT m’”cf"—’c”—snds. This completes the proof that J(z,c,t) is

the minimum cost function and r*(-) is the optimal policy. [ |

B.2 Proof of Theorem VI — BT-problem

To prove optimality, we check all the conditions required in the verification results of Ap-
pendix B.1 and proceed as follows. We first consider the relaxed problem P and obtain the
optimal solution by verifying the conditions in Lemma 17. Then, we take the limit ¥ — oo
and check the conditions required in Theorem XVIII. These limits give us the optimal
solution for the BT -problem.
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Step 1: Optimal solution for the modified problem Py

Let us suppose that the functional form for the optimal rate r;(z, ¢, t) is given as,

ri(z, ¢, t) = , i=1,...,m (B.12)

z
FE(T - 1)
Assuming this functional form we now obtain the minimum cost function J*(z,c,t). To
proceed, note that rj(-) must be the minimizing value of r in (3.15). Thus, using the first-
order condition for the minimization (i.e. first derivative with respect to 7 equal to zero)

we get, V(z,c,t) € (0,B] xC x [0,T),

d (g(r)  8J*z,dt) dJ*(z,c,t) x i kg B
o ( a + 5 T 5 + ME;[J*(z, Z(c")c', t)] — T¥(z, ¢, 1)) L; =0
(B.13)

This gives, and upon integration with the boundary condition

8k (z ) _ g(ri(z.cit)
3$ - ct

Jk(0,ct,t) = 0, we get,

n

k(r o ) — z -
Tt = o

1,...,m (B.14)

In order for the functional forms in (B.12) and (B.14) to be the optimal solution we

need to satisfy the conditions in Lemma 17.

— First, the boundary condition J*(z,c!, T) = hi(z,¢') = (&/e)" e ":,)n"" , Tequires,
fFO)=m, Vi=1,...,m (B.15)

The other boundary condition J*(0, ¢}, t) = 0, Vi, t, is also satisfied as can be easily checked.

— Second, J*(-) and r}(-) must solve the PDE equation in (3.15) for all values of the system
state (z,c,t) € ([0,00) X (c1,...,¢m) X [0,T)). That is, we require,

g(ri(z, &, 1))  8J*(z,c\t)
. + -
ct ot

Q‘Zk(_gg’éﬂﬂ(&“k(% Z()d, 1) —T*(z, ¢, 1)) =0

(B.16)

ri(z, 1)
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Substituting (B.12) and (B.14) in the equation above, we get,

z" + " 1-n)(fR(T-t) =z nzg"~!
A(fET - t)m Ci(fk(T )i f_-k(T —t) (fF(T - t))n?

n

Di ol —
> ZZ-:J]C’ (FHT - 1t))"‘l_/\C"(f,-k('-”—?5))"'"1 =0

Cancelling out %?—, simplifying the above and setting s = T' — t gives the ODE system,

ky SHON R CA0)
(FEY () =1+ 2% —1Zz,,(fk(s))n—1’ Vi=1,..., (B.17)

Thus, from above we see that for 73(-) and J*(-), as given in (B.12) and (B.14), to satisfy
the optimality PDE equation in (3.15) we require that the functions {f¥(s)}, satisfy the
above ODE system with the boundary conditions in (B.15). The question that remains is
whether a set of positive functions exist that solve the ODE system in (B.17). The following

lemma shows that indeed such a set exists and also that these functions are unique.

Lemma 18 (Existence and Uniqueness of the ODE solution in (B.17)) The ODE
system in (B.17) with the boundary conditions fF(0) = 7k, Vi, Tx > 0, has a unique positive
solution for s € [0, T.

Proof: See Appendix B.3. [ |

Thus, we see that J*(z,c’,t) as given in (B.14) solves (3.15) with the minimizing rate
function r%(z, ¢, t) as given in (B.12). This rate function is a valid transmission policy as
it satisfies all the admissibility requirements for problem Pj: that is, r* > 0, (r* = 0 for
z = 0), r;(z, c, t) is locally-Lipschitz-continuous in = and continuous in ¢. From Lemma 17,

it then follows that J*(z, ¢!, t) and r}(z, ¢, t) are the optimal solution for problem P.

Step 2: Optimal solution for the BT -problem (taking limy_,o, in the Step 1 results)

Consider (z,c,t) € [0, B] x C x [0,T) and the limit J(z, c,t) = imy_,o, J*(z, ¢,t). From
Theorem XVIII we know that this limit exists and using (B.14) we obtain,

mn

D
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where we define,

fi(s) & lim fi(s), s€[0,T], Vi (B.19)

Note that since the limit function J(z,c’,t) is positive and bounded for all ¢ € [0,T), the
function f;(s) is positive for all s > 0.

For optimality we now check the conditions required in Theorem XVIII. First, we need
to show that J(-) as obtained in (B.18) satisfies the HJB equation in (3.15). Substituting
the above form of J(z, ¢, t) in (3.15) and using the first-order condition for the minimization

aJ(z,ct) _ g'(r*(z,cit))
8z - @

T

we get, which gives,

r*(z,ct) = =1,...,m (B.20)

i
fi(T -ty
Furthermore, to satisfy the PDE equation we require (see the steps presented in Step 1),

Mi) A py ()"

e =1 T R 2 o

Vi=1,...,m (B.21)

Thus, equivalently, in order to prove that J(z,c,t) satisfies the HIB equation, we need
to show that the functions {fi(s)} as defined in (B.19) satisfy the above ODE system
with the boundary conditions f;(0) = 0 and f/(0) = 1, Vi. These boundary conditions
follow by taking the limit ¥ — oo in fF(s); specifically, f¥(0) = 7. — 0 and (fF)’(0) =
(1 + %} - nizkl- ;-"=1 -’;—g—) — 1 (Note that as k — oo, 7 | 0). The following lemma shows
that this is indeed true and {f;(s)} as defined in (B.19) satisfy the ODE system in (B.21)
with the above mentioned boundary conditions; furthermore {fi(s)} are also the unique

solution of that ODE system.

Lemma 19 The functions {fi(s)}, s € [0,T] as defined in (B.19) are the unique solution
of the ODE system in (B.21) with the boundary conditions f;(0) =0 and f{(0) =1, Vi.
Proof: See Appendix B.4. [ ]

Finally, we check the admissibility of policy r*(z,¢c,t) as given in (B.20). To see this,
note that the rate r* is non-negative and is zero when z = 0, r*(z, ¢, t) is locally-Lipschitz-
continuous in z and continuous in ¢. The policy r*(-) also satisfies the deadline constraint
«(T') = 0 since the boundary condition, f/(0) = 1, V4, implies that very close to the deadline
T, the policy behaves as 7*(z, ¢, t) = 7%5; thereby emptying the buffer by the deadline.
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B.3 Proofof Lemma 18 — FExistence and Uniqueness of the solution

to the ODE in (B.17)

To ease the notations, let us abstract the ODE system in (B.17) as follows. Let z;(s)2 ff(s),
a2 1, b,,ﬁzn%’;“)f— then (B.17) can be re-written as,

zi(s) = 1+ azi(s) — Zb” xxESr)L_l , Yi=1,...,m (B.22)
where for p;; > 0, (), 2;5) > 0 and n > 1, we have, a > 0 and b;; € [0,00). Thus, we now
have to find a vector of functions %(s)2(z1(s),. .., Zm(s)) such that each z;(s) satisfies the
equation in (B.22) with the initial condition X(0) = ('rk, ..., Tx) (since f¥(0) = 73, Vi).
Let us define G;(X(s)) 2 1+ az;(s) — > e bij = ( =T, then, in a very compact form we
get,
% (s) = G(X(s)) (B.23)

where X'(s) denotes the column vector (z)(s),...,z},(s)) and G(-) denotes the column
vector (G1(-),...,Gm(-)). Now consider the open positive orthant and denote it as U,
thus, U = (z; > 0,...,z,m > 0). For X € U, each G;(X) is a continuously differentiable
function. Hence, G(X) is continuously differentiable which means that it is locally Lipschitz
continuous in X over the set /. Therefore, starting with X(0) = (7, ..., 7x) € U, the ODE
in (B.23) has a unique local solution X(s) that lies in ¢ [69]. The only question now remains
is whether the local solution leaves the open positive orthant, i.e. whether %(s) ¢ U for
some finite s > 0. And the answer is no; the local solution remains inside &/, which then
proves the claim that the ODE in (B.23) has a unique positive solution for all s > 0. To

prove the last requirement that X(s) € U, Vs > 0, we proceed as follows.

First, since G(X) is locally Lipschitz continuous in ¥, a unique local solution that lies in
U exists for the ODE in (B.23). Suppose now that 0 < sy < oo is the first instant at which
for some i, we have z;(sg) = 0 or z;(sg) = 00, i.e. sg is the first instant at which X(s) leaves

the positive orthant &/. Over the interval s € [0, sp) we have,

zi(s) = 14 azi(s)— Zb,, zi(s)"

2 (s

< 1+ azm(s) (B.25)

(B.24)
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From (B.25) above we get,
(1+ ari)e® —
a

zi(s) < (B.26)

Thus, each z;(s) is bounded above by an exponential function that goes to infinity only

- - . . 13 aa—
when s — oo, and this exponential function is given as LH—'"’;&—I—

We now compute the lower bound on the functions {z;(s)}. Let z;(s) take the smallest
value among {z;(s)} over an interval [0, s1], s1 < s; this is true since z;(s) are continuous
functions and if a certain function takes the smallest value, it will remain the minimum over

some interval. We then have, x;(s)/z;j(s) <1, Vj =1,...,m over s € [0, s1]. This gives,

7(s) = l+az(s)— 261] xz(le)L_ (B.27)
> —Z i mw(’S,)l_ (B.28)
— A=)\
= 1(3);% (m,-(s)) (B-29)
> —m(s) D by, (since zy(s)/zj(s) < 1, Vj) (B.30)
i=1
= —qmzi(s), (taking c; =377, byy) (B.31)

From (B.31) above we get,
zi(s) > me (B.32)

Thus, z;(s) is bounded below by an exponential function that goes to zero only when s — oo.
Using a recursive argument starting with s = s; and following the new minimum function,
it follows that over the interval [0, so) all functions {z;(s)} are lower bounded by 7e™%¢ma=,

where Cpq; = max=1,.. m -

From the arguments above we therefore deduce that the unique local solution, X(s),
is upper and lower bounded by two respective positive exponential functions. Hence, the
local solution never leaves the set &/. Thus, by contradiction sy cannot be finite and it then
follows that the ODE in (B.23) has a unique positive global solution, X(s), for all s > 0, i.e.
we have a unique X(s) € U, Vs > 0 that satisfies (B.23) with X(0) = (7%, ..., Tk)-
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B.4 Proof of Lemma 19 — Functions {fi(s)} are the unique solu-
tion of the ODE system in (B.21)

We know from Lemma 18 that f¥(s) is a continuously differentiable function, hence, ( FY(s)

exists for all s € [0,7] and from (B.17) it is given as,

)\f (3) pij (FEs)” :

ky/ j

=1 . Vi=1,...,m B.33
(fEY(s) =1+ nlzgﬂémnl i (B.33)
Take the limit & — oo in the above equation and denote this point-wise limit as h;(s), i.e.
hi(s) £ limg oo (f¥)'(s). The limit exists since f¥(s) is pointwise convergent for all ¢ (see

Step 2 of Section B.2). Thus, we get,

_ )‘fz(s) A p; (fi(s))"
W) = 1455 - Y B e e (B.34)
=1, s=0 (B.35)

To prove the lemma, we need to show that f;(s) as defined in (B.19) satisfies f](s) = hi(s).
To do this, we use the following result [70] (Thm. 7.17, pg. 152).

Lemma 20 [70] Suppose {fn} is a sequence of functions, differentiable on [a,b] and such
that {fn(zo)} converges for some point o on [a,b]. If {f}} converges uniformly on [a,b],
then {fn} converges uniformly on [a,b], to a function f, and f'(z) = limy— fi(z), (a <
z <b).

For our case, for all i, {f¥(s)}$2, forms a sequence of differentiable functions on [0, T]
and f¥(s) converges point-wise to f;(s). We show in Lemma 21 below that (f¥)'(s) has a
uniformly convergent subsequence over s € [0,T]. Considering this subsequence, combined
with Lemma 20 above (for our case, the sequence {f;} in Lemma 20 is the uniformly
convergent subsequence {(fFY(s)} and the limit function f is fi(s)), we obtain, f!(s) =
his) =1+ 35 A 5w 2 O (from (B.34)). Thus, this proves that fi(s) is
differentiable over [0, Tj and is a solution of the ODE in (B.21) with f;(0) = 0 and f/(0) = 1.

Lemma 21 (Uniform convergence of (f¥)'(s)) The functions {(f¥)'(s)}, have a uni-
formly convergent subsequence on s € [0, T] for all i.

Proof: See Section B.5. ]
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We now prove uniqueness using a contradiction argument. Suppose that the solution is
not unique and let £(s) = (f1(s), .- ., fm(s)) and §(s) = (y1(s), - .., ym(s)) be two solutions
with f£;(0) =0, f/(0) =1, %(0) =0, %(0) =1, Vi =1,...,m. We first show that if we
look at s close to 0, the two solutions ¥(s) and f(s) are in the positive orthant and close
to each other. Start at s = 0 and consider € > 0, then by the mean value theorem [70] we
have, yi(e) = ey}(n) with n € (0,€). By the continuity of the derivative, we further have
yi(e) = e(¥}(0) +vi(e)) = e(1 +7i(e)), where v;(e) <29, 0 and this holds for all i. Thus for €
small enough we must have §(€) > 0; in other words there exists a € such that forall0 < e < €
the solution ¥ () is in the positive orthant. Similarly, since £(s) = (f1(s), ..., fm(s)) is also
a solution, the above set of arguments hold for it as well and we have, f(€) > 0. From above
we also see that ||¥(€)|| < y(€), where vy(€) 29, 0 and a similar inequality holds for F(e)
as well. Thus, |[5(e) — F(e)I| < [[F()Il + [[E()Il < (vy(€) +71(e))-

Now, pick € € (0,¢) and consider the two solutions of the ODE over time s € [¢, T
starting from the initial state ¥(e) and f(e) respectively. Following the proof of Lemma 18
(Appendix B.3), we see that starting from an initial state in the positive orthant, the ODE
has a unique solution that lies in the positive orthant. Furthermore, from [69], the solution
is continuous with respect to the initial conditions. Thus, in simple terms, this implies that
starting with close enough initial conditions the two solutions ¥(s) and f(s) must be close
enough for all s € [¢, T]. Mathematically, for any ¢ > 0, there exists an € € (0, €) such that
max,cpe 11 |17(s) — £(s)]| < {. By taking  going to zero, we see that ¥(s) and f(s) cannot
be distinct over s € [0, T] and this completes the proof.

B.5 Proof of Lemma 21 — Uniform convergence of (fF)'(s)

We prove the result as follows: First, we show that |(fF)(s)| is bounded for all s € [0, 7]

and all ¢, k and then use this result to show a uniformly convergent subsequence for fE(s)

and —(—J(,{;é)"'))%, Vj on s € [0,T]. Using the relationship in (B.33) the result of the lemma
i
then directly follows.

n k n
To proceed, consider first the term (—;%)2,),_—1 and for ease of notation set Hf; (S)é(—;é(s(—;))'lj.
3 i
We now prove that H,’; (s) is positive and bounded for s € [0,T] by showing that the vector
(fE(s),..., fk(s)), s € [0,T] lies within a conic set in the positive orthant.

Let z;(s)2f5(s), a2 25, bijé(n%’;?;j, then in a more generic form (B.33) can be written
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zi(s) = 1+ azi(s) — Zb,, x’”é;{_l Vi=1,...,m (B.36)

j=1
where for p;; > 0,(},z;;) > 0 and n > 1, we have, a > 0 and b;; € [0,00). Consider the
following set,
0<

BTN (B.37)

Onl'—'

8|8

where 0 < § < 1 is appropriately chosen as presented later. Let H denote the set of all
those values of (z1,...,Zn) in the positive orthant that satisfy the relationship in (B.37)
(we also include the origin in H). Graphically, H looks like a conic region and it consists of

all straight lines with bounded slopes lying in [4,1/4].

We now show that for an appropriately chosen 4, the gradient vector at the boundaries
of set H points inwards into the set. Without loss of generality consider the hyperplane
boundary defined by the constraint i—: = 6 or z; — dx; = 0. The vector & with components
e; = 1, = —0,eq = 0,Vg # 4,1 is normal to this plane and points inwards into the set.
Consider the dot product of the gradient vector (/(s),...,z},(s)) with € and denote it as

w. Using (B.36), we then have,

j=1

w = (1 + azi(s) — ZjbzJ x‘(’;n_ ) -0 (1+awz(s) —szj;%;—,):—l)

= (1-6)+ Z ( bi;o™ zl(s) Jbl,--i(s);) , (since zi(s) = dzi(s))

zj(s)*T zj(s)"

But since X(s) is within H (at the boundary), it also satisfies § < % < }, V4. Using these

inequalities in the equation above we get,

w > (1-0)+ f: (—bijdozi(s) + 6" byjzi(s)) (B.38)
j=1
= (1-48)+ (Z aﬂ—lb,j) Say(s) — (zm: b,-,-) 521(s) (B.39)
j=1 j=1

Now, z;(s) is a continuously differentiable function over the compact interval [0, T]. Hence,

z;(s) is bounded over [0, 7] (and this applies for all k) [70] (Thm. 4.15, pg. 89). But, we
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know that flk(s) is positive and monotonically non-increasing in k. This follows from Step 1
of the proof of Theorem XVIII, where for a fixed (z,c,t), J*(z,c,t) is non-decreasing in
k and from (B.14) this translates into the non-increasing property for flk(s), Vi. Hence,
by taking k = 1 and by considering a maximum bound over {f!}7*,, we have z;(s) < M,

where the bound M > 0 is independent of k and /. Using this in the above equation we get,

w > 1-6+ (Zm:(sn—lblj) dzy(s) — (i b,;j) oM (B.40)
=1

j=1
= 1+ (i 5n-1blj) ozi(s) — (1 + ibijM) ] (B.41)
Jj=1 j=1
> 1-4 (1 + Mib,-j) , (since z;(s) > 0) (B.42)
j=1

Now taking 0 < § < Wm, we get w > 0 (note that H_—lezm is a positive number).
Thus, since the dot product is positive, the gradient vector points inwards into the set H
at that particular boundary. Repeating this argument over all 4,! pairs and taking ¢ as,
0 < 6 < min; (H_—M%T_l—b) shows that the gradient vector at all the boundaries points
inwards into the set H. Thus, since the initial vector, (z1(0),...,Zm(0)) = (7,...,7k) lies
in M and the gradient vector points inwards into H at all the boundaries, it proves that the
solution vector (z1(s),...,zm(s)) € H for all s € [0,T]. Rephrasing the above statement,
the set M as defined in (B.37) is such that the functions (ff(s), ..., f%(s)) lie inside H for
all k and s € [0, T]. Once we have this set M, we can now bound the derivative (f¥)/(s), V.

k n
) = 1+ S _121)1] ()"

n—1 Zij (fk(s))n -1
B pij | (FEGs)™
< 1+ lfz (S)I Zz,, (fk(s))n -1
e M, (snoe, B < 2 00 < )
1

< M, (WhereM:l'*'ﬁM“’;;)_‘—lgal:rMmaxi( m &L))

=1 z;

where the bound M is independent of i, k,s. Thus, we have that {f¥(s)}, Vs € [0,T],%,k

have a bounded derivative.
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Uniform convergence of f¥(s): First, note that since (f¥)’(s) is bounded, h;(s) as defined

in (B.34) is bounded over s € [0,T] for all i. We now show that f;(s), Vi (as defined in
(B.19)) is continuous over s € [0, T]. Pick s € (0,T), then,

iy (s + ) ~ () = lig (Jim 756+ = Jim f0) @
=ty (Jim (756 + 9 - 750 (B.44)

Since fF(s) is differentiable, from the Mean Value Theorem [70], f¥(s + €) — f¥(s) =
€ (fF)(¢(e)), where ((e) € [s, s + €]. Substituting this in the equation above gives,

lim (fi(s + )~ (9) = lim (hm (e(f5) «(e)))) (B.45)
= limeh(¢(©) =0 (B.46)

The last equality above follows since hi({) is bounded. By using a similar argument as
above for s = 0,T and looking at the limits from the right and the left respectively, we
see that fi(s) is continuous at the boundaries as well. Thus, this proves that f;(s) is
continuous over s € [0, T]. Now from the proof of Theorem XVIII we know that J*(z, c, t) is
monotonically non-decreasing in k and using (B.14) this implies that f¥(s) is monotonically
non-increasing in k for a fixed s. Thus, f¥(s) is a monotonically non-increasing sequence in
k which converges point-wise to a continuous function f;(s) over the compact interval [0, 7.

From [70] (Thm. 7.13) it follows that ff(s) converges uniformly to f;(s) on s € [0, T].

Uniform convergence of (75'(()))% We first show that Hi’;- (s) over s € [0,7] is continu-

ously differentiable with bounded derivative as given below,

OHG(s) _ (@)™ vy . A=)
ds = (fk( )1 (fi') (s) + (f]"’(s))" (f57) () (B.47)
oHY
I as(S) < ;ff +(1—n)— (B.48)
< M, (whereM 6—,,—_-1-+(1 n);—) (B.49)

It now follows that IH}“j(s) - Hikj(s’)l < M|s — §|, where s,s' € [0,T]. Since the bound
M is independent of s, k, i, §, the functions {H,-’“j(s)},‘gf’__1 form an equicontinuous family of

functions for every 1, j pair. It then follows [70] (Thm. 7.25, pg. 158) that Hf(s) = (—;,fg:s(;))%
i
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has a uniformly convergent subsequence that converges to the point-wise limit 1 ff ’s(s)),): .
From (B.33), (f¥)(s) is a linear combination of the terms f¥(s) and f%(:)i))'):_ We
have shown that each of them has a uniformly convergent subsequence, thus, it follows that

{(F¥)Y'(s)}., contains a uniformly convergent subsequence over s € [0, T}, Vi.

B.6 Proof of Theorem VII — Constant Drift Channel, Monomial

Case

The proof for this result is identical to that of Theorem VI but now we can evaluate the
functions {f;(s)} in closed form. To see this, start with problem Py and suppose that for all
channel states the function f¥(s) is the same, i.e. f¥(s) = f¥(s). The ordinary differential

for f*(s) then becomes,

n—

() = 14250 A py (Zp“) (B.50)

k
- )‘f ( )(ﬂ 1) (B.51)

where 3. %};— = E[1/Z(c")] = B, Vi, by the constant drift channel assumption. The solution
to the above ODE with the boundary condition f*(0) = 7% is given as,

710 = 2k (1-ep- 202 ) s nen(-202 020 @

From Lemma 18 the above function is the unique solution of the ODE in (B.51) and it
can be easily checked that the functional forms 7}(z,c,t) = }T(_'zz"'-’t—) and J*(z,c,t) =
o7 (,_,i"ft))n_l satisfy the conditions in Lemma 17. To obtain the solution for the BT-

problem, we take the limit (k — oo) which gives the optimal solution in (3.22) and (3.23)
with £(s)2 limg—_co F¥(s) = ;znﬂ;_% (1 _ exp(_&g:_]l)&))_

B.7 Proof of Theorem VIII — Constant Drift Channel, Exponen-

tial Case

A direct non-constructive proof for showing optimality is to plug the functional forms given

in the theorem statement into the PDE equation in (3.15) and check if it satisfies the
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equation. However, such a proof would not reveal how the particular functional form can
be obtained. To present a constructive proof, we utilize discrete dynamic programming
and proceed as follows. From the steps in Appendix B.1, we first solve for the optimal
functions, {J*(z,c, t),75(z,c,t)}, of the relaxed problem Py, take the limit 7, | 0 and
verify the conditions of Theorem XVIII. Now, to solve problem P}, we consider a discrete
approximation of the time interval [0, 7] with step size dt. Using dynamic programming
(DP), we obtain the optimal policy and the minimum cost function and take the limit
dt — 0. Thus, there are two limiting operations involved, first dt — 0 to solve for the
optimal functions for problem P and then 71 | 0 to solve for the optimal functions for the

BT-problem. We treat the two cases, 3 > 1 and 3 < 1 separately.

Case 1: B > 1. Consider a discrete approximation of time with step size dt > 0.
Starting at time T and recursing backwards, let [T — jdt,T — (j — 1)dt], > 1 denote
the j** stage and Vj(z, c¢) the corresponding cost-to-go function starting with z amounts of
data and channel state c. Denote the j** stage optimal transmission rate as r;(z,c). Let
Vo denote the terminal energy cost over [T, T + 7], then, Vp(z,c) = hi(z,c) = w’rk
The first step DP recursion is,

ger=Ddt _
Vi(z,c) = 0<r<;1/dt{-—-——c-—+(1 Adt)Vo(z rdt,c)+Athz(%(x—rdt,Zc))} (B.53)

The constraint 0 < r < z/d¢ follows from the non-negativity of the rate and the buffer
respectively. Substituting Vo(-) and using standard lagrangian techniques, it is easy to
show that the above minimization has the following solution. Let p = 1 + Adt(8 — 1),
(p > 1, since 8 > 1),

’

T T Inp dtIn
+ x> &ne
dt dt)lna ? = In
7'1(:13, c) = { et (Te+dt)Ina @ (B.54)
z dtlnp
{ dt 0<z< Ina
I'rzgz-dt o (@e) _ (dt+em) , > d]tlng
Vi(z,c) = ¢ ne (B.55)
di dtl
| £ (=) —1), 0<z< 522

Following the DP recursion for the next stage, we get,

Vo(z,¢) = min {(a p — L)dt

oD + (1= Mdt)Vi (@ ~ rdt, c) + AdtE;(Vi(a —rdt, Z¢)) } (B.56)
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Now, to solve the above minimization, first assume z — rdt > 5‘!1%‘&2. Substituting the corre-

sponding form of V;(-) into (B.56) and solving the minimization by standard differentiation,

the optimal rate can be obtained as r = & + g,fiﬁf)lllﬁ £. With this optimal r, sub-

stituting in z — rdt > ‘%%3, we get the threshold, z > %ﬂ. Note that for the above
threshold rdt < z, thus, buffer non-negativity constraint is also satisfied. Next, assume
z—rdt < %%2, and substitute the reievant form of Vj(+) into (B.56). Proceeding as before,
we get, 1 = o + %ﬁ; Using this 7 in x — rdt < %’3 and the buffer non-negativity con-

straint = — rdt > 0 we get the threshold on z as, %22 < ¢ < &irfll_:e_ Finally, for z < 9182

' Ina Ina ?

J&

all the data is drained in the second stage and the rate is 7 = . Thus, the solution of the

<y

minimization in (B.56) is,

( z (27, +dt) Inp 3dtlnp
mto@t T (ni2dna ’ T2 “he
e R 57
z dtlnp
\ dt ’ z < ha

.
Tet2dt ra(z,c) _ (dt+pdt+p?ry) > 3dtlnp
c c 4 -

Ina
Va(@,c) = { Mtoralee) _ rcp) ding o o itlnp (B.58)
dt , dtl
\?(arz(a:c)_l) , T < 2L

Continuing the DP recursion, the solution for the j** stage is,

PR Uret 8 dt)np o j(j+1)dting
T+jdt (T tidt)Ina ’ = 2Ina

ri(z,c) = (B.59)
x + (j—i)Inp (j=i)(j—i+1)dtlnp <p< (j—i+1)(j—i+2)dtInp

(G—it+1)dt 2lna 2Ina = 2Ina
Tetjdt ra(z,c) _ (Ltpt..4pi~V)dt+piT > i(+Ddtinp

Vg =4 ° ¢ ) BT e (B.60)

I\ =) . . . . ;
j—i+1)dt , 14+p+...4p7 %)dt j—1)(j—i+1)dtInp (j—i+1)}(j—i+2)dtInp

(4 1c )dt ra(zc) _ (1+p : ) , ¢] Z)(J2lna <z< =it

where i = 1,...,j. Now, take the limits, dt — 0, jdt — (T —t). Under this limiting

operation, we have jIn p — A\(8—1)(T —t). Applying these limits we get (let, { = A(8-1)),
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2 ((T—t)?
V EE ) 0<z<55a

ri(z,c,t) = (B.61)
YT=t)(met+ IE) ¢(T—1)?
Tk+m'i’—t + (T +T—t) 1n2a y T2 2lna
) % ( /2zénae\/2m(1na+ l—ev?z[’“") : 0<z< Cﬂ;;;;)z
J(z, ¢ t) = s ) (B.62)
% ((T —t+ ) k@) M) , T> %

The function J*(z,c,t) given in (B.62) is continuously differentiable, satisfies the HJB
equation in (3.15) and the boundary conditions for problem Pj. The policy r}(z,c,t) is
admissible and is the minimizing r for the HIB equation. Thus, by Lemma 17, (B.61) and
(B.62) form the optimal solution for Pj. To obtain J(z, c,t) take the limit 75, | 0 in (B.62).

This gives,
J(z,c,t) £ (y/2pee/mTme 4 22l 0 <o < G (B.63)
z,c,t) = . e ~ .
: ((T P = __e“TC_‘—’—l) , o> I
Taking limits in (B.61) gives 7*(-) as in (3.24), i.e.
2zA(8-1 A(B=1)(T—1)?
. e 0 <z < 250
r*(z,c,t) = (B.64)
4 A(B-1)(T-1) > AB-1)(T-1)?
Tt 2lna ’ = 2lna

To check optimality, we need to verify the conditions of Theorem XVIII. It is easy to check
that J(z,c,t) in (B.63) satisfies the HJB equation with 7*(-) the minimizing value. Policy
r*(-), satisfies the admissibility criteria including the deadline constraint, since, the rate

r*(z,c,t) > 75,V > 0,t < T.

Case 2: 0 < B < 1. The result follows using the same methodology as in the previous
case and is omitted here for brevity. The function J(z, ¢, t) in this case is (let, n = A\(1-3)),

~n(T—1) Y, - 52
e~ ( /2x1l7nae\/2mnina+ 1—e n’"’ “"‘) , 0<z< ﬂﬂg;n;)

[4

J(z,c,t) =

1 =Bl 4 e n(T—1)?
z((T—t)a“ Ane +—_n‘_) ; wzim—

while 7 * (z, c, t) is as given in (3.25), i.e.
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M1=B)(T—1)?
. e 05 < Msgr-e?
r*(z,c,t) = (B.65)
2z _ A1-B)(T-t) > AQ=p)(T-1)
T 2Ina * TZ 2Ina

B.8 Proof of Lemma 10 — Weak Duality

Consider a policy 7(-) that is admissible for problem (P), i.e. 7(-) € ® and 7(-) satisfies
the power constraints in (3.27). Note that problem (P) has at least one admissible solution
since a policy that does not transmit any data and simply incurs the penalty cost is an

admissible policy. Now, fix a lagrange vector # > 0. Since 7(-) is admissible, using (3.27)

" (E [ /“‘T;;‘E 7 (F(‘”(sc)(’:)(s)’ 2)) ds] - -IZ—T) <0, k=1,...,L (B.66)

From (3.29) it directly follows that,

we get,

H(7(-), 7) £ J(7(-), Zo, co) (B.67)
=(T)
where, J(7(-),z0,c0) = E [fOT ;é;g(i‘(x(s),c(s), s))ds + %] Now, since 7(-) € ®,
using (3.31) we clearly have, L(7) < H(7(:),7) and plugging in (B.67) above we get,

L(?) < J(7("), Zo, co) (B.68)

Since the above holds for all admissible 7(-), taking the infimum of the right-side of the

inequality above, over the set of admissible policies for problem (P) gives,

L(@) < inf J(7(-), zo, co) = J(o, o) (B.69)

7() admissible

B.9 Proof of Theorem IX — BT-problem with Power Constraints

Consider first the L** partition interval, i.e. k = L and suppose that we start with the
system state (z, c, t) lying in this interval. Note that the system state space for this interval
is (z,¢,t) € [0,B] x C x [Q—_I—}E,T) and over this period, equations (3.42) and (3.43) take
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the form,

; z
ry(z,c,t) —, i=1...,m (B.70)
’ FHT-1)
) n
H,(z,c,t) (1+vi)o i=1,...,m (B.71)

ST - )T

The cost function over this period is, P(r,c) = (1 + VL)@, and the optimality equation
is given as in (3.41) with v, = vy. Over this period, a direct comparison shows that
the minimization problem in (3.33) is identical to the relaxed BT-problem considered in

Appendix B.1, hence, Lemma 17 applies in the following form.

Lemma 22 Consider the L™* partition interval and let H,(x,c,t) defined on (z,c,t) €
[0, B]xCx [w, T] , solve the equation in (3.41) with the boundary conditions H,(0,c,t) =
0 and H,(z,c,T) = 22}, Then,

1. H,(z,c,t) < H}(z,c,t), Vr(-)e®

2. Letry(z,c,t) € ® be such that r}, is the minimizing value of v in (8.41), then, r}(z,c,t)

is an optimal policy, H,(z,c,t) is the minimum cost-to-go function and,

T g(r*(z(s), c(s), s rg(20)
H,,(:z,c,t):E[ /t 9(rl (c();)( 22)) 4 gc((TT) ) (B.72)

By verifying the requirements in the above lemma, we now show that (B.70) and (B.71)
are the optimal solution for the L'* interval. First note that g(r) = r™ and from the
boundary conditions on f;(s) in Theorem IX, we have f£(0) = 7(1+ 1/1,)F1:T , Vi. Using this
it is easy to check that the boundary conditions H,(0,¢,t) =0 and H,(z,c,T) = Eéf—) are
satisfied.

Now, substituting (B.70) and (B.71) into the PDE equation in (3.41) gives,

A+vp)a” —(Q+v)z*A-n)(fH)(T-t) = n(l+vg)z™!
¢(fHT - ) ¢(fHT -t FHT 1) (FHT - t))n?
Y i pij (l1+wvp)z" ) (1+vg)z" -~ 0

S e FFT—0y G(HT - )

Cancelling out 51—%)”—", simplifying the above and setting s = T — ¢ gives the following
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ODE system (note, t € [LIfEI—)I,T] implies that s = (T —t) € [0, T/L]),

(fiL(s))’=1+)‘nfii(s)—nili@M i=1,...,m (B.73)

1 2 2 (FF)™

Thus, from above we see that for 7};(-) and H,(-) as given in (B.70) and (B.71) respectively to
satisfy the optimality PDE equation we require that the functions {f%(s)}7,, s € [0, T/L],
satisfy the above ODE system with the boundary conditions f(0) = 7(1+ VL)#,V’L'. The
following lemma shows that indeed such a set of positive functions exists and also that they

are unique.

Lemma 23 (Existence and Uniqueness of the ODE solution in (B.73)) The ODE
system in (B.73) with the boundary conditions fX(0) = (1 + VL)ﬁ,Vi, has a unique
positive solution for s € [0,T/L).

Proof: The proof is identical to that in Appendix B.3 n

This completes the verification that H,(z,c,t) and r*(z, ¢, t) satisfy the optimality PDE
equation. Furthermore, it is easy to check that the rate r* as given in (B.70) is the minimiz-
ing value of 7 in (3.41) (take the first derivative with respect to r and set it to zero). The
admissibility of 7}(z, ¢, t) follows by noting that the functional form in (B.70) is continuous
and locally Lipschitz in z, continuous in ¢ and satisfies r};(0, ¢, t) = 0. Thus, we have verified
all the requirements in Lemma 22 and this proves that (B.70) and (B.71) give the optimal
solution over the Lt* partition interval.

Now, consider the (L — l)t” partition interval, i.e. kK = L — 1. The system state space
for this interval is (z,¢,t) € [0,B] x C x [%, (L%QI) and over this period, equations

(3.42) and (3.43) take the form,

; z
ry(z,c't) = ————, i=1,...,m (B.74)
’ fHT =)
n
H,(z,c'\t) = (L+vp)e i=1,...,m (B.75)

ST -y

Suppose that we start with a system state in this (L — 1) partition interval. Once we reach
the L* interval, i.e. t = LL;LI)I, we know from the preceding arguments that (B.71) gives

the minimum cost and (B.70) gives the optimal rate to be followed thereafter. Thus, for
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the optimization over the (L — 1)** interval, we can abstract the L** interval as a terminal
; 1+4vy)z" : L-1)T e

cost of H, (z,c*,(L-1)T/L) = c,.(}i (;72§)n_1, applied at ¢t = ﬁ_LL The minimization

problem in (3.33) over the (L—1)*" interval is therefore identical to that over the L interval

(discussed earlier) except that we now require H,(z, ¢, (L—1)T/L) = ﬁ%ﬁ% Using

(B.75), this boundary condition translates into £~ (L) = (IK—I’;Z‘)_"%T FE(L),Vi (as
outlined in the Theorem IX statement). Now, following an identical set of arguments as
done for the L** partition interval, it is easy to check that (B.74) and (B.75) give the optimal
solution over the (L — 1)* interval.

Finally, recursively going backwards and considering the partition intervals k = L —
2,L-3,...,1, it follows that (3.42) and (3.43) with the boundary conditions as presented

in the theorem statement give the optimal solution.

B.10 Proof of Theorem X — BT -problem with Power Constraints
and Constant Drift Channel

The proof for this theorem is identical to that of the general case in Theorem IX except that
now the functions {f¥(s)} can be evaluated in closed form. Therefore, to avoid repetition
we only present the details regarding the functions {f¥(s)}. As before, start with the L*
partition interval and suppose that for all the channel states the f£(s) function is the same,

ie. fL(s) = f(s). The ordinary differential for fZ(s) then becomes,

(FEY(s) = 1+”i"§) - ilf%s) (2:”—?’?) (B.76)
n n 3 Zij
Y0

where 3 %;’- = E[1/Z(c")] = B, Vi, by the constant drift channel assumption. The solution
to the above ODE evaluated over s € [0, T/L] with the boundary condition f(0) = 7(1 +
uL)ﬁ is given as (let n = -’\if_;ll)-),

Ay =11+ VL)ﬁe_"s + % (1—e™™) (B.78)

Clearly, for k = L, equation (3.49) is the same as (B.78) above (set s = T — t).
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Now, consider the (L — 1)** partition interval and following the same argument as for
the L** partition interval, it is easy to see that fZ~!(s) satisfies the same ODE as given in

(B.77). This ODE must now be evaluated over s € [%, %] with the following boundary

condition,

L— T _ 1+VL-1 711-—1 T_
#(z) - )6

1
1 g1 1+I/L_1>"_:1 —_nL
= 7(l4+vp_q1)rte T +—| ——— (1— ’71.)
( L-1) 77( 1+vp €

Evaluating the ODE with the above boundary condition gives fZ~1(s) as follows,

- =L s 1/1+vp = —n(s-L -ns 1 -n(s-L
P = s e (R (0B o) 4 L 1)
(B.79)

Again for kK = L — 1, equation (3.49) is the same as (B.79) above with s = T'—t. Recursing
backwards and following the same steps as earlier, it can be shown that f*(s) can be written

in the general form as given in (3.49).

B.11 Proof of Theorem XI — Strong Duality

The optimization problem (P) as stated earlier is given as,

. T rg(20)
P min B[ el clo), a)ds + (B.50)
subject to E /;E g(r(:v(sc)(,sc)(s),s))ds < —PL—T, k=1,...,L

Before proceeding to show strong duality holds, we first interchange the expectations and
the integrals and re-write the above problem in a standard form as in [66]. But to do that,
we need the following. Let Ij, 3 (s) be the indicator function for the interval s € [a, b]; it is

defined as,

L )L ifselab]
I[a,b)(s) = (B.81)
0, otherwise
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Also define,

- T’f' 4 4
Kr(s) 2 g(r(z(i)(;;(S)’S))I[O,T](s)+9 (130 fo (’ft)a (t),t)dt) c(;,)I[T,T+T](S) (B.82)

Let F(r(-)) denote the total cost for policy r(:) (i.e. the objective function in (P)). From
(B.80), it is given as,

T rg(2D)
Fr()) = E [ / Z59(r(e(e) e(s) ))ds + c(:;) ] (B.83)
Using (B.82), we then have,
F(r(:)=FE [ o K’(s)ds] (B.84)

For any policy r(-) € ®, it is clear that K"(s), s € [0,T + 7] is a collection of non-negative
random variables which depend on the underlying channel stochastic process. Hence, using

Fubini’s theorem [85], we can interchange the expectation and the integral which gives,
T+T
F(r(-) = E[K"(s)]ds (B.85)
0

Similarly, we can interchange the expectation and the integral for the power constraint

inequalities in (B.80). Thus, we can now re-write the optimization problem (P) as,

min, F(r()) (B.86)
subject to / [g(r(x .Z)(;c)(s) S)) % <0, k=1,...,L

where F(r(-)) is as given in (B.85). Now, having written the optimization problem (P) in
the above form, the strong duality result in [66] (Theorem 1, sec. 8.6, pp. 224) gives the
results as stated in Theorem XI which then completes the proof. However, as a final step
we need to verify the technical conditions required in [66]. These are presented below with

a description of the technical requirement and the proof of its validity in our case.
(1) F(r(-)) is a convex functional over r(-) € ®
Consider two policies r1(z, ¢, t),r2(z,c,t) € ® and let 0 < a < 1. Let 7(z,c,t) =
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ari(z, ¢, t) + (1 — a)ra(z, ¢, t); since 71(-),72(:) € ® it is easy to check that 7(-) also lies in

®. Now,

- _ T ~
K™(s) = g(r(x(i)(,sc)(s), 8))I[0,T](8)+9 (wo Jo r(xT(t),c(t),t) dt) C(IT)I[T,T+T](3)

— Tfr C
<. (g(rl(””(j();)c(s)’s))I[O,T](s)+g(xo Jo l(i(t)v (t),t)dt) c(lT ) I[T’TM](S))

zo— fi rg(x(t),c(t),t)dt) 1 )

+(1 _ a) (g(rg(a)(s), C(S), 8)) - C(T) I[T,T+T] (S)

c(s) To(e) +9 (
= aK"(s)+ (1 - a)K™(s)

where the inequality above follows since g(r) is a convex function of r. Thus, K"(s) is a
convex functional over r(-) € ® and this implies that E[K"(s)] is a convex functional. It

then directly follows that F(r(-)) is a convex functional over r(-) € ®.

ﬂ rz(8),C 8
(2) Let Gp(r()) = ( fg,f_gp E [MJEHM] ds — P—LT) , k=1,...,L, then, Gi(r("))

is a convez functional over r(-) € ®. The proof for this is identical to the previous case.

(3) Minimum cost for problem (P) is finite
To see this consider the simple policy which does not transmit any data and only incurs

the terminal cost. The expected total cost for this policy is given as,

totalcost = F [g(:co/ 7) T] =719 (@) FE [L]

c(T) T c(T)
Ta\ ATY =T
< ()% (atm) 5
= -c-% g (%) e%e—’\T < oo

The inequality above follows by first conditioning that the channel makes j transitions over
[0,T], taking c(T) = (21)7co, where (2)7co is the worst possible channel quality starting
with state cop and making j transitions, and finally taking expectation with respect to j
(number of transitions, j, is Poisson distributed with rate AT and z; > 0 is the least value
that any Z(c) can take). Since there exists an admissible policy with a finite cost, it follows

that the minimum cost over all admissible r(-) is finite.

s

kT
(4) Let Gi(r(-)) = (f L . E [y(r(x(s(,§(5 "’))] ds — ELI) , k=1,...,L, then, a policy
L
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r(-) € ® exzists such that Gi(r(-)) < 0, Vk (the interior-point policy). Take r(-) as the policy

that does not transmit at all and only incurs the terminal cost.

B.12 Computation of A"J(z,c¢,t) given in (3.12)

From the definition of the differential generator, we have,

EJ(xt-H’h Ct+hyt + h) — J(IL', c, t)
h

r o
A" J(z,c t) = l}ﬂl& (B.87)

To compute A"J(z,c,t) we first evaluate the term EJ(ziih,Ci4n,t + h). Consider the
Markov model for the channel process obtained after the uniformization, as discussed in
Section 3.2.2. Pick a small h > 0, then, over the period [t,t+ h], the channel state does not
change with probability 1 — Ah, there is a single channel transition with probability Ah in
which case the new state is given as ¢ = Z(c)c, and with probability o(h) there are more

than one transitions. Thus, we get?,
EJ(Zt4h, Coanr t+h) = (1= A0)J (Ze1h, ¢, t+ h) + ARE, [J (Ti4n, Z(c)c, t+h)]+o(h) (B.88)

Using the Taylor series expansion we get,

0J(z,c,t) + dwaJ(a:, ¢ t) to

J(zt4n,c,t + h) = J(z,c,t) + h v 5 (h) (B.89)

But, from the process evolution as given in 3.4, we get dz = —r(z, ¢, t)h, and the above
equation becomes,

J(Ztin, et + h) = J(z,c,t) + hM — hr(z,c, t)M + o(h) (B.90)

ot Oz
Similarly, as above, we can evaluate J(Zi1h, Z(c)c,t + h) which is given as,

8J(z, Z(c)e, t)
ot

0J(z, Z(c)c,t)

J(Zi4h, Z(c)e, t+h) = J(z, Z(c)c, t)+h P

—hr(z, Z(c)c, t) +o(h)

(B.91)

For this heuristic computation, we will assume that a channel transition, if it occurs, takes place at time
t itself and the channel state is then retained over the entire period [t,% + h].
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Substituting (B.90) and (B.91) in (B.88) and keeping only upto first-order terms in h, we
get,
oJ(z,c,t) oJ(z,c,t)

at ox
4+ (E[J(z, Z(c)c, t)] ~ J(z,c,t)) + o(h) (B.92)

EJ(Ztth, Corhrt + h) = J(z,c,t)+h — hr(z,c,t)

Substituting (B.92) in (B.87) and taking the limit gives the result in (3.12).
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Appendix C

Proofs for Chapter 4

C.1 Proof of Theorem XII — Variable Deadlines Case

To elucidate the steps involved, we first consider the two packet case (M = 2), and then

extend it to the general scenario for any value of M.

Two Packet Case: The proof outline is as follows. We first start with the functional

form for r*(D, ¢, t) as given in (4.11), obtain the minimum cost function J(D, c,t) and check
that these satisfy the HIB equation in (4.5). While this simply constitutes a check that the
HJB equation is satisfied, to finally complete the optimality proof, we consider a sequence
of relaxed problems {Pi} along similar lines as done in Appendix B.1 and then take the
appropriate limits. We begin first with the verification that the given rate functional satisfies

the HJB equation.

Step 1 — Verification of the HJB Equation: Start with the rate function in (4.11) and

consider first the state space (D, ¢,t) € [B1, Ba] X C x [T1,T3). Thus, we are looking at time
t > Ty and all admissible D values over this time. Starting from any (D, c,t) in this state
space, clearly, the problem is identical to the BT-problem, where (B2 — D) bits remain
in the buffer and these need to be transmitted in time (75 — t). From Theorem VII, the
optimal rate function is given as, r*(D,¢,t) = RB'%;T%. In conformation, over this state
space the rate function in (4.11) also reduces to the same form. Thus, over this state space
the policy given in (4.11) is trivially the optimal policy. The corresponding minimum cost

function is given as, -
(Bz — D)*
o(f(Tz—t))~!
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Figure C-1: Proof of Theorem XII for the two packet case, (a) case ng——ﬁ > f(g L~ and

(b) case qtsy < Ry

Next, consider the state space (D, ¢, t) € [0, B3] xC x [0, T1); thus now we are considering
the region 0 < ¢ < 77 and all admissible D values over this time which are [0, By]. Fix
a value of ¢ and channel state c, then, as a function of D the rate r*(-) in (4.11) has the

following two possibilities (Note that at D = 0, we have 7*(0, ¢, t) = max (ﬂ%&ﬁ, ?ZTBf—’fj))'

B B B;-D Bo—D
1. Suppose TTzz—-_tS > ?ﬁl—‘ﬁ For a fixed t, we see that both m and W%‘E'—T) are
linear in D. Figure C-1(a) gives a schematic picture of the two curves and from the
figure it is clear that since By > B, the two curves do not intersect over D € [0, Bs].

Thus, in this case the maximizing function for all D € [0,By] is 7’(3%‘;% and so,

r*(D,c,t) = 7—L—7fBT2—_2 .

2. Suppose ﬂ%&ﬁ < 7%’_-_—5. In this case, the two functions ﬁ% and fBT;ﬂ) are
plotted in Figure C-1(b). From the figure it is clear that since B; < Bs the two

curves must intersect at some B € [0, B;] which satisfies ﬁ%l'—_% = %;‘:%. This

b1
f(T1-t) f(T2-1t)

(D, c,t) = ﬁ%;—_Dﬁ for D € (B, By).

B B
gives, B = (ﬂTl_'j f{Trt)) and we get r*(D,c,t) = RB%I——_% for D € [0,B], and

Define,
) 0’ if B_ < (T‘?—) ’
By=1 " n o | TOD S TO (©2)
089 JT-89  otherwise

=9~ F(Tz—D
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Using the above definition, the rate function can be written in the following form,

7y B()<D<B
755, 0<D<B(t)

r*(D,c,t) = (C.3)

The above compact form covers both cases 1 and 2 above - for the first case B(t) = 0 and
for the second case we get B(t) as required. Note that for the constant drift channel, since
the function f(-) is the same for all the channel states, the intersection point B(-) as defined
in (C.2) depends only on time ¢ and not on the channel state!.

In order for the HJB equation to be satisfied, the rate function r*(D,c,t) above must
be the minimizing value in (4.5). Using the first-order condition for the minimization then
gives, a—J(a%L’Q = —ﬂﬂfitﬁ. Integrating this with respect to D and using the boundary

condition J(Bs, ¢,t) = 0, we obtain,

T—L—r(B"‘D"_ , B(t) <D< B,
J(D,c,t)={ Y ‘;’2‘”) s ) <D< (C4)
-D)* —-B(t))" B,—-B(t))" =l
=T + et — st 0< D < B(t)

It is easy to see that J(D,c,t) in (C.4) is continuous at the boundary D = B(t). It is also
continuously differentiable with respect to D including at the boundary D = B(t) and this
can be checked directly. Furthermore, for values of B(t) > 0, the function B(t) is contin-
uously differentiable with respect to ¢ and this implies that J(D,c,t) is also continuously
differentiable in ¢. Finally, at the boundary ¢ = T}, we have B(t) = B and this makes (C.4)
consistent with (C.1) for D > Bj. To verify that the HIB equation is satisfied, we now only
need to check that r*(D, c,t) and J(D,c,t) as given in (C.3) and (C.4) respectively, satisfy
the following PDE,

*(D,c,t D,c,t
{g(r (D¢ ))+3J( G )+r*(D,c,t)M+/\(EZ[J(D,Z(c)c,t)]—-J(D,c,t))} -0
c ot oD
(C.5)
where in the above equation, g(r) = r".
Consider first D € [B(t), Ba], then, from (C.4) we have J(D,c,t) = c(f(B:é:g ~— and

from (C.3) we have r*(D,c,t) = fi?%;'_%). The differentials are g% = Z'}((?,::g i % =

!For the general Markov channel model this is not true and hence some of the steps in this proof, following
this stage, do not apply in that setting.
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((By DL Ta=) | gubstituting these in the left hand side (LHS) of (C.5) and simplifying

it then gives,

(Bo—D)"  (n=1)(Ba—D)"f'(T—t) (B2~ D) n(By~ D)*!

LHS = Gm—oyr v (m-tr T T =) (@ - )
(B, - D"
V@ =g o
o - -2
= 0 (C.7)

The last equation above follows since f'(s) =1 — %2 f(s). Thus, we see that (C.5) is
satisfied over D € [B(t), Bo]. If B(t) = 0 then we are done. So, now let us suppose that
B(t) > 0.

Consider D € [0, B(t)), then, from (C.3) we have r*(D, ¢,t) = f—(,‘,l,——T) and from (C.4) we
have J(D, ¢, t) = Q(c,t) + H(D, c, t), where for simplicity of exposition, we define Qe t) =
( c((ﬁgi()t)),):l - C((f(};i()t)),zil) and H(D,c,t) = EU%"ZD);TT Substituting this in the left
hand side of (C.5) we get,

LHS = (@gtﬁ + AMEQ(Z(O)e 1)] - Qe t))) +

g(r*(D,c,t)) + 0H(D,c,t) OH(D,c,t)
c ot oD

+1°(D,c,1) + MELH(D, Z(c)e,t)) - H(D,c, t)))

Using identical steps as in (C.6)-(C.7) the terms within the second bracket above equal
zero. Now consider the term within the first bracket. Let Q(c,t) = Qa(c,t) — Qi(c, 1),

where Q2(c,t) = ——B—%%t))%r and Qi(c,t) = z((—}fa(—l‘r:—_ét()—t—))l—tr. We have,

0%e(et) | \(EQu(z(e)e )@l ) = Lo =S

_ B®fT—tn AB-Df(T2—1)
( (B2 — B(t))(n —1)+f( g n—1 )

_ (n=1)(Ba — Ba)" (  B®)f(Tz—t)n o
(f(L-) (B — B(t))(n—1)

The last equality above follows since f'(s) =1~ #__Tll f(s). A similar expression as above

is obtained for the term Q1(c,t). Combining the two then gives,
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3Q(c, t)

+ ME[QZ(0)e )] - Q(e,1))= n= (B2 = BE)" (_ B'(t)f(Ty — t)n +1)

c(f(T2 - t))" (By — B(t))(n — 1)
_(n=1)(B1 - B)" (_ B®f(Ti—tn 1)

c(f(T1 —t))n (B1 — B())(n—1)

_ . Bi—B(t) By-B(t)
-0 (Smce’ FTi-0 = 1@ —t))

This completes the verification that the functions in (C.3) and (C.4) satisfy the PDE equa-
tion in (C.5). We now complete the optimality proof by considering a sequence of relaxed

problems and taking the appropriate limit as outlined next.

Step 2 — Verification of Optimality: To verify optimality, we view the problem in two

stages - first, over the state space (D, c,t) € [0, B2]xCx[0,T}) (transmission over time-period
[0,T1]) and second over the state space (D, c,t) € [By, Ba] X C x [T1,T3) (transmission over
time-period [T},T3]). As mentioned in Step 1 of the proof, over the state space (D, c,t) €
[B1,Ba] x C x [T1,T?), the problem is identical to the BT-problem, where (Bz — D) bits
remain in the buffer and these need to be transmitted in time (75 —t). The rate function in
(4.11) reduces to r*(D, ¢, t) = 71—5 and this has been shown to be the optimal policy; see
Appendices B.1 and B.6. Thus, the optimality of r*(D, c,t) and J(D,¢c,t) over the second
stage follows directly from that of the BT-problem.

Now consider the first stage, i.e. the state space (D,c,t) € [0,B3] x C x [0,71). This
stage corresponds to transmission over time-period [0,7}]. Once we reach time ¢t = T3,
we know from the preceding paragraph the optimal policy to be followed thereafter in the
second stage. Thus, for the optimization over the first stage, we can abstract the second
stage energy cost as a terminal cost incurred at time 7} given the particular terminal state.
Specifically, the terminal cost function is given as, h(D,c) = a?i(i%%“ D € [By, Bs]
(since this is the minimum (expected) energy cost required to transmit the remaining (B; —
D) bits by time (T —T1)), and h(D,c) = oo, D € [0, B;) (since there is a deadline constraint
of Ty for the first B; bits, and an infinite penalty cost is incurred if D < B;). Since this
is a non-continuous terminal cost function, we cannot directly apply standard verification
results to show optimality. To circumvent this problem, we consider a sequence of relaxed

problems {P;}, where the hard deadline constraint on the B; bits is relaxed and instead a
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sequence of smooth terminal cost functions is assigned, which monotonically converge to the
required function above. This is analogous to the steps followed earlier for the BT-problem

and they are outlined below.

Consider a sequence of numbers {7} ,, where 7 > 0 and 73 | 0. Define a sequence of
functions {f*(s)}$2,, where each f¥(s) satisfies the ODE, (f*)'(s) =1— if_;lll f¥(s) with
the initial condition f*(0) = 7. Thus,

70 = 2= (1-ep- 20200t nep- 2200, 520 (o

Consider now a sequence of relaxed problems, {Py}, over the state space (D, ¢, t) € [0, Ba] x
Cx[0,T1). Each problem Py is identical to the BT-problem in terms of the system dynamics
except that at time T3, instead of the hard deadline, a terminal cost is assigned. This

terminal cost function is denoted as h*(D, c) and is taken as follows,

Ba—D)" =
T T_Ll))"_'l’ B*(T)) <D< By

(B1—D)" (Bz=B*(m)"  _ (Bi=B*@m)" 3k
A= T aFm-m) oy 0 0 D< BT

h*¥(D,c) = (C.9)

where in the above equation, the function B¥(t), t € [0,T}] for the relaxed problem P} is
correspondingly defined as,

; 0, if fF(T %) fk(g‘:—t)
Bk(t) = By __ By _ 1 (C.10)
£I- ST - otherwise

M-t FF(T—v

Note that since f*¥(0) = 7%, as we consider larger values of k then 7 goes to zero and B*(Ty)
converges to B; while f¥(s) converges to f(s). Thus, we see that the terminal cost function

h*(D, c) converges to the desired function as mentioned earlier.

For the relaxed problem P}, the system operates as follows. Given a transmission policy,
denoted as ri(D, c, t), the system starts with D(0) = 0. As this policy is followed, at time 77,
the terminal cost h*(D(T}1), ¢(T1)) is incurred and the system stops. Also, during the period
t € [0, T}, if D(t) = By then all the data has been transmitted and there is no terminal cost

incurred. Thus, we see that the relaxed problem Py is a well-posed, continuous-time control
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problem with smooth terminal cost functions. Consider now the following rate function,

B;—D
+(D,c,t) = L A1
Ti(D:e.f) jB;zDay20) TR(Tj 1) (©1
and the following minimum cost function which is denoted as J*(D, c, t),
(Ba—D)™ nk
Jk(D c t) — c(Fr(T—t))r—1° B (t) <DL<B (0.12)

(Bi-D)" (BamBrO)  (Bi=BE(E)" -
POy T (@t T ap@moyy 0 S D <BH(Y)

Following an identical set of arguments as done in the first step of this proof, it can be
seen that the above functions satisfy the HIB equation (note that the functional forms are
analogous to those earlier except with f*(s) replacing f(s) and B*(t) replacing B(t)). It
is also easy to see that the minimum cost function also satisfies the boundary conditions,
i.e. it equals the terminal cost function h*(D,c) and also equals zero for D = Bj. Using
the standard verification result, outlined earlier in Lemma. 17, it can be seen that the rate
function in (C.11) gives the optimal transmission policy for the relaxed problem Py.

Now consider the limit & — oo, then, J*¥(D, c,t) converges to J(D, c,t) (given in (C.4))
and (D, c, t) converges to r*(D, ¢, t). Utilizing the result of Theorem XVIII (an analogous
version as stated below), the optimality of J(D, ¢, t) and r*(D, c, t) for the first stage of the

two-packet problem follows.

Theorem XIX (Two Packet Case): Consider (D,c,t) € [0, B3] xC x [0,T1) and define
J(D,c,t) & limg_oo J*¥(D,c,t). Let J(D,c,t) satisfy the HIB equation in (4.5) and let
r*(D, ¢, t) be an admissible policy for the first stage of the two-packet problem, such that r*

is the minimizing value of r in ({.5). Then,

1. J(D,¢,t) < Jp(Dyc,t), VY r(-) admissible (where J.(D,c,t) denotes the cost-to-go
function for that policy) |

2. r*(D,c,t) is the optimal policy and J(D,c,t) is the minimum cost function
Proof: The proof is identical to that of Theorem XVIII. ]

The requirements of the above verification theorem are satisfied. First, from Step 1 we
know that J(D,c,t) and r*(D, c,t) satisfy the HIB equation. The function J(D,c,t) also
satisfies the boundary condition, i.e. J(D,c,T1) = h(D,c), D € [By, Bs] (where h(D,c)
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gives the optimal cost for the second stage). The rate function r*(D, ¢, t) is admissible; to
see this note that it is non-negative and locally Lipschitz-continuous in D. Furthermore,
the deadline constraint of 77 for the B; bits is also satisfied. This is because from the
BT-problem we know that ﬁlﬂ"—_% is an admissible rate function that meets the required
deadline constraint. Here, since r*(D, ¢, t) is chosen as the maximum among % and
ﬁ%zlg—, the transmission rate selected ensures that at least B; bits have been transmitted

by time 77 (almost surely).

General M Packet Case: The proof for the general M packet case is a direct ex-
tension of the ideas presented in the two-packet case. To proceed, consider the state
space (D,c,t) € [Br-1,Bm] x C x [T—1,T1) where L = 1,...,M (let Bp = 0 and
To = 0). Thus, we are viewing the problem in M stages where the L** stage corresponds
to looking at time 771 < t < Ti, and all admissible D values over this time period
which are D € [Br—1,Bum]. Over this state space the rate function r*(-), from (4.11), is
given as, 7*(D, ¢, t) = maxj—r, . M 7%,;—_%. Thus, we need to only look at rate values for
j=L,....,.M.

Now in the above state space, fix a value of ¢ and c. Then, as in the two-packet case, the
rate 7*(-) as a function of D is a piecewise linear curve with at most M — L+ 1 segments. To
see this, first note that FB%;T[;,Vj, is a linear function of D (with ¢ fixed) and we also have
By < ... < Bpy. From Figure C-1, we see that in the two packet case if %ﬁ% becomes the
maximizing function then it remains the maximizing function for all D values thereafter. In
the general M packet case, this observation translates in the following way: if fi(%—'—DT) is the
maximizing function then for all D values thereafter the functions T%;—%’ p < j cannot
be the maximizing function, and only functions F%‘% with p > j can replace it as the
maximizing function. Thus, we see that each function plays the maximizing role at most
once and further that the indices j of these maximizing functions must be in increasing
order. This implies that 7*(-) is piecewise linear with at most M — L+ 1 segments and takes
the following general form: function fBT;D

—
function ﬂBﬂ‘—l—% is maximum over D € [By(t), B41(t)) and so on, where {By(t)}}4;! are

is maximum over D € [BL_l,BL(t)), then,

the rate change points. Note that BL (t) could be equal to Br; which covers the case in
which —(i—_—DS is not the maximizing function for all D € [Br_1, By). Similarly, Bry1(2)
could equal By (t) and so on.

Mathematically, the rate change points can be defined as follows. Let Ef;q(t) denote the
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pairwise intersection points for the L** stage, then (see the example of two-packet case),

B B

. Br-1, o) < T
bpg(t) = (B?("‘FBLSI _B}l(‘TBLt—)l (C.13)
TJ—I - . ) , otherwise
TTp=0  F(Tg=D

where in the above ¢ > p,{p,q = L,...,M}. Using this, we have for, { = L,...,M —1,
(take Bp1(t) = Br-1)

By(t) = max (El_l(t), L (t)) (C.14)

We can now write the rate function 7*(D, ¢, t) for (D, ¢,t) € [Br—1,Bm] X C x [Tg—1,TL) in

the following form,

( -
AL, Bua(t) <D< Bu

Bp—1—D B ~
=y, Bm-2(t) < D < By-a(?)
r*(D, c,t) = { TTu-17t (C.15)

BB, Bia<D<Bi)

aJ(D et) _ _ g (D)
[4

Using and integrating with respect to D with the boundary condi-

tion J(Bp,¢,t) = 0, gives,

4 n -
=R, By-1(t) <D < By

—_ By —D)" (Bj+1—B; ()" —B;(t))"
TDye,t) = § BB+ M (B, — (BB ) B 1)) < D < Bt

g + Ti (A2 — atnageer) » Br1 < D < Bu()
(C.16)
The above functional form is for the L** stage, i.e. over state space (D, c,t) € [Br-1, By] X
C X [T-1,TL). It can be checked directly that the function J(D, ¢, t) in (C.16) is continuous
in D and t; it is also continuously differentiable and is consistent at the boundaries of the

various stages L = 1,..., M. Due to the similarity of its functional form with that of (C.4),

it can also be seen that following an identical set of steps as outlined in the two-packet
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case, the functions J(D, ¢, t) and 7*(D, c, t) satisfy the HIB equation in (C.5). Finally, the
verification of optimality follows in an identical manner as the two-packet case, where each
stage is considered separately in a recursive fashion starting from the last stage. Since these
results are the same as outlined in the two-packet case, the steps have been omitted here

to avoid repetition.

C.2 Proof of Theorem XIII — Arrivals with Single-Deadline

The proof for this case follows a similar methodology as presented in Appendix C.2 for the
variable-deadlines scenario. We start with the functional form for r*(D,c,t) as given in
(4.13), obtain the minimum cost function J(D,c,t) and verify that these satisfy the HJB
equation in (4.5). Finally, we verify optimality by viewing the problem in multiple stages.
To elucidate the steps we begin by first considering the two-packet case and then extend it
to the general M packet scenario.

Before proceeding further, we first verify that the transmission policy in (4.13) is admis-
sible. For any D € [Dpin(t), A(t)], c € C, t € [0,Tx], the rate function 7*(D, ¢, t) is clearly
non-negative. Furthermore, since each of the function }%'}_—37 is locally-Lipschitz-continuous
in D and r*(-) is a minimum among a set of finite number of such functions, r*(-) is also
locally Lipschitz continuous in D. Similarly, it is also piecewise continuous in ¢. Finally, by
construction all the causality constraints are satisfied since at all times we choose the min-
imum rate among those needed to meet the A;T; points. Thus, the departure curve never
exceeds the arrival curve (almost surely). Furthermore, for ¢ > Tar—1, r*(D, ¢, t) reduces to

choosing a rate that meets the Ap/Tas constraint, hence, the single deadline constraint is

also satisfied.

Two Packet Case: We begin with the two-packet case and first verify that the pro-

posed policy satisfies the HJB equation.
Step 1 — Verification of the HJB Equation: Consider first the state space (D, ¢, t) € [0, A2]x

C x [T}, Tz); thus, we are looking at time ¢ > T and all admissible D values over this time-
period. Starting from (D, c,t), clearly, the problem is identical to the BT-problem with
B = (A3 — D) and T = (T — t). The optimal rate function from (4.6) is therefore given
as, 7*(D,c,t) = 7‘%72,2’—_%. In conformation, the rate function in (4.13) over this state space

also reduces to the same form. Thus, over this state space the policy in (4.13) is trivially
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Figure C-2: Proof of Theorem XIII for the two packet case, (a) case f(q‘ilzz__t) > f(:,‘:il_t) and
(b) case

Az A
T < Fh--
the optimal policy and the corresponding minimum cost function over this state space is,

(42 — D)
e(f(Tz —t))" !

J(D,c,t) = (C.17)

Next, consider the state space (D, ¢, t) € [0, A1] X C x [0,T1); thus now we are considering
the region 0 < t < T and all admissible D values over this time which are [0, 4;). Fix a
value of ¢ and c, then, as a function of D the rate r*(D, ¢, t) in (4.13) has the following two

possibilities. Note that at D = 0, we have 7*(0, ¢,t) = min (ﬂ%&ﬁ, RTAZ—TF)

1. Suppose T(,_,—’i‘zz-_-;; > m‘%‘_—ﬁ. For a fixed t, we see that both ﬁ%_% and ﬁ%—z_f% are linear

in D. Figure C-2(a) gives a schematic picture of the two curves and from the figure it is
clear that since Ay > Aj, the two curves do not intersect over D € [0, A;]. Thus, in this

case the minimizing function for all D € [0, 4] is —(-Lt; and so, 7*(D, ¢, t) = TT%%

2. Suppose ﬂTAz’Ei < 7-171—55 In this case, the two functions 7%‘_5 and _D are
plotted in Figure C-2(b). From the figure it is clear that since 4; < Az the two

curves must intersect at some A € [0, A;] which satisfies f‘?zl";i) = f?%;—é)' This
. A (771137 f(Tz—t)) * Ag—D A
gives and we get r*(D,c,t) = f@&= for D € [0, 4] and
’ iTl—t) f('I‘z—t)) ’ Nt
(D, c,t) = by for D € [4, Ai].
Define,
. 0, if < 7——2—5_ _
ao={" TS (C.18)
L= _J0=8 "), otherwise
FT-9~ FiI—9
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Using the above definition, the rate function can be written in the form,

#7555, 0<D<A(®)
sy At <D< A

r™(D,c,t) = (C.19)

Note that the above compact form covers both cases 1 and 2 above — for the first case
A(t) = 0 and for the second case we get A(t) as required. Furthermore, for the constant
drift channel, since the function f(-) is the same for all the channel states, the intersection

point A(-) as defined in (C.18) depends only on time ¢ and not on the channel state.

For *(D, c, t) to satisfy the HIB equation, it must be the minimizing value of r in (4.5).

Using the first-order condition for the minimization then gives, aJ(a%c’t) = g (f o)
Given 7*(D,c,t) as in (C.19), we can obtain J(D,c,t) by integrating with respect to D.
But to do that we first obtain the boundary condition at D = A; as follows. Note that since
we are looking at t < T, if D = A;, it means that the transmitter queue is empty and hence
the transmission rate must be zero until the next packet arrival instant, which happens at
time t = Tj. Since the transmission rate is zero until 7}, no energy cost is incurred over the
time period [t, T1). Now starting at time ¢ = 71, with D = A; and channel state ¢ = ¢, the
optimal cost-to-go is given as E’ULEAI%:_?‘;);)T—T (this follows from (C.17)). Thus, the optimal
cost-to-go starting from time ¢ onwards is then given as,

J(A,c\t)=E [Z(_%—)]

.y (C.20)

where in the above equation H £ ﬁ%—”_‘%‘»;&_y and the channel states c € C are denoted as
{c'}. Let,

pj(i,t) = probability that {c(T1) = ¢/} starting in state ¢’ at time ¢ (t < T})
Using the above notation and denoting z;; = ¢/ /¢, we can re-write (C.20) as,

Jmh&ﬂ=%§:Q%QH (C.21)
i ™

Now, using the boundary condition in (C.21), the differential equation, Qﬂ%l = - M,

evaluates as follows,
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_ (Ai-D)~ pi(it) ~
J(D, Ci,t) — cl(f(Tl——t))n—l + = P Z Zij H A(t) S D S Al

(A;=D)" (A1—A(t)" (A—A@)" 1§~ piid) i
STy T FT -~ F A=) T F gy 0S D <AW)
(C.22)

It is easy to see that J(D, ¢!, t) in (C.22) is continuous at the boundary D = A(t). It is also

continuously differentiable with respect to D including at the boundary D = A(t) and this
can be checked directly. Furthermore, for values of A(t) > 0, the function A(t) is contin-
uously differentiable with respect to ¢ and this implies that J(D,¢',t) is also continuously
differentiable in ¢. Finally, as t — T}, we have A(t) — A; and this makes (C.22) consis-
tent with (C.17) for D < A; (since, p;(i,T1) = 1 for j = 4, and, p;(¢,T1) = 0 otherwise).
Thus, we see that J(D, ¢!, t) in (C.22) satisfies the technical requirements of continuity and
differentiability and the boundary conditions. We now need to check that r*(D,¢,t) and
J(D, ¢, t) satisfy the following HJB equation as given in (4.5), i.e.,

8J(D,c,t)
oD

{g(r*(D, 68) L 8IDiet) gy oy

c ot +XNE;[J(D, Z(c)c, t)] - J (D, c, t))} =0

(C.23)

where in the above equation, g(r) = r".

The functional form of J(D,¢,t) in (C.22) is closely related to that in (C.4), except
for the additional term zl,- Ej I—’J;%t—)H . Thus, we can utilize the proof in Appendix C.1 for
this case as well. Consider first D € [A(t), A;], then, from (C.22) we have J(D,c',t) =

i i ; ) 1 A1l p'(ist)
K(D,c,t) + L(c,t), where, K(D,c,t) 2 cl(f(:,‘, —= and L(c',t) = &>, J'zTH Sub-
stituting this into the left hand side of (C.23) gives,

———8LE,;;’ Y MEL(Z() 0) - L(c",t))) - {g————(’"*(’z Lau)

i
+%(ggc7t) +T*(D,Ci,t)

LHS=<

OK(D, 1)

b ME.|K (D, Z(c")¢, )] — K(D, ¢, t))}

Using an identical set of arguments as in Appendix C.1, it can be seen that the terms within
the curly bracket above equal zero. Thus, to verify that (C.23) is satisfied we only need to
show that the terms within the first bracket equal zero. Similarly, for D € [0, A(t)], we can
utilize the results in Appendix C.1 and it can be seen analogously that to verify (C.23) is

satisfied, we need to show a similar result.

179



We now proceed to verify that (ﬂ;{ﬁ + AMEL[L(Z () t)] ~ L(ci,t))) equals zero.

First, using the Chapman-Kolmogorov equations we get,
p;(i,t) = (1 — Adt)p; (3, t + dt) + Adt Y _ pirp;(k, t + dt) + o(dt)
k

where {pi;} denote the transition probabilities among the various channel states obtained
after the uniformization (as considered in Section 3.2.2). Taking the limit d¢ — 0 in the
above equation, we get,

dp’ (Z t) —Ap;(i,t) + )\Z Pikpj(k, 1) (C.24)

OL(ctt

Consider now which can evaluated as follows,

aLg;ti,t) _ % Z (APJZJt) "Z pa(k] t)) (C.25)
- Zpg(z ) . Z Z PJ(’“ g (C.26)

The first term on the right-hand side of the equation above is easily seen to be AL(c, t),

whereas the second term is AE,[L(Z(c')c',t)]. To see this, consider,

AE,[L(Z()e, )] =A S pat (Z E]%;)H) (C.27)
¥ j
=2 Z : Wfiﬁf, Db, (ince, =c'z)  (C29)
wpi(k, t
=’\g Z zk: ’ﬂp—;f;—)H (C.29)
J

where the last equality above follows from 2;; = z;2;; and interchanging the two sum-
mations. The interchange is valid assuming that from every state the channel can jump
to a finite number of new states, in which case, the summations are over finite number of
non-zero terms. Thus, from (C.26) and (C.29), the required verification result follows. This
completes the proof that the functions in (C.19) and (C.22) satisfy the HJB equation in
(C.23).
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Step 2 — Verification of Optimality: To verify optimality, we view the problem in two

stages - first, over the state space (D, c, t) € [0, A1]xXCx [0, T}) (transmission over time-period
[0,T1]) and second over the state space (D, ¢,t) € [0, Az] X C x [T1,T3) (transmission over
time-period [T1,T3]). As mentioned in Step 1 of the proof, over the state space (D,c,t) €
[0, A2] x C x [T1,T3), the problem is identical to the BT-problem, where (Az — D) bits
remain in the buffer and these need to be transmitted in time (T2 —t). The rate function in
(4.13) reduces to r*(D, ¢, t) = ﬁ% and this has been shown to be the optimal policy; see
Appendices B.1 and B.6. Thus, the optimality of r*(D, ¢,t) and J(D, c,t) over the second
stage follows directly from that of the BT-problem.

Now consider the first stage, i.e. the state space (D,¢,t) € [0, 4;] x C x [0,T1). This
stage corresponds to transmission over time-period [0,737]. Once we reach time ¢t = T3,
we know from the preceding paragraph the optimal policy to be followed thereafter in the
second stage. Thus, for the optimization over the first stage, we can abstract the second
stage energy cost as a terminal cost incurred at time 7 given the particular terminal
state. Specifically, the terminal cost function is given as, h(D,c) = c—u—((%__—g);%f, D e
[0, A;] (since this is the minimum (expected) energy cost required to transmit the remaining
(A2 — D) bits by time (T — T1)). Thus, for the first stage the system starts with D(0) =0
and the chosen transmission policy is followed until time 7} at which point the terminal
cost h(D(T1),c(T1)) is incurred. Also, during the period ¢t € [0,T}], if D(t) = A; then
all the data has been transmitted and for an admissible policy the transmission rate must
be zero until 7). Having formulated the problem in the above form, the verification of
optimality of r*(D,c,t) and J(D,c,t) as given in (C.19) and (C.22) respectively, follows

from the following standard result. This is an analogous version of Lemma, 17.

Lemma 24 (Two-Packet Case) Consider the first stage of the two-packet problem. Let
J(D,c,t) and r*(D, c,t) defined on [0, A;] x C x [0,T}], solve the equation in (4.5) with the
boundary condition J(D,c,T1) = h(D,c). Let r*(D,c,t) be an admissible policy such that

r* is the minimizing value of r in (4.5). Then,
1. J(D,c,t) < Jp(D,c,t), ¥ r(-) admissible.
2. r*(D,c,t) is an optimal policy and J(D, c,t) is the minimum cost function.
Proof: See [63], Chap III, Theorem 8.1. [ |
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In Step 1, we have shown that r*(D,¢,t) and J(D,c,t) as given in (C.19) and (C.22)
respectively, satisfy the HJB equation and that r* is the minimizing value of r. Policy
r*(D, c,t) is an admissible policy as argued in beginning of the proof. Hence, the above

lemma applies and this completes the proof of optimality.

General M Packet Case: The proof for the general M packet case is a direct exten-

sion of the ideas presented in the two-packet case. To proceed, consider the state space
(D,c,t) € [0, AL] X C X [Tp—1,TL) where L =1,..., M (note Tp = 0). Thus, we are viewing
the problem in M stages where the L** stage corresponds to looking at time Ty, _; <t < T},
and all admissible D values over this time period which are D € [0, Ar]. Over this state
space the rate 7*(-), from (4.13), is given as, r*(D,c,t) = minj—r__ m ﬁ%j:%. Thus, we
need to only look at A;T} constraint points for j = L,..., M.

Now in the above state space, fix a value of t and ¢ = ¢'. Then, as in the two-packet case,
the rate function 7*(-) as a function of D is a piecewise linear curve with at most M — L +1
segments. To see this, first note that 7'(%_—_[:5, V4, is a linear function of D (with ¢ fixed) and
we also have A < ... < Ap. From Figure C-2, we see that in the two packet case, if ﬁ%ﬁ_——Dﬁ
becomes the minimizing function, it remains as the minimum function for all D € [0, A;].
In the general M packet case, this observation translates in the following way: if ﬁ%_—%)
is the minimizing function, then for all D values thereafter, the functions 7’%%5, p>j
cannot be the minimizing function, and only functions —(,_;’,—Dt—) with p < j can replace it as
the minimizing function. Thus, we see that each function plays the minimizing role at most
once and further that the indices j of these minimizing functions must be in decreasing
order. This implies that r*(-) is piecewise linear with at most M — L + 1 segments and
takes the following general form: function TA(% is minimum over D € [0, A;(t)), then,
—f’?TLM_‘—l_% is minimum over D € [A;(t), A2(t)) and so on, where {A;(t)}l=1 are the rate
change points. Note that A;(t) could be equal to 0 which covers the case where ﬁﬁ—;—_% is
not the minimizing function for D € [0, Az]. Similarly, A2(t) could equal A;(t) and so on.

Mathematically, the rate change points can be defined as follows. Let dy,(t) denote the

pairwise intersection points, then (see the example of two-packet case),

0, Rt < D
9= L ‘
o C.30
apq(t) (T_qg——ti 77‘5%) , otherwise ( )
(rert=s— 7=
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where in the above p > ¢,{p,¢ = L,...,M}. Using this, we have for,l = 1,...,M — L,
(take Ap(t) = 0)

Aut) = max (Aa(0,_min dr-ssn)) (€31)

We can now write the rate function r*(D, ¢, t) for (D, ¢,t) € [0, AL] X C X [T1—1,TL) in the

following form, )

7S, 0< D<A

Ap-1—-D 1 1
) , Ai1(t) <D < As(t
(D, 1) = | Fit-n A1) 2() (C.32)

\ﬁﬁ%, Ay_r(t) <D< Ap

Using M%)E"—Q = _ﬂﬂg,ﬂl} and integrating with respect to D we obtain J(D,c,t).
The corresponding boundary condition is J(Ay,ct,t) = El,r Zj EJI:%’QH L, where as in the
two-packet case, pf(i,t) denotes the probability that c(T1) = ¢ starting in channel state
¢ at time t < T, and, (%&) gives the cost-to-go starting in state D = Ay, ¢ = ¢/ and
t = Tr. The term Hj, abstracts the numerator term and its exact form is not necessary for
the analysis; however the point to note is that H; does not depend on the channel state

which only appears in the denominator (see the two-packet case as an example). Thus, we

get,
[ (a,-D)" pE(it) ~
cz(}(qf:L_t))n— +5 Y, 45 Hu, Am-L(t) <D< AL
Ag—-D)* K-1 {(Ag=Apm_g®))" _ (Ags1—Apm_o()"
g R B (c'zf(Tq—t)q)"“ e?f(:r.m—t)")ﬁ)
. L(; -~ ~
J(D,ct) = T +cl; Zj I:J%:tlHL, Apm-k(t) £ D < Ap—x41(t) (C.33)

(Apm—-D)™ M-1 ((Ag=Am—o(O)" _ (Agr1—Am—_g@®)"
SUTw T T 2a=L (C‘gf(Tq—t)q)"“ C‘gf(Tq+1—t;)"‘1)

L(; -
+3 5,559y, 0<D < A4)

\

The above functional form is for the L™ stage, i.e. over state space (D, c,t) € [0, Az] x C x

[Tr-1,T%). It can be checked directly that the function J(D,c,t) in (C.33) is continuous
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in D and t; it is also continuously differentiable and is consistent at the boundaries of the
various stages L = 1,..., M. Due to the similarity of its functional form with that of (C.22),
it can also be seen that following an identical set of steps as outlined in the two-packet case,
the functions J(D,c,t) and r*(D,c,t) satisfy the HIB equation in (C.23). Finally, the
verification of optimality follows in an identical manner as outlined for the two-packet case,
where each stage is considered separately in a recursive fashion starting from the last stage.
Since these results are the same as presented in the two-packet case, the steps have been

omitted here to avoid repetition.

C.3 Boundary Condition for the Poisson Arrivals Problem

Consider time t < T and suppose that x = 0. To satisfy the buffer non-negativity con-
straints, we must have, 7(z,t) = 0 when = 0. Thus, until the next packet arrival instant,
the transmitter chooses a transmission rate of zero. Now, starting at the boundary point
(z = 0,t < T), let v > t be the first packet arrival instant after t. Let 7 = v AT, where
A denotes the minimum operation. Consider § > 0 and let £ = ¢ + 4, then, from Bellman’s

principle we can write J(0,t) as,

J(0,t)=E

/ o 9(0)ds + J(zzpr E A 'r)] (C.34)
¢

where g(0) is the power cost for rate 0 (for most practical purposes, g(0) = 0) and J(z;z,,, tA
7) is the optimal cost starting from time £ A 7 onwards. Using the indicator functions I (r<d)

and I(;55 =1 — I, <5 to condition on the respective events we can re-write (C.34) as,

J(0,t)= E [( /t ‘ 9(0)ds + J(z;, t‘)) IM)} +E [( /t " 9(0)ds + J(:L‘,-,T)) I(Tsa](CBS)

o(0) + 211G i)(S] I8, %E [hE (<] =0 (C-36)

where h(t,7) = J(zr,7) — J(zz,1) — ff g(0)ds. Consider the event 7 < £, then, as | 0,
Eh(t,7) — 0 and Pt<r<t) _, ¢. Hence, the third term in (C.36) goes to zero. Also in the

limit é | 0, the second term is the differential generator as in (4.17) with x = 0 and r = 0.
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Thus we get the boundary condition,

6J(0 )

9(0) + —— + &{J(B,t) = J(0,£)} = 0

C.4 Proof of Lemma 11

We can re-write (4.26) as,

f(T t+ Tg)

d
@ -t m)f©) =~

( Tt _ 1) (C.37)
B

Taking a Taylor series expansion of a7+o-t — 1 and using the Monotone Convergence

Theorem we get,

@ -t +m)s) =y [~ ELENE RN

n=1

dt+c (C.38)

where c is the constant of integration. Integrating each term and substituting f(T) = 0 we

get the result. The series term in (4.27) which is denoted as S,, has non-negative terms

(Bln(a))"72 m—00,
nlrg

N2
and hence is non-decreasing. For t < T, Sp, < Y 1 5 (ﬁ%f:—;‘)——fﬂ- <3

78 exp(BIn(a) /7). Thus the series is convergent.
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Appendix D

Proofs for Chapter 5

D.1 Proof of Lemma 12

The proof is based on a contradiction argument where we begin by supposing that for the
optimal policy there is a f — Z; with #; > r;. By re-mapping the regions we will show
that the objective function in (5.3) decreases, thus, contradicting the optimality claim and
proving £ / Zj.

We are given that ¥ — Z;, hence, there is a neighborhood of ¥, which we denote as S,
that is mapped to Z;, i.e. S; € Z; and 81 = {X | X € Q,||]X — F|| < §;} for some é; > 0.
Further, by assumption # — Zy, there is a neighborhood of # given as, So = {X | X €
Q,||%x — #|| < d2} for some d2 > 0, such that S € Z;.

Now re-map the regions as follows. Map S; = Z; and Se = Z;. To ensure the new
mapping is feasible we must satisfy the QoS rate constraint for user ¢ which entails the

following equality.
/ i f(R)d% = / i f (R)dx (D.1)
S2 S1

The left side above is the throughput achieved over region S under the new map and the
right side is the throughput lost by re-mapping 51 to Z;. A set of 41,2 > 0 exist that satisfy
(D.1); to see this note that the integral over any region {Si}2_, is a positive, continuous
function with respect to d, non-increasing as J, decreases and tends to zero as é; | O.
Hence, starting with the largest 8,2 values (that satisfy the Sp, Sy definition) and then
decreasing these values one can obtain {41, d2 > 0} such that each integral above is positive

and the two are equal. Now, viewing &2 as a function of 4, it’s clear that if a solution exists

187



for some 49 then for all §; < &9 a solution exists by the continuity and decreasing property
of the integrals. We now proceed by choosing &, < 69.

Using the First Mean Value theorem, [84], we can take the z; outside the integrals as
follows, [g zif (X)d% = (ri + 1) [5, f(X)d% and [, z:f(X)dX = (i + €2) [5, f(X)dX, where
the {ex}Z_, depend on {6;}?_, or equivalently on d; (as d2 depends on &, through (D.1)).
With this, we can re-write (D.1) as,

(7 + €2) /S F(%)d% = (rs + €1) /S FR)dx (D.2)

Now, looking at the objective function in (5.3), the change in its value due to the re-map
equals the probability of region S; (added from Zf to Z;) minus the probability of region
Sy (removed from Z;). Thus,

AJ

/ (X)dx + f f(x)dx

= ( ) | T (D.3)

Let ¢ = #; — 1y, then, ¢ > 0 (since by assumption #; > ;). Using the First Mean Value

theorem, we also have ¢, — 0 as §p — 0. Thus, for any ¢ we can scale é; to be small
enough such that (—2:142{ - 1) > 0. Further, since the integral in (D.3) is the probability of
So which is strictly positive (regions with zero probability are uninteresting and have been

removed from ), we finally get, AJ < 0. This completes the contradiction argument.

D.2 Proof of Lemma 13

The proof is based on a contradiction argument. To begin, consider ¥ ¢ Z; and suppose
that for the optimal policy, T — Z; such that,
LN}

(D.4)

a; a;

We now give a re-mapping of the regions such that the objective function in (5.3) decreases
or equivalently the probability of Z; region increases, thus, proving that the earlier mapping

cannot be optimal.

As the lemma involves only the i* and j** component, we will focus only on these
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Fig. (a): Original mapping Fig. (b): New mapping

Figure D-1: Figure showing the mappings for the proof of Lemma 13.

components. Let X € € denote a generic rate vector. Since by assumption T — Zj, there
is a neighborhood around F given as S; = {X | X € Q,||x — T|| < &1} for some §; > 0,
such that S; € Z;. Next, since the optimal policy satisfies Lemma 12 (its violation would
make the policy non-optimal to start with) we know that a; is the infimum value of the it*
component among X — Z;. Thus, there exists a point m with m; = a; and a region around
m, denoted Sy, that maps to Z;; i.e. S; € Z; and S2 = {X | X € Q,0 < (z; — m;) < 2} for
some &3 > 0. Finally, since R does not lie on the boundary of feasible throughput vectors
the region Z; is not null. Hence, there exists i with n; = a; > 0 and a region around fi,
denoted S3, that maps to Zy; namely, S3 € Zy and S3 = {X | X € 2,0 < (n; — z;) < 83}
for some 63 > 0. The regions S, Sq, S3 are depicted in Figure D-1(a).

Now re-map these regions as follows. Map S1 = Z;, S2 = Z; and S3 = Z; as shown
in Figure D-1(b). To ensure the new mapping is feasible we must satisfy the QoS rate

constraints for user ¢ and user j, which entails the following equalities.

/ sif(R)d% = / £ f(%)d% (D.5)
Sa 51
/ 2 f(R)dR = / 2 f(R)d% (D.6)
S3 S1
Equation (D.5) matches the throughput lost for user i due to the re-map of Sz = Zy and the
throughput gained by S1 = Z;, while (D.6) gives a similar equality for user j. To see why a

set of {0x}3_, exist that solve the above equations, note that the integral over any region Sy

is a continuous, positive function of dj, decreasing (or non-increasing) as i decreases and
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tends to zero as & | 0. Hence, starting with the largest J; (that satisfies the S; definition),
decrease it until a dy is obtained that solves (D.5). By the non-nullity of S;,S2 and the
above property of the integrals such a solution 6;,d2 > 0 exists. Similarly obtain a é;,d3
that solves (D.6). Finally, taking d; as the minimum of the two solutions, re-obtain d, 3
such that both (D.5) and (D.6) are satisfied. Now, viewing 02, d3 as functions of 41, it’s clear
that if a solution exists for some 6(1’, then, for all §; < (5? a solution exists by the continuity
and decreasing property of the integrals. We now proceed by choosing §; < &9.

Using the First Mean Value theorem, [84], we can re-write the above integrals as,

]

(@i + e2) [S f®)dE = (ri+e) /S f(R)ax (D.7)

(aj +é€s) /S fR)d% = (r;+er) /S f(R)dz D3)

where the {ex} above depend on the {dx} or equivalently on d; (as d2,d3 depend on d;
through (D.5) and (D.6)). Next, looking at the objective function in (5.3), the change in its
value due to the re-map equals the probability of region S3 (added from Z; to Z;) minus
the probability of region Sy (removed from Z;). Thus,

A = - /S 2 F(R)dx + /S (R)dx

rite Tj+€4
a;+¢€ aj+e3

) f(X)ax (D.9)
51

Let c = % - %, then, from (D.4) we have ¢ > 0. From the First Mean Value theorem we
also have ¢, — 0 as d; — 0. Thus, for any given ¢ we can scale §; to be small enough such
that (';"ﬁ.% - %1—':—‘;) > 0. Further, since the integral in (D.9) is the probability of S; which

is strictly positive, we finally get AJ < 0. This completes the proof.

D.3 Proof of Theorem XV

We will prove optimality of policy I', defined in (5.9), by showing that for any other feasible
policy T we have "N | E[I;] < TN | E[I;] where I;(F) and I;(F) are the indicator functions
for the respective policies. We know that policy I satisfies the throughput rate constraints
with equality, i.e. E[riI;] = R;. If I does not, it is trivial to prove that I' cannot be optimal.
Now, suppose I' also satisfies the rate constraints with equality, i.e. E[rif,-] = R;, then, the
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objective function for policy I can be re-written as,

N N N, i
Y E[L)=) EL]-) —(Elrili] - R) (D.10)
i=1 i=1 i=1 g

where {a;} is the threshold vector for policy I'. Note that the second term in (D.10) is zero.
Re-arranging (D.10) we get,

N
Y E[l|=E

i=1

i(l—a—)f] i—f—: (D.11)

i=1 t

For any vector ¥ we have the following two cases.

Case 1: Suppose r; < a;,Vi, then, policy I' does not choose any QoS user (Equation
(5.9)) and I; =0,Vi = 1,..., N. Now, since r; < a;, we have (1 — E?:) > 0,Vi. This implies

that whether I" chooses or does not choose a QoS user we have the following inequality,

Z(l—a)l,zo Z(l——) (D.12)

=1 i=1

Case 2: Suppose r; > a; for some index i. Let j be the chosen user for policy I', then,
from (5.9) we see that r;/a; has the maximum value. Thus, (1— ;’;’J—) < (1-%4),Vi and also

1- -E-';-) < 0. Again irrespective of what I' chooses,

i(l‘%)fiz(—:—j)=i(l—%)h (D.13)

=1

From (D.11), (D.12) and (D.13) we get,
N N R X
> El]>E [Z (1 - —) ] +Z d ZE[I]
i=1 i=1
where the last equality follows from (D.10) replacing I; with I;. This completes the proof.
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D.4 Proof of Lemma 16

To prove the lemma we need to show the following two relationships, In(1/(1 — 7%)) =
O(In(N)) and In(N) = O(In(1/(1 — fy%))). We begin by proving the first relationship.

Since v € (0,1) and N > 1 is a positive integer, we have 0 < 7717 < 1. Taking a power series

expansion of —1-%—) we get,
1—y

1
In < , ) = In (1 + YN EUN (144 1) +72(...))(D.14)

1—9¥
1 1N (N-1)/N
= ln( Rl IS A ) (D.15)
1—v
N

The inequality above follows, since v < 1= (1 4+ 7YY + ...+ yN-D/N) < N; thus we get
In(1/(1 - 'y%)) = O(In(N)). To prove the reverse relationship, i.e. In(N) = O(In(1/(1 —
yW))), proceed as follows. Using the standard inequality, In(N) < 141 + ... + g1y, we
get,

Y v
< -+ ...+ =
yIn(N) < Ttgtt w3

YN ANIN

< MVttt

In (1 _177’&-) (D.17)

where the last inequality above follows by truncating the power series expansion of — In(1—

4¥). Thus, In(N) < L In(1/(1 — y¥)) which gives In(N) = O(In(1/(1 — ¥¥))).

(since0 <y < 1)

IA

D.5 Proof of Theorem XVII

Starting with (5.16) we can write it as,

R _ 1\ A2 /N -1\ (—1F — )& TN -1 (1= yw) G
;_m( )Z( k ) PR +;_0( k ) &+ 1)2

1
P ke (D.18)
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Consider the first term in (D.18) above; it can be evaluated as follows. Let a = (1 — 7‘1{7),
then, since v € (0, 1) we have a € (0,1).

’{E(Nk-l)(_l)kc;:l:r;) _ Nf(zv;) /oa(_m)kdx

k=0 k=0
@ [* N-1
= (1-2z)Nlde (D.19)
0
1-(1-a)V 1-—4«
N =5 (D.20)

Equality (a) above follows by interchanging the summation and the integral and using the

Binomial expansion. Thus, we get, In (1) S8 (V7)) (—1)’“";’:11) = In(L) 2. Now,

consider the second term in (D.18) and proceed as follows. First, since (D.20) holds for all

a, we get the identity, k-—o (N 1)( 1)k ”,(::11 L 1—(1—5‘) . Dividing both sides by =z and

integrating from 0 to o, gives,

(e - [(HR2)=
- 5 () - [ (D)=

< /Oadx=a=(1—»y%v) (D.21)

The inequality above follows by noting that 1_—111\,_?& is positive, monotonically non-increasing
over z € [0, 1], for fixed N > 1, and has a maximum value equal to 1 at £ = 0. To show

. - 1-(1-z)N . . e . . .
the monotonic behavior of —§7~—, we claim that its derivative with respect to z is al-
ways non-positive for all z € [0,1]. To prove this, first note that the derivative is given as
xNil_)N‘;gf(l_(l'x)ﬁ. Now set 1 — z = y then, we need to show N(1 —g)yVN 1 <1 —yV
which is equivalent to showing (1—y")/(1—y) > Ny"~!. But note that (1—y")/(1-y) =

1+y+9y2+.+yV 1> yN 14 +yV-1 since we replaced all the terms with yV~1, which
is the smallest term as y € [0, 1]. This verifies the claim.

N—1 (N-1y —1kgk+1 Nowoo -1
Equation (D.21) further gives, lN'y ( veo C'r )ﬁ%z—) < 1_7(1 —yN) hac A‘Y_
(which is finite for 0 < v < 1) and since T’_"—,y(l - 7‘!17) is monotonically non-decreasing in

N with a finite limiting value, it is bounded for all N. To see the monotonic behavior
1t/ 2N in1/)
1—y -

differentiate w.r.t IV, which gives . To show that this is positive we need to
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show that vV (1+1n((1/4)/V)) < 1. Using In(z) < -1 we get, v//N (1+1In((1/7)/N)) <
YN (1/4)Y/N = 1, hence the above is true. Thus, we get,

N (&N -1\ =1ke*1\ _In(1/y)
i?i(,;( : )(k+1)2’)S T-7 (:22)

Now, using the above simplifications we can re-write (D.18) as,

N-1
R 11—~ 1 N N —1\ —1kakt!
BN (‘“(E>+1—7§( k ><k+1>2 (B-23)

For v € (0,1), the first term within brackets above, grows as In(1) = ©(In(N)) (using
Lemma 16) whereas the second term is bounded (from (D.22)). Hence, for large N, R
can be expressed as,

RP*  1—«

= =~ o) (D-24)

From (5.19) and (D.24) we get the result in (5.21),

194



Bibliography

[1] A. K. Katsaggelos, Y. Eisenberg, F. Zhai, R. Berry and T. Pappas, “Advances in efficient
resource allocation for packet-based real-time video transmission”, Proceedings of the

IEFEE, vol. 93, no. 1, Jan. 2005.

[2] A. Ephremides, “Energy concerns in wireless networks”, IEEE Wireless Communica-

tions, vol. 9, issue 4, pp. 48-59, August 2002.

[3] A.Jalali, R. Padovani and R. Pankaj, “Data throughput of CDMA-HDR a high efficiency
high data rate personal communication wireless system”, IEEE Vehicular Technology

Conf., vol. 3, 2000.

[4] D. Tse and P. Viswanath, FPundamentals of Wireless Communication, Cambridge Uni-

versity Press, 2005.
[6] W. C. Jakes, Microwave Mobile Communications, Wiley-IEEE press, May 1994.

[6] S. Nanda, K. Balachandran and S. Kumar, “Adaptation techniques in wireless packet

data services”, IEEE Communications Magazine, Jan. 2000.

[7] L. Tsaur and D. C. Lee, “Closed-loop architecture and protocols for rapid dynamic
spreading gain adaptation in CDMA networks”, IEEE Proc. of INFOCOM, 2004.

[8] R. Berry, “Power and delay optimal transmission scheduling: small delay asymptotics”,
Proceedings of the International Symposium on Information Theory, July 2003.

[9] R. Berry, R. Gallager, “Communication over fading channels with delay constraints”,

IEEE Tran. on Information Theory, vol. 48, no. 5, May 2002.

[10] B. Prabhakar, E. Biyikoglu, A. El Gamal, “Energy-efficient transmission over a wireless
link via lazy packet scheduling”, IEEE INFOCOM 2001, vol. 1, pp 386 - 394, April 2001.

195



[11] A. El Gamal, C. Nair, B. Prabhakar, E. Uysal-Biyikoglu and S. Zahedi, “Energy-
efficient scheduling of packet transmissions over wireless networks”, Proceedings of the

IEEE Infocom 2002, pp. 1773-1782, 2002.

[12] E. Uysal-Biyikoglu and A. El Gamal, “On adaptive transmission for energy-efficiency
in wireless data networks,” in IEEE Tran. on Information Theory, Dec. 2004.

[13] A. Fu, E. Modiano, J. Tsitsiklis, “Optimal energy allocation for delay constrained data
transmission over a time-varying channel”, IEEE INFOCOM 2003, vol. 2, pp 1095 - 1105,
April 2003.

[14] M. Zafer, E. Modiano, “A Calculus approach to minimum energy transmission policies
with quality of service guarantees”, Proceedings of the IEEE INFOCOM 2005, vol. 1, pp.
548-559, March 2005.

[15] M. Zafer and E. Modiano, “A calculus approach to energy-efficient data transmission

with quality-of-service constraints”, in preparation.

[16] M. Zafer and E. Modiano, “Optimal rate control for delay-constrained data transmis-

sion over a wireless channel”, submitted to IEEE Transactions on Information Theory.

[17] M. Zafer and E. Modiano, “Delay-constrained energy efficient data transmission over
a wireless fading channel”, Information Theory and Applications Workshop, San Deigo,
January 2007.

[18] M. Zafer and E. Modiano, “Optimal adaptive data transmission over a fading channel
with deadline and power constraints”, Conference on Information Sciences and Systems,

Princeton, New Jersey, March 2006.

[19] M. Zafer and E. Modiano, “Continuous-time optimal rate control for delay constrained
data transmission”, 43rd Annual Allerton Conference on Communication, Control and

Computing, Monticello, Sept. 2005.

[20] A. Tarello, J. Sun, M. Zafer and E. Modiano, “Minimum energy transmission scheduling

subject to deadline constraints”, WiOpt 2005, April 2005.

[21] M. Khojastepour, A. Sabharwal, “Delay-constrained scheduling: power efficiency, filter
design and bounds”, IEEE INFOCOM 2004, March 2004.

196



[22] P. Nuggehalli, V. Srinivasan, R. Rao, “Delay constrained energy efficient transmission

strategies for wireless devices”, IEEE INFOCOM 2002, vol. 3 , pp. 1765 - 1772,June 2002.

[23] B. Hajek and P. Seri, “Lex-optimal on-line multiclass scheduling with hard deadlines”,
Mathematics of Operations Research, vol. 39, pp. 562-596, August 2005.

[24] J. R. Jackson, “Scheduling a production line to minimize maximum tardiness”, Re-
search Report 43, Management Science Research Project, University of California, Los

Angeles, CA, 1955.

[25] T. L. Ling, N. Shroff, “Scheduling real-time traffic in ATM networks”, In proceedings
of IEEE INFOCOM 1996, San Francisco, CA, 1996.

[26] L. Miao and C. Cassandras, “Optimal transmission scheduling for energy-efficient wire-

less networks”, IEEE INFOCOM 2006, April 2006.

[27] B. Collins, R. Cruz, “Transmission policies for time varying channels with average
delay constraints”, Proceedings of Allerton conference on communication, control and

computing, Monticello, IL, 1999.

[28] D. Rajan, A. Sabharwal and B. Aazhang, “Delay bounded packet scheduling of bursty
traffic over wireless channels”, IEEE Transactions on Information Theory, , vol. 50, 1,

pp- 125-144, Jan. 2004.

[29] M. Goyal, A. Kumar and V. Sharma, “Power constrained and delay optimal policies .
for scheduling transmission over a fading channel”, Proc. of the IEEE INFOCOM 2008.

[30] M. Zafer and E. Modiano, “Blocking probability and channel assignment in wireless

networks”, IEEE Transactions on Wireless Communications, vol. 5, no. 4, April 2006.

[31] M. Zafer, “Channel assignment algorithms and blocking probability analysis for
connection-oriented traffic in wireless networks”, Masters Thesis, Massachusetts Insti-

tute of Technology, Laboratory for Information and Decision Systems, 2003.

[32] B. Ata, “Dynamic power control in a wireless static channel subject to a quality of

service constraint”, Operations Research 53 (2005), no 5, 842-851.

[33] G. J. Foschini, “A simple distributed autonomous power control algorithm and its

convergence”, IEEE Transactions on Vehicular Technology, 42(4), 1993.

197



[34] S. Grandhi, J. Zander and R. Yates, “Constrained power control”, International Jour-

nal of Wireless Personal Communications, 1(4), 1995.

[35] P. Viswanath, V. Anantharam and D. Tse, “Optimal sequences, power control and
capacity of synchronous CDMA systems with linear MMSE multiuser receivers”, IEEE
Transactions on Information Theory, vol. 45(6), Sept., 1999.

[36] L. Tassiulas and A. Ephremides, “Stability properties of constrained queueing systems
and scheduling policies for maximum throughput in multihop radio networks”, IEEE

Transactions on Automatic Control, vol. 37, no. 12, Dec. 1992.

[37] L. Tassiulas and A. Ephremides, “Dynamic server allocation to parallel queues with
randomly varying connectivity”, IEEE Transactions on Information Theory, vol. 39, pp.

466-478, March 1993.

[38] R. Buche and H. Kushner, “Stability and control of mobile communications systems
with time varying channels”, IEEE Transactions on Automatic Control, vol. 49, 11, pp.
1954-1962, Nov. 2004.

[39] M. Neely, E. Modiano and C. Rohrs, “Power and server allocation in a multi-beam

satellite with time varying channels”, IEEE INFOCOM 2002, vol. 3, pp 1451-1460, June
2002.

[40] M. J. Neely, “Dynamic power allocation and routing for satellite and wireless networks
with time varying channels”, Ph.D. Dissertation, Massachusetts Institute of Technology,
LIDS, November 2003.

[41] M. J. Neely, “Energy optimal control for time varying wireless networks”, IEEE IN-
FOCOM, March 2005.

[42] A.L. Stolyar, “Maximizing queueing network utility subject to stability: greedy primal-
dual algorithm”, Queueing Systems vol. 50, no.4, pp.401-457, 2005.

[43] A. Eryilmagz, R. Srikant and J. Perkins, “Stable scheduling policies for fading wireless
channels,” IEEE/ACM Transactions on Networking, vol. 13, no. 2, pp. 411-424, April
2005.

198



[44] E. Modiano, D. Shah and G. Zussman, “Maximizing throughput in wireless networks

via gossiping”, in Proceedings of ACM Sigmetric, June 2006.

[45] E. M. Yeh and A. S. Cohen, “Throughput and delay optimal resource allocation in
multi-access fading channels” Proceedings of the international symposium on information

theory, May 2003.

[46] R. L. Cruz and A. V. Santhanam, “Optimal routing, link scheduling and power control
in multi-hop wireless networks”, IEEE INFOCOM 2003, April 2003.

[47] C. Hsu, A. Ortega and M. Khansari, “Rate control for robust video transmission over

burst-error wireless channels”, IEEE Journal on Selected Areas in Communications, vol.

17, no. 5, May 1999.

[48] Y. Eisenberg, C. Luna, T. Pappas, R. Berry and A. Katsaggelos, “Joint source coding
and transmission power management for energy efficient wireless video communications”,
IEEE Transactions on Clircuits and Systems for Video Technology, vol. 12, no. 6, June
2002.

[49] A. Goldsmith, “The capacity of downlink fading channels with variable rate and
power”, IEEE Tran. Vehicular Technology, vol. 45, pp. 1218-1230, Oct. 1997.

[50] R. L. Cruz, “A calculus for network delay, Part I: Network elements in isolation” ,JEEE
Transactions on Information Theory”, vol. 37, no. 1, pp. 114-131, Jan., 1991.

[61] R. L. Cruz, “A calculus for network delay, Part II: Network analysis”,IEEE Transac-
tions on Information Theory”, vol. 37, no. 1, pp. 132-141, Jan., 1991.

[52] R. L. Cruz, “Quality of service guarantees in virtual circuit switched networks”, IEEE
JSAC, vol. 13, no.6, pp. 1048-1056, Aug. 1995.

[53] J. Le Boudec and P. Thiran, “Network Calculus”, Springer Verlag, LNCS 2050, 2001.

[54] F. Babich and G. Lombardi, “A Markov model for the mobile propagation channel”,
IEEE Transactions on Vehicular Technology, vol. 49, no. 1, pp. 63-73, Jan. 2000.

[55] H. S. Wang, “On verifying the first-order Markovian assumption for a Rayleigh fading
channel model,” IEEE Transactions on Vehicular Technology, vol. VT-45, pp. 353357,
May 1996.

199



[56] F. Babich and G. Lombardi, “A measurement based Markov model for the indoor
propagation channel,” in Proceedings of IEEE VT(C’97, Phoenix, AZ, May 57, 1997, pp.
7781.

[57) Q. Zhang, S. Kassam, “Finite-State Markov Model for Rayleigh Fading Channels”,
IFEEE Tran. on Communications, vol. 47, no. 11, Nov. 1999.

[58] E. N. Gilbert, “Capacity of burst-noise channel”, Bell Syst. Tech. J.,vol. 39, no. 9, pp.
1253-1265, Sept. 1960.

[59] E. O. Elliott, “Estimates of error rates for codes on burst-noise channels”, Bell Syst.

Tech. J., vol. 42, no. 9, pp. 1977-1997, Sept. 1963.

[60] A. Goldsmith and P. Varaiya, “Capacity, mutual Information and coding for finite

state markov channels”, IEEE Transactions on Information Theory, 1996.

[61) D. P. Bertsekas, Dynamic Programming and Optimal Control, Vol. 1 and 2, Athena
Scientific, 2005.

[62] Hurewicz W., Lectures on Ordinary Differential Equations, Dover Publications.

[63] W. Fleming and H. Soner, Controlled Markov Processes and Viscosity Solutions,
Springer-Verlag, 1993.

[64] M. Davis, Markov Models and Optimization, Chapman and Hall, 1993.

[65] B. Oksendal, Stochastic Differential Equations, Springer, 5 edn., 2000.

[66] D. Luenberger, Optimization by vector space methods, John Wiley & sons, 1969.

[67] T. Cover and J. Thomas, Elements of Information Theory, John Wiley & Sons, 1991.

[68] D. P. Bertsekas, A. Nedic and A. Ozdaglar, Convez analysis and optimization, Athena
Scientific, 2003.

[69] J. Cronin, Differential Equations: Introduction and Qualitative Theory, New York:
Marcel Dekker, Inc., 1980.

[70] W. Rudin, Principles of Mathematical Analysis, McGraw-Hill, 37d edition, Singapore,
1976.

200



[71] E.R. Pinch, Optimal Control and the Calculus of Variations, Oxford University Press,
1993.

[72] M. Andrews, K. Kumaran, K. Ramanan, A. Stolyar, P. Whiting, and R. Vijayku-
mar, “Providing quality of service over a shared wireless link”, IEEE Communications

Magazine, pp. 150-154, Feb. 2001.

[73] M. Zafer and E. Modiano, “Joint scheduling of rate-guaranteed and best-effort services
over a wireless channel”, IEEE CDC-ECC 2005, Seville, Spain, Dec. 2005.

[74] M. Zafer and E. Modiano, “Joint scheduling of rate-guaranteed and best-effort users

over a wireless fading channel”, IEEE Transactions on Wireless Communications.

[75] X. Liu, E. Chong and N. Shroff, “A framework for opportunistic scheduling in wireless
networks ” Computer Networks, 41, pp. 451-474, 2003.

[76] S. Borst and P. Whiting, “Dynamic rate control algorithms for HDR throughput opti-
mization”, IEEE INFOCOM, Alaska, April 2001.

[77] S. Borst, “User-level performance of channel-aware scheduling algorithms in wireless
data networks”, IEEE/ACM Transactions on Networking, vol. 13, no. 3, pp. 636-647,
2005.

[78] Y. Liu and E. Knightly, “Opportunistic fair scheduling over multiple wireless channels”,
IEEE INFOCOM, San Francisco, 2003.

[79] S. Shakkottai and A. Stolyar, “Scheduling Algorithms for a Mixture of Real-Time and
Non-Real-Time Data in HDR”, Proc. International Teletraffic Congress (ITC-17), Brazil,
Sept. 2001.

[80] P. Viswanath, D. Tse and R. Laroia, “Opportunistic Beamforming using Dumb An-
tennas”, IEEE Trans. on Information Theory, 48(6), June, 2002.

[81] P. Liu, R. Berry and M. Honig, “Delay-Sensitive Packet Scheduling in Wireless Net-
works”, IEEE WCNC, New Orleans, 2003.

[82] M. Nakagami, “The m-distribution - A general formula of intensity distribution of
fading,” Statistical Methods in Radio Wave Propagation, W. C. Hoffman, Ed. London,
England: Pergamon, 1960

201



[83] H. Kushner and G. Yin, “Stochastic approximation algorithms and applications”,
Springer, New York, 1997.

[84] Gradshteyn I.S. and Ryzhik I.M., “Table of Integrals, Series and Products”, Academic

Press,

[85] G. R. Grimmett, and D. R. Stirzaker, Probability and Random Processes, 3rd ed. New
York, Oxford University Press, 2001.

[86] R. G. Gallager, Discrete Stochastic Processes, Kluwer Publishers, 1995.
[87) Kushner H., Stochastic Stability and Optimal Control, Academic Press, NY, 1967.

[88] Kushner H., Dupuis P., Numerical Methods for Stochastic Control Problems in Con-
tinuous Time, Springer-Verlag, 1992.

202



