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Abstract

We study the issue of designing a downlink scheduling policy for a cellular network with base
station antenna arrays. We derive an optima scheduling policy that achieves the throughput region,
which is a set of feasible arrival rate vectors that can be stabilized by some scheduling policy. Then,
based on the structure of the derived optimal policy whose complexity increases exponentialy with
the number of users in the system, we propose two heuristic scheduling agorithms with much lower
complexity. We demonstrate that our proposed algorithms perform much better than other heuristic
agorithms that do not take into consideration the physical layer constraints and/or queue lengths in the

sense that they have a larger throughput region than other heuristic algorithms.
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. INTRODUCTION

Wireless communication has been going through a rapid transition from the traditional circuit
switched voice services to packet switched data services during the past decade. Increasing
demand for fast wireless access and high-speed wireless links and the advent of wireless appli-
cations such as wireless multimedia that demands certain quality-of-service (QoS) guarantees,

have stimulated much research in wireless communication.



New network architectures and protocols are proposed to support data applications in wireless
networks. A typical architecture in many of current wireless systems, especialy cellular networks
(e.g., UMTS, cdma 2000), provides wireless access to mobile users through access points (APs)
or base stations (BSs) that are connected to the core network. The most chalenging task in
designing these communication systems is to support QoS guarantees to various data applica-
tions on wireless channels with limited bandwidth and time varying characteristics. There exist
different notions of QoS at different communication layers. For instance, the QoS at the physical
layer may be given as certain signa to interference and noise ratio (SINR) or a corresponding
bit error rate (BER) at the receiver. At the MAC layer the QoS is typically expressed in terms of
achievable bit rate or packet error rate (PER), while at the higher layers the QoS can be perceived
as a minimum throughput and/or maximum delay requirement. The ability of a network to satisfy
such QoS requirements and enhance the system capacity depends on the interaction/cooperation
of several layers. As a result, a joint design of protocols for two or more layers can lead to
significant improvement in overall network performance. This paper provides an example where
ajoint design of physical layer and MAC scheduling algorithms offers a significant improvement
in network throughput/capacity.

A wide spectrum of approaches have been proposed to reuse the communication resources
in time, frequency and/or space domain, to provide the QoS guarantees to mobile users and to
improve wireless network capacity. Among these approaches, the application of antenna arrays,
which exploits the spatial diversity of mobile users, is considered a more promising one and the
last frontier for future capacity improvement of wireless networks. Thisis due to the beamforming
capability of the antenna arrays that can form the beam pattern directed to a desired user while
nulling out the others. This greatly reduces co-channel interference at the receiver(s), and spatially
separable users can share the same channel with their QoS requirements satisfied.

Previous research on application of antenna arrays in cellular environments can be categorized

into two classes. The first class of research is on the physical layer; given a set of users, the



problem is to design optimal agorithms to calculate the beamforming weights for each user.
The problem is often modeled as an optimization problem, where the objective is to minimize
the total transmission power subject to the minimum SINR constraint for each user [3], [14].

The second class of research is on the MAC layer with consideration of physical layer user
separability constraints. The goal of this approach is, given a set of users, to place as many users
on the same channel as possible and compute the beamforming weights for each selected user
subject to the SINR constraint. This helps maximize the (instant) throughput of the network.
This problem is also studied with other multi-user access schemes such as TDMA, OFDM and
CDMA [5]. All of these studies, however, assume that users are modeled as infinite sources
where there is always a packet to be served at the queue for each user. Mgor drawbacks of
these works are the limitation of the focus on instant total throughput maximization and the lack
of consideration of upper layer QoS requirements for individual users. Thus, the assignment of
users on a channel only reflects the feasibility at the physical layer, but not the current buffer
occupancy or traffic demand of each user. This separation of physical layer algorithms and upper
layer QoS requirements leads to degradation of overall system performance.

In this paper we study the problem of designing a scheduling algorithm with BSs that are
equipped with an antenna array. We first consider the case where a central controller handles
multiple BSs serving a set of users. In this case packets arrive at the central controller for
transmission to mobile users. We model the system as a queueing system with multiple parallel
servers, and the physical layer constraints are imposed on the selection of users that can be
served in each timeslot. Instead of a policy that maximizes instant throughput, we identify an
optimal scheduling policy that stabilizes the system if it is stable under some policy. The user
throughput requirements are satisfied under this optimal scheduling policy and, hence, the long
term total system throughput is maximized.

Similar queueing systems have been used to model other scenariosin [1], [6], [10], [19], [20],

and were first proposed in [19] for a multi-hop radio network. They derive an optimal policy



of similar form (based on maximum weighted queue size). However, the complexity of these
optimal scheduling policies increases exponentially with the number of users/queues, and no
practical sub-optimal scheduling policy is proposed. In this paper, we follow a similar approach
asin [10], and propose two scheduling policies with significantly lower complexity that achieve
sub-optimal performance for our problem. In fact, the first proposed scheduling algorithm has
linear complexity.

Some of our preliminary work is presented in [15]. However, the performance evaluation
reported in [15] was carried out using a simple heuristic beamforming algorithm, assuming all
transmissions are successful. In this paper we use an optimal beamforming algorithm proposed
in [17] and explicitly model the events of successful transmissions based on the achieved SINR
values at the scheduled users and link curves. Most importantly, in [15] we consider a multiple
cell network under centralized control and do not study the performance of our agorithms in
multiple cell networks where resource allocations are carried out by the BSs in a distributed
manner without coordination. In such an environment the inter-cell interference caused by other
co-channel cells at a scheduled user is unknown in advance. As a result the traditional approach
of aiming to achieve some target SINR at the scheduled users, which is the same approach taken
for our single cell network study, is no longer feasible.

Understanding the effects of the unknown inter-cell interference on the performance of the
beamforming and scheduling algorithms is crucial as many of the wireless service providers
are currently interested in moving the intelligence from a central resource manager (e.g., radio
network controller (RNC)) to the edge of the network (e.g., BSs) in order to handle the increasing
complexity of the resource allocation algorithms and to reduce the delays in channel estimation
between the BSs and the central resource manager. In this paper we adopt a beamforming
algorithm we propose in [16] (summarized in subsection VI-B in this paper). This algorithm is
a modification of the beamforming algorithm proposed in [17] and provides guaranteed average

PERs to the users in the presence of unknown inter-cell interference. Using this beamforming



algorithm we investigate the performance of our proposed scheduling algorithms and the degra-
dation in network performance due to the unknown inter-cell interference in Section VII. We
also carry out a study on the effects of the inter-cell interference on network performance and
spectral efficiency under different reuse patterns.

This paper is organized as follows. In Section Il we describe the problem of designing an
efficient downlink scheduling algorithm with base station antenna arrays, and derive an optimal
scheduling policy based on feasible rate vectors. In Section |11 we describe the single cell network
model, which is followed by our proposed heuristic algorithms that approximate the optimal
scheduling policy with lower complexity in Section 1V. Simulation results of the proposed
algorithms in a single cell network are given in Section V. Section VI describes a multi-
cell network model and beamforming algorithms that handle random inter-cell interference in
such environments, followed by simulation results of the proposed algorithms in a multi-cell

environment in Section VII. We conclude in Section VIII.

[1. OPTIMAL DOWNLINK SCHEDULING

In this section we consider the case where a centralized control agent carries out scheduling
and beamforming for multiple BSs serving a set of users. We define an achievable rate vector and
a throughput region, and present an optimal scheduling algorithm that can achieve any interior

point in the throughput region.

A. System model

We consider a wireless network that consists of several BSs. Each BS is equipped with an
antenna array so that several users can be served simultaneously. These BSs are coordinated by
a single central controller. Mobile users in the network are able to receive data packets from
any of these BSs. However, at any given time, a mobile user can receive data packet(s) from at
most one BS. We assume a time dlotted system where the transmission time of a packet equals

the duration of a timeslot when the lowest transmission rate is selected. In each timeslot, the



central controller collects the information regarding the wireless channel conditions of each user
to different BSs. Based on this information and the number of backlogged packets of each user,
the central controller makes a scheduling decision for the timeslot. The scheduling decision made
by the central controller includes assignment of BSs to the users and the transmission rate of
each user, and the calculation of the beamforming weights for the selected transmission rates.
The system architecture under study is depicted in Fig. 1. User packets enter the scheduling
module at the central controller, which determines the assignments of BSs and transmission rates.
Beamforming and power adaptation are subsequently carried out for scheduled users. Scheduling
and beamforming are interdependent operations that depend on network state (i.e., queue sizes)

and channel state information, which is assumed to be available at the central controller.

Antennal |
3 Beamforming !
! fand power |Antenna2 !
| /| adaptation ’ i

AntennaM ;

D T T N " Base station 2

i Central Controller : . :
! Queue length and ! \ Y |
i channel informa[io% ' | Antennal

3 Beamforming

— 11 L |dpouer AnEaZ |
' | f adaptation ) |
' 1T Base et Beamforming and) | ' :
| feal ion power adaptation | !
: : :ﬂoéale [ | calculationfor AntennaM
. ion echuser | 1 S
3

f Base station |
Antenna 1 ;
1\ | Beamforming !
' \and power |Antenna2 |
| | adaptation . '
AntennaM |

Fig. 1. The multiple cellular communication system.

B. Problem statement

The network consists of I BSs shared by .J mobile users. We denote the set of BSs by

Z = {1,...,I} and the set of users by J = {1,...,J}. There is a centra controller that



coordinates the operation of the I BSs. Each BS is equipped with an AM/-element antenna array.
Several transmission rates are available at the BSs based on the channel conditions. The set of
available transmission rates is denoted by V. We assume that each transmission rate is a positive
integer number. If rate v € V is chosen, up to v packets can be transmitted in one timeslot,
depending on the number of packets waiting for transmission. We denote |V| = V.

Packets arrive at the central controller for transmission. The central controller maintains a
separate queue for each user. Let a;(t),7 = 1,2,---,J and ¢t = 0,1,---, denote the number
of packets that arrive at queue j in timeslot ¢. We assume that a;(¢),t = 0,1,2,..., are given
by independent and identically distributed (i.i.d.) random variables (rvs) with a finite second
moment, i.e., E [a;(t)?] < co.! The average arrival rate of user j, E[a;(t)], is denoted by A;.
We call the vector of the average arrival rates of the users, A = (A, A,,---, A;)T, an arrival
vector.

We assume that the central controller has perfect channel information of each user to the BSs.
In each timedlot, the central controller (i) assigns the BSs to the users, (ii) computes transmission
rates of scheduled users, and (iii) calculates the beamforming weights of the scheduled users.
A scheduling decision by the central controller can be expressed as an I x J matrix R = [r;]
where the element r,; e VU {0},i=1,---,I,and j =1,---, J, is the transmission rate of BS
i to user j. However, a rate matrix R can be selected for transmission by the central controller
only if it satisfies certain physical layer constraints described below.

For data traffic, in order to maintain reasonable performance at higher layers the PER at the
physical/link layer needs to be kept fairly lower. This PER requirement demands that the SINR
at each receiver be above some threshold value. A rate matrix is feasible if and only if (i) each
user receives packets from at most one BS and (ii) SINR requirement is satisfied for every user.
Note that the feasibility of a rate matrix depends on the target PER that determines the SINR

The results in this paper can be easily extended to the case where the arrival processes are given by an ergodic Markov

chain.



requirement for each user.

We model the channel process for all users as afinite state ergodic Markov chain (MC) with a
stationary distribution 7. Each channel state is associated with a set of feasible rate matrices. In
other words, a state of the MC specifies the set of all feasible rate matrices that can be selected
for transmission given the channel conditions of the users. The state space of the MC is denoted
by S. The problem we are interested in is one of finding a scheduling policy that selects a
feasible rate matrix given the queue sizes and channel state in each timeslot, so that the system
is stable whenever possible under some policy. In this paper we only consider stationary policies,
i.e., the scheduling decisions do not depend on timeslot ¢, but only on the channel state S(¢) and
the queue sizes X () := (21(t),...,2s(t))", where z;(t) is the number of backlogged packets
in queue j at the beginning of timeslot ¢. A stationary scheduling policy can be viewed as a
mapping that assigns to each pair (X, S) € Z7 x S of queue sizes and channel state a probability
distribution on the set of feasible rate matrices for the given state S, where Z, := {0,1,...},
where the probability assigned to a feasible rate matrix is the probability the policy will select

the rate matrix for transmission given S(¢) and X(t).

C. Throughput region

In this subsection we first define a stable arrival vector and then characterize the throughput
region.
Definition 1: An arrival vector A is said to be stable if there exists a scheduling policy such

that

1 t
Clmlimsup—Zl[Ij(T)>c] =0, fordlj;j=1,2,---,J. Q)
T=1

Lt

If a scheduling algorithm satisfies (1), then we say that A is stable under the scheduling policy.
The throughput region, denoted by A, is defined to be the closure of the set of stable arrival
Vectors.

The following proposition characterizes the throughput region A.



Proposition 1: A necessary and sufficient condition for an arrival vector A to belong to A,

is that there exists a scheduling policy that achieves

A<D:= > ws Y csrR"1(1 — PER) 2
Ses RecS

where cgr, S € S, R € S, are nonnegative numbers such that > gc.scsg =1 foral S € S.

Proof: A proof is provided in Appendix | [ |

D. Optimal scheduling policy

In this subsection we describe an optimal scheduling policy that satisfies (1) for every A €
int(A), where int(A) denotes the interior of the throughput region A. In particular, we consider
the following scheduling policy: Given backlog vector X (¢) and channel state S(t), the rate

matrix selected by the scheduling algorithm is given by

_ T(RT
R(t) —aranel%}(ct)X(t) (R™ 171) - (3)

Ties are assumed to be broken arbitrarily.

The following proposition establishes the (throughput) optimality of the scheduling policy
given by (3).

Proposition 2: Suppose that A € int(.A). Then, the system is stable under the scheduling
policy given by (3).

Proof: A proof is given in Appendix II. [ |

In fact, in the proof we prove that any stationary scheduling policy that selects the rate matrix
argmaxres( X(t)TE2(RT 1;41), where E = diag(¢;, j € J) and §; > 0, isathroughput optimal
policy and the system is stable if the arrival vector A € int(A).

In this section we have considered scenarios where a centralized controller carries out the
scheduling and beamforming for multiple BSs serving a fixed set of users, and derived an

optimal scheduling policy. The derived optima scheduling policy, however, does not yield a
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practical implementation as it requires searching through all feasible rate matrices given the
current channel state and identifying the one that maximizes the inner product given in (3).

A natural question that arises is how one can design more practical scheduling algorithms
based on the optimal scheduling policy. In the following sections, we assume that each user is
associated with the closest BS, i.e., static BS assignment, and investigate the issue of designing
practical scheduling algorithmswith an antenna array at the BS(s). We will first consider asimple
case of single cell networks in Sections 111 and V, and then discuss multiple-cell environments
in Sections VI and VI1. In the case of a multiple-cell network, a receiving user experiences inter-
cell interference from co-channel cell BSs that share the same frequency spectrum. Therefore, a
BS needs to compensate for this random inter-cell interference experienced by a receiver when
computing beamforming weights and transmission power of a scheduled user. This issue will be

discussed in Section VI.

1. SINGLE CELL NETWORK MODEL

In this section we first describe the channel models used in our study and then present the

optimal beamforming algorithms to be used in our study of single cell networks.

A. Single cell channel model

In this subsection we describe the wireless channel model for a single cell network with a cell
radius of R. A BSislocated at the center of the cell and transmits packets to N users uniformly
distributed in the cell. In each timeslot, the BS schedules a set of users for transmission, and
calculates their beamforming weights and transmission powers.

The BS is equipped with an antenna array, where M antenna elements are uniformly located
on a circle of radius . The multi-path channel between a given user and the m-th antenna
element of the BS is expressed as h™(t) = %, g0 6 (t — 7, — 77*), where L is the number of
paths, g, is the complex gain of the /-th path, and 7, is the delay of the /-th path with respect

to the first antenna element with m = 1. The gain g, is a complex rv with zero mean and
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variance A,. The term 7" = (r/c)(cos 0y — cos(2m(m — 1)/M — 6,)) captures the delay to the
m-th antenna with respect to the first antenna, and 6, is the angle of arrival of the /-th path of
the user, and ¢ is the electro-magnetic wave propagation speed. We assume each path results
from the reflection by a scatterer, and L scatterers are distributed within a circle of radius R’
centered at the user and are uniformly distributed both in distance and in angle with reference
to the user.

The signal received by the user from the BS is given by

M L
y(t) = vp 3 w™ Y g e s(t = m)
=1

m=1

where p is the transmission power, w™ is the beamforming weight of the m-th antenna element,
and s(t) is the signal. Note that we implicitly assume that 7, > 7, and the sum 7, + 7" ~ 7.
Beamforming vector w = [w', w?,-- -, wM|" satisfies w”w = 1. The M x 1 antenna steering
vector v(f,) at direction 6, is defined to be [e“™"; m = 1,..., M], where w is the carrier
frequency. If we assume that all paths are independent, the expected received signal power is

given by

L

. {ﬁ > w™ Y ge € s(t =)

2
where H = S5, Apv(0,)vH(6,). Thisis because E [gglgz‘z] equals A, if ¢; = {5 and O otherwise
from the assumption E [g,] = 0. The matrix H is called a spatial covariance matrix and in genera
has a rank larger than one.

For time varying channels, the variance of the channel gain { A,(¢);t = 1,2, ...} isastochastic
process. We consider temporally correlated shadow fading plus Rayleigh fading channel model
in this paper. Therv A,(t) = (s¢(t) fo(t))?/d5, where s,(t) and f,(t) are sequences of log-normal
and Rayleigh rvs, respectively, accounting for slow shadow fading and fast fading. The variable
d, denotes the distance from the BS to the user along the /-th path and « is the path loss

exponent. The sequence of rvs {s,(t)} = {e"®}, where {r,(t)} is a sequence of Gaussian rvs
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generated from ry(t + 1) = (1 — p)re(t) + p - we(t) using i.i.d. Gaussian rvs {u,(t)} with zero
mean, and { f,(¢)} is a sequence of i.i.d. Rayleigh rvs.

We denote the spatial covariance matrix of user j as H;. The SINR of user j, denoted by
SINR;, is given by S;/(I;""* + n?), where S; and I;""* are the signal power and intra-cell
interference received by user j, respectively, and nf is the noise power at user j. Let A/ be the

set of co-cell users. Then, the signal power S; and the intra-cell interference 1 j"“"“ are given by

Sj=p; (WijWj) and I =3 p (W/?Hﬂ'wk) )
keN
=

where p; and w; are transmission power and beamforming vector, respectively, for user j € N.

B. Optimal beamforming algorithms

In this subsection we briefly summarize a downlink beamforming algorithm proposed in [17].
This agorithm equalizes the ratios of the achieved SINRs to some target SINRs (called relative
SINRs) in a single cell under the assumption that the noise power at each user is constant
and is available to the BS. It consists of two phases; in the first phase, the minimum relative
SINR among the scheduled users is maximized (Algorithm 1). This is equivalent to finding the
largest common relative SINR »* under a power budget constraint ||p||; = Ppe., Where p is the
transmission power vector. Here || -||; denotes L' norm. Let W = {w;, j € U } be the ensemble
of beamforming vectors, where ¢/ is the set of scheduled users and |//| = U, and +y; denotes the
target SINR of user j. A set of users can be scheduled with their respective SINR requirement

satisfied if 7 > 1, and a set of users that satisfies this condition is called a feasible set.

ALGORITHM |: FEASIBILITY (Prnaz; Hj,n‘]z.,fyj, Vi eU)

STEP 1: Set n = 0! q(0> = [07 : 'aO}Ty and )\522190 = OQ.
STEP 2: While 1, do
e Setn <« n+ 1. Solve a set of U generalized eigenproblems:
Wf’)fljwj'

(n) _ :
w./ =arg max —m————————— ,  VjeU 4
J llw;[|=1 Wi R;(a=1)w;
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where #; = H;/n3, and Rj(a™=V) = 37, oy q,(fn_l)ftk + I with I being the M x M identity matrix. The solutions to
the above generalized eigenproblems are given by the dominant generalized eigenvectors of the matrix pairs ﬁj, Rj (q(”—l))] for all
JjEU.

(n) (n) (n)

e Find the largest eigenvalue Ayya,, of A(W (™), Pra,) and the corresponding eigenvector o) of the form qi; = [q(™); 1], where

AW, Prnaa) = D(W)¥T (W) D(W)o
T 21T DwW)e (W) - 1TD(W)e |

Prmaz maz

1=[1 - )7, D(W) = diag{mi /(W Hiw1), -,y /(Wi Howo) b, o = [n3,- 03] T, ®(W) = [15,4,5 € U], and the
interference caused by user j to user ¢ per unit power v;; = WJH’;’-Lin ifi#jandy;; =0if i =j.

o IFATSD M < break.

STEP 3: If /\5,?,2lc <1, i.e., the set of users can be scheduled in the same timeslot, output 1. Otherwise, output 0.

It is shown [17] that the sequence of eigenvalues {\(") 1 is monotonically decreasing and

max

converges to the global minimum \* | which is related to the maximum common SINR ratio

max?

n; by the relation n; = (min Az (A(W, Praz))) ™t = (A5, )7

max

The second phase of the algorithm attempts to minimize the total transmission power subject

to SINR requirement given a feasible set (Algorithm 11).

ALGORITHM Il: MINIMIZE_POWER(Praz; Hj,nJZ,ryj, Vi € U)
STEP 1: Set n =0, and ¢(® = [0,---,0]%.
STEP 2: While 1, do
e Setn <« n+ 1. Solve a set of U generalized eigenproblems defined in (4).
e Compute q(®) = (I - D(W™)ET (W)~ D(W ™)1,
o If [la™=D|l1 —[la™]1 <e, bresk.
STEP 3: Compute the optimal downlink transmission power vector given by pi™) = (I — D(W ) &(W (™))~ 1D(W )1,

STEP 4: Output p(™), W),

V. PROPOSED ALGORITHMS

If the user channels are time invariant, i.e., constant, the optimal policy described in Section |1-
D can be adopted. In other words, each BS may be able to exhaustively search through all possible
transmission rate vectors off-line, and select the solution to (3) in each timeslot. However, when

channels vary with time, this exhaustive search becomes too computationally expensive and
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impractical, if not impossible. This is because the number of possible rate vectors is given by

cozi@)vf:(VH)N—l, ()

=1

which increases exponentially with the number of co-cell users V. Hence, we turn to the problem
of designing heuristic algorithms that will perform well and demand much lower computational

reguirement.

A. First Proposed Algorithm

Although the optimal policy in (3) does not lead to a practical algorithm, it suggests that a good
policy should attempt to give higher priority to users with larger queue sizes. This observation
is intuitive in the sense that in order to maintain the stability of the system, there should be
a balance between (i) maximizing instantaneous system throughput and (ii) keeping the queue
sizes from growing without a bound. Therefore, the optimal policy considers the inner product
of two vectors, namely X(¢) and R”'1;,,, where the first term is the queue size vector and the
latter represents the transmission rate of each user.

A heuristic algorithm that attempts to mimic the behavior of the optimal policy can order
the users based on either (i) the transmission rates they can achieve given the current channel
state or (ii) queue sizes. The first approach is problematic as the achievable transmission rates
of the users depend on the set of scheduled users and it requires searching through all possible
feasible rate vectors. Hence, in our first heuristic algorithm we order the users according to
their queue sizes and give higher priority to users with a larger queue. More specificaly, the
algorithm starts with the user with the longest queue, and tries to schedule the users sequentially
in decreasing order of their queue lengths. Each new user is alocated the highest possible rate
such that the SINR requirement is satisfied with the new rate vector. However, when we insert
users into the channel sequentially according to their queue lengths, it is possible that a user
already scheduled for transmission prevents a number of other users from accessing the channel

because the necessary spatial separability cannot be provided. Therefore, in order to improve
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the performance of the system further and maintain linear complexity, we will consider several
candidate rate vectors and select the one that maximizes (3). More specifically, we will consider
P rate vectors out of all possible rate vectors. Clearly, this subset of candidate rate vectors should
consist of the rate vectors that are more likely to maximize (3).

We explain how we generate this subset of candidate rate vectors to be considered. Suppose
that we form an ordered list of users by decreasing queue size. In order to generate the p-th
candidate rate vector, p = 1, ..., P, of the subset, we first move the p-th user in the list to the
head of the list. Then, starting from the head of the list, go down the list sequentially and insert
one user at a time using the largest rate that is allowed while maintaining the rates and required
SINR values of the previously scheduled users. Note that in some cases, a user may need to be
skipped because the user may not be compatible with other users already scheduled. Once the P
candidate rate vectors are generated, out of these rate vectors we select the one that maximizes

(3). The pseudo-code of this algorithm is provided below.

ALGORITHM I11: HEURISTIC1( x; (t), Vj € N)

STEP 1: Initialize R = 0.
STEP 2: For p =1 to P, do
e Form alist K of users as follows: Insert the user with the p-th largest queue size at the head of the list, and insert the remaining users
by decreasing queue size.
e Initialize the rate vector r = 0 and the set of scheduled users U = 0.
e While |[K| # 0, do
o flag =0.
o Schedule the user at the head of the list, denoted by 7, K =K\ {j*}, U =U U {j*} and V1 =V
o While V; # 0 do
% Um = max{Vi}, 7jx =vm, V1 =V1 \ {vm}.
* |f FEASIBILITY (Praa; Hj,n‘]?,vj, Vj e U) =1, flag =1 where v; is the target SINR for Vj € U, break;
o If flag=0,7j+ =0and U =U \ {5*}.
e R=RUr.

STEP 3: Among the rate vectors in R, select ro = arg maxyer Z;\;l rjx;(t).

STEP 4: MINIMIZE_LPOWER(Ppaz; Hj,n‘j,vj,Vj eu)
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The complexity of HEURISTIC_1 scheduling agorithm is O(PNV'), and hence it increases

linearly with both the number of candidate rate vectors P and the number of users V.

B. Second Proposed Algorithm

The optimal scheduling policy (3) is not suitable for implementation because its complexity
increases exponentially with the number of users as mentioned earlier (see eg. (5)). However, in
order to prevent the complexity from increasing with the number of users, in each timeslot an
algorithm can first choose a subset of a fixed number of users to be considered for scheduling
in the timeslot and then carry out the exhaustive search in (3) on the selected users. In other
words, the algorithm will mimic the behavior of the optimal policy on a smaller set of users
that are selected and do not consider the remaining users for scheduling in the timeslot. To be
consistent with the observation that a higher priority should be given to users with larger queue
sizes, we select K users with largest queue lengths. Then, an exhaustive search is conducted
for al the feasible rate vectors on this subset of users, and the rate vector that maximizes (3) is

selected. A pseudo-code of the proposed algorithm is provided below.

ALGORITHM IV: HEURISTIC_2( z;(t), Vj € N)

STEP 1: Initialize R = 0.
STEP 2: Select the K users with largest queue lengths. We denote this set of users as K.
STEP3: LetS={r:r; € VU{0}ifj€ K,r; =0ifj¢ K }.
STEP 4: For eachr € S do
e U={j:jeK,r; >0}
o If FEASIBILITY(Pnaz; Hj,n]?,'yj, VieU)=1,R=RUr.

STEP 5: Among the rate vectors in R, select ro = arg maxyer Zj,vzl rjx;(t).

STEP 6: M|N|M|ZE_POWER(Pmaz;Hj,nfﬁj,vj e )

The complexity of HEURISTIC_2 algorithm is O(X 5, (f,j)vk) = O((V +1)¥), and thus the

complexity of the algorithm increases exponentialy with the size of the subset K.
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V. PERFORMANCE EVALUATION OF A SINGLE-CELL NETWORK

In this section, we evaluate the performance of the proposed heuristic scheduling algorithmsin
a single cell network, using simulations. We first describe the simulation setup, and then present

the numerical results.

A. Simulation setup

1) Wireless channel model: The parameters used in the ssimulation for modeling wireless

channels are listed in Table I, where A is the wavelength of the carrier electro-magnetic wave.

Pros 10" PER¢arget 2%

10 M 4 r A

R 1000 R 100 L 6

K 3.5 p 0.1 E [ue(t)] 0

E [ro(t)’] —E[r(t)] | 1.07 || E[f:(t)’] 1 || E[f®)’]-E[f®)] | 1

TABLE |

PARAMETERS USED IN PERFORMANCE EVALUATION OF SCHEDULING ALGORITHMS

2) Transmission rate: We assume that the BS can transmit packets to a user using either a
low transmission rate or a high transmission rate. When a low (resp. high) transmission rate is
used, one (resp. two) packet is transmitted in a timeslot. The adopted link curves for both the
low and high transmission rates are shown in Fig. 2. These link curves give the probability of
a packet transmission resulting in error as a function of achieved SINR, i.e., PER.

3) Traffic load: In our experiment, we generate an N x 1 random vector a. The arrival rate
vector A = s-a where s is a parameter used to scale the arrival rate. Traffic load is defined as
|A|l; = X7, A;. Since it is difficult to characterize the throughput region using simulations,
instead we observe the average delay experienced by the packets with increasing traffic load.
Typically when the system loses stability there is a sharp increase in the average delay at some

point (called the knee) due to the instability.
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Fig. 2. The linkcurves for low and high transmission rates

B. Numerical results
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Fig. 3. Average packet delay vs. traffic load for HEURISTIC_1 agorithm for a single cell

In Fig. 3 we show the performance of HEURISTIC_1 agorithm for different values of parameter
P. Note that the average delay experienced by packetsis similar for P = 1 and 2. Thisis because
users are more spatialy separable in asingle cell network when there is no inter-cell interference,
and most of the times first two users with the largest queues can be scheduled with the high

transmission rate (2 packets). This can be seen from Fig. 3 since the knee lies right around traffic
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load of 6 (larger than 4 = 2 users x 2 packets). Hence, changing the order of the first two users
with the largest queue sizes yields similar rate vectors and does little to increase the number
of distinct candidate rate vectors. As a result increasing the number of candidate rate vectors
from 1 to 2 does little to reduce the average delay. However, when P is further increased to 3,
the maximum stable traffic load (or the knee) increases. This is due to the fact that the subset
of candidate rate vectors expands when we first schedule the user with the third largest queue,
which otherwise may not be scheduled with high transmission rate (2 packets) when the users
are considered in the order of their queue sizes. This can be inferred from the fact that with
P =1 or 2 the knee lies dlightly to the left of 6 in Fig. 3, indicating that the third user may not
always be scheduled with high transmission rate, especially when a fourth user is also scheduled.
Hence, this introduces an opportunity to generate a candidate rate vector quite different from
those generated by considering only the first two users with high transmission rate. For a similar
reason, the maximum stable traffic load increases with P = 4, 5, and 6 (compared to P = 3).
When the value of P isincreased beyond 6, the average delay (and hence the maximum traffic
load that can be handled without losing stability) does not change much. We suspect that this
is due to the fact that the additional candidate rate vectors generated schedule a user with a
much smaller queue size and hence the inner products in (3) of these additional candidate rate
vectors are smaller than those of previously generated candidate rate vectors that schedule users
with larger queue sizes. The maximum stable traffic load of HEURISTIC_1 scheduling algorithm
with P =1 (resp. P = 6) is approximately 91 percent (resp. 96 percent) of that of the optimal
scheduling algorithm as shown in the figure.?

For the purpose of comparison, we also evaluate the performance of two other algorithms
that do not use the queue length information. The first algorithm, called HEURISTIC 3, assigns
a credit ¢; to each user, for example, based on the class of service requested by the user, and

2Although the plotted average delay of the optimal policy does not increase significantly after the load of 6.7, this is due to

the limited simulation run, and increasing the smulation duration results in much larger delays.
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keeps track of the throughput 7);(¢) of the users. In each timeslot the users are scheduled in
increasing order of their ratios of throughput to credit 77;(¢)/c;. Since the user with the smallest
normalized throughput 7 (t) /¢, is selected for scheduling in each iteration, the algorithm neither
takes the queue sizes into account nor attempts to maximize the instant system throughput. In
the simulation the credits of the users are set to their arrival rates.

The second algorithm, called HEURISTIC_4, only considers the physical layer separability
of the users and attempts to maximize the instantaneous throughput of the system in each
timeslot without considering the queue sizes [5]. Users are scheduled in the following sequential
manner: In each iteration, starting with the highest transmission rate, for each unscheduled
user we compute the common relative SINR of the already scheduled users and the user under
consideration (using Algorithm ). If thereis at least one user that can be scheduled at the selected
rate, we select the user that maximizes the common relative SINR. Otherwise, we reduce the
transmission rate and repeat the procedure. If no user can be scheduled, we stop. The basic
idea behind this algorithm is to schedule a user that is most likely to alow more users to be
scheduled in subsequent iterations.

The complexity of HEURISTIC_4 agorithm is O(M NV') when the algorithm is terminated after
scheduling at most M users. However, in practice the computational requirement of HEURISTIC 4
algorithm is much higher than that of HEURISTIC_1 agorithm. Thisis due to the fact that unlike
HEURISTIC_4, HEURISTIC_1 agorithm typically does not need to search through all eligible
users for generating a candidate vector and searching through 4-5 users (instead of V) is often
sufficient. Hence, when NN is large, HEURISTIC_1 algorithm requires much lower computation.

The average packet delay under these algorithms is plotted in Fig. 3 as well. As one can see
from the plot, the maximum traffic load that can be accommodated under HEURISTIC_3 algorithm
is only about 55 percent of that of the optimal scheduling policy, which is considerably smaller
than that of HEURISTIC_1 agorithm. The performance of HEURISTIC_ 4 is better than that of

HEURISTIC_3, but is considerably worse than that of HEURISTIC _1 algorithm with P = 4 despite
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its higher computational complexity. The poor performance of these algorithms is due to the fact

that the current queue lengths of the users are not considered for scheduling.
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Fig. 4. Average packet delay vs. traffic load for HEURISTIC_2 agorithm for a single cell

We also evaluate the performance of HEURISTIC_2 agorithm, which is plotted in Fig. 4. As
expected, the maximum stable traffic load increases with K, the size of the subset of users
considered for scheduling in each timeslot. Since there are 10 users in the system, the algorithm
with K = 10 is the optimal policy because all feasible rate vectors formed by all users are
considered. The maximum stable traffic load for K = 4 is about 87 percent of that of the
optimal scheduling policy in this example.

One thing to keep in mind is that since HEURISTIC_2 algorithm considers al possible rate
vectors with a subset of K users, the complexity of the algorithm even for K = 5 is higher than
that of HEURISTIC_1 algorithm with P = 6. Therefore, these ssimulation results of a single cell
network indicate that HEURISTIC_1 algorithm may be preferable to HEURISTIC 2 algorithm as

it outperforms HEURISTIC_2 agorithm with lower complexity.

V1. MULTIPLE CELLS NETWORK MODEL

In the previous sections we have considered a simple case where there is only one cell in

a network. In practice, in order to improve the spectral efficiency of the cellular system, the
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available spectrum is reused in multiple cells, which are called co-channel cells. Since the same
frequency band is used in more than one cell, these co-channel cells cause inter-cell interference
at the usersin other cells. Therefore, for athorough evaluation of the performance of our proposed
algorithms, we need to evaluate their performance in the presence of inter-cell interference that
reduces the spatial separability of the users as will be shown shortly.

In this section we first describe the network model with multiple cells that we use for our
study (subsection VI-A), and then introduce a beamforming agorithm we proposed in [16] for
computing the beamforming weights and transmission powers of scheduled users in the presence

of random inter-cell interference (subsection VI-B).

A. Multi-cell channel model

We consider a network consisting of 7 co-channel cells shown as the shaded cellsin Fig. 5. The
co-channel cells of a cell can be found by (1) moving x cells along any chain of hexagons, (2)
turning 60 degrees counter-clockwise, and (3) moving y cells ([13, p. 28]). A total of 22 +xz-y+y?
cells share the available spectrum. We call this pair (z,y) the reuse pattern. The radius of a cell

is denoted by R. One BS is located at the center of a cell.

Fig. 5. Co-channd céls (zx = 2 and y = 1).

The channel model we adopt for a user in a cell to each BS (including co-channel cell
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BSs) is the same as the channel model used in the single cell scenarios, which is described
in subsection I11-A. We denote the spatial covariance matrix of user j with respect to BS b as
’Hé’ and the BS assigned to user j as b;. The SINR of user j, denoted by SINR;, is given by

S /(I Ii"er +n?), where Sj, I, and I;""*" are the signal power, intra-cell interference,

'y
and inter-cell interference received by user j, respectively, and n? is the noise power at user ;.

Let ¢4* be the set of users in the 7 co-channel cells we consider. For each user 7,

S =p; (wf?—[?jwj) ,I]’:"tm = Z Dk (W,?’H;’-kwk) , and ];"ter = Z Dk (w,f?—[;”“wk)
keu* keu*
k#7,br=b; k#7,br7£b;
where p; and w; are the transmission power and beamforming vector, respectively, for user
Jjeu.

As mentioned at the beginning of this section, in a multi-cell network the inter-cell interference
experienced by a user depends on many factors, including the scheduling and beamforming
algorithms used in the co-channel cells. In order to provide satisfactory physical layer QoS
to the scheduled users, the beamforming agorithms need to account for the random inter-cell
interference that will be experienced by scheduled users. In this study we adopt a beamforming
algorithm proposed in [16] that is based on a closed-form approximation of PER as a function

of SINR to handle the issue of random inter-cell interference experienced by the users. This

algorithm is summarized in the following subsection.

B. Beamforming algorithm for multi-cell networks

We observe that most of the link curves (e.g., [8], [12]) can be fitted using a function of the
form

PER(SINR)=1/(1+ ek(SINRdB*Z)) ©)

where SINR,p is the SINR in dB, i.e., SINR,;z = 10log,,(SINR), and k and z are two

fitting parameters that determine the slope and the position of a link curve, respectively.



24

Probability of packet transmission error
o o ° ° °
w S al =2 ~
T T T T

o
)
T

0.1

SINR(dB)

Fig. 6. Link curves of a TDMA system.

The measured/collected data points for different modulation and/or coding schemes of a
TDMA system [8] are plotted as ‘«’ in Fig. 6, and the fitting curves are shown as solid curves.
One can clearly see that these fitting curves match the measured link data very closely. Link
curves for systems other than this TDMA system are similar in shape but with different slopes.
Several example link curves for a CDMA system are given in [12]. The slope of a link curve
reflects the sensitivity of PER to SINR value and is determined by the modulation and/or coding
scheme, packet length, etc.

For a reasonable target PER (less than 5-10 percent), we can approximate (6) as follows:

PER(SINR) =1/(1 4 M5V fan=2))

~ efk(SINRdsz) — elczS]NRfa (7)

where o = 10%/ In 10.

The following beamforming algorithm is based on the approximation in (7) and attempts to
adjust the virtual target PER provided to the beamforming algorithm (which may be different
from the desired target PER) in such a way that the achieved PER equals the desired target
PER. We refer the interested readers to [16] for details of the algorithm. The agorithm consists

of two subalgorithms, FEASIBILITY_M and MINIMIZE_POWER_M. Algorithm FEASIBILITY M
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tests the feasibility of a set of users with their respective transmission rates, and algorithm

MINIMIZE_POWER_M minimizes the total transmission power for a feasible rate vector.

ALGORITHM V: FEASIBILITY M(Ppaz; Hj, n2, f;"ter(t),SINR]._l,SINR]TO‘, Vi € U)

STEP 1: If FEASIBILITY (Pnas; Hj,n} +f]?”te"(t),'yj Vi € U) = 1, where y; satisfies e’fﬂjfy]._aj = ¢; - PERyqrget, OUtpUL 1, otherwise

output 0.

In the above algorithm the input variable T inter(t) is the time average of the inter-cell inter-

ference at user j, and SINR;1 and SINR;* are the time average of SINR~! and SINR™©,

respectively. The variables k5, z;, and a; denote the parameters of the link curve corresponding to

[0}

the transmission rate selected for user j. The parameter ¢; isdefinedtobe SINR; ! J /SINR;®

[16].

ALGORITHM VI: MINIMIZE_POWER M (Pmaz; Hj, 3, f}"t”(t), SINRJ?I, SINR;“,Vj € U)

Q5

STEP 1: MINIMIZE_POWER(Ppnaz; H‘j,n? + f;"te"(t),yj, Vj € U), where ~; satisfies eF3%3 v 7 =€ - PERtarget.

These algorithms are modifications of the beamforming algorithms FEASIBILITY and MINI-
MIZE_POWER described in subsection [11-B, and ensure that the average PER equals the desired

target PER in a multi-cell network with inter-cell interference.

VIl. PERFORMANCE EVALUATION OF A MULTI-CELL NETWORK

For our simulation with multiple cells, we use a reuse pattern of (z,y) = (1, 1). As with the
single cell scenarios, we study the average packet delay with varying traffic load only in the
center cell under the proposed scheduling algorithms. The BSs in the surrounding cells utilize
HEURISTIC_1 agorithm with P = 1, and the traffic load is assumed to be constant.

The performance of HEURISTIC_1 agorithm is shown in Fig. 7. We observe that the maximum

stable traffic load achieved by the optimal scheduling policy in (3) for this multi-cell network is
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about 80 percent of that of a single cell network due to the presence of inter-cell interference,
which reduces the spatial separability of the users.

It is worth noting that unlike in the single cell network, the maximum stable traffic load
increases from P = 1 to P = 2. This is due to the inter-cell interference that makes the users
less spatially separable. Therefore, switching the order of the two users with largest queue lengths
often yields different rate vectors because two users with the largest queue sizes may not be
scheduled together any more due to the lack of spatial separability. This increases the subset of
candidate rate vectors, and leads to better performance and larger throughput region. Algorithm
HEURISTIC_1 with P = 2 and P = 3 has similar maximum stable traffic load that is about 90
percent of that achieved by the optimal scheduling policy (3), which is dlightly lower than in the
single cell scenario (91 - 92.5 percent). This performance degradation of HEURISTIC_1 scheduling
algorithm in a multi-cell network is due to the fact that the users are less spatially separable in
a multi-cell network in the presence of inter-cell interference. This oftentimes prevents the users
with large queue sizes from being spatially separable, and as a result they cannot be scheduled
together and sequential scheduling of the users based on their queue lengths may result in a rate

vector not close to the optimal one selected by (3).
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Fig. 7. Average packet delay vs. traffic load for HEURISTIC_1 agorithm for multiple cells
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The performance of HEURISTIC_3 and HEURISTIC_4 algorithms is also shown in Fig. 7 for
comparison. The maximum stable throughput of HEURISTIC_3 and HEURISTIC_4 is about 55
percent and 78 percent of that of the optimal scheduling policy (3), respectively, in this multi-cell
scenario. Thus, our proposed algorithm outperforms the algorithm that attempts to maximize the
instantaneous throughput (i.e., HEURISTIC_4) without considering the queue sizes.

The performance of HEURISTIC_2 algorithm with different values of parameter K is displayed
in Fig. 8. The maximum stable traffic load increases with K as expected. With K = 4, the
maximum stable traffic load is about 73 percent of that achieved by optimal scheduling policy,
compared to 87 percent for the single cell network. Thisis again due to the fact that users are less
spatially separable with inter-cell interference. Therefore, considering the feasible rate vectors
only for a small number of users often selects a rate vector that is not close to the optimal one

given by (3).
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Fig. 8. Average packet delay vs. traffic load for HEURISTIC_2 agorithm for multiple cells

Comparing the figures for single cell and multi-cell networks, we observe that the average
packet delay increases more smoothly for the multi-cell network. This is because in a single cell
network scenario things are more deterministic due to the absence of inter-cell interference, while

in a multi-cell network scenario the presence of time varying inter-cell interference introduces



28

more stochastic disturbance and randomness to system dynamics.

A. Spectral efficiency under different reuse patterns

In this section we have fixed the reuse pattern at (x,y) = (1,1) and studied the performance
of our proposed algorithms against that of the optimal algorithm as well as that of two other
heuristic algorithms. In this subsection we are interested in investigating the spectral efficiency
of the system under HEURISTIC_1 algorithm with different reuse patterns. Changing the reuse

pattern alters the distance between BSs and hence the characteristics of the random inter-cell

interference.
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Fig. 9. Plot of (@) maximum stable load and (b) maximum stable load normalized by 2® + zy + y* for different reuse patterns

Fig. 9 plots the maximum stable load and the maximum stable load normalized by z 2+ zy + 1>
under different reuse patterns. Fig. 9(b) clearly shows that the normalized maximum stable load
decreases with the number of cells sharing the spectrum, indicating lower spectral efficiency. In
addition, as the distance between BSs increases, the inter-cell interference becomes weaker and
the maximum stable load increases and approaches that of a single cell network. Further, the
performance gap between P = 1 and P = 3 narrows with increasing distance between BSs. This

is due to the fact that as the inter-cell interference gets weaker, the spatial separability of the users
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improves and increasing the number of candidate rate vectors from 1 to 3 does not significantly
improve the network performance as mentioned in Section V. Thisresult indicates that in order to
improve the spectral efficiency a smaller reuse pattern is preferred under HEURISTIC_1 algorithm
when our proposed beamforming algorithm is adopted to handle the random inter-cell interference

from co-channel cell BSs.

VIIl. DiSCUSSION

The use of antenna arrays at the base stations has been proposed to improve the system
throughput and to provide quality-of-service (QoS) guarantees to mobile users in wireless net-
works. In this paper we studied the problem of wireless scheduling with base station antenna
arrays with a physical layer constraint of providing certain packet error rate and higher layer QoS
guarantees in the form of throughput. An optimal scheduling policy that achieves the throughput
region is derived.

We have proposed two heuristic algorithms that attempt to mimic the behavior of the optimal
policy with much lower complexity. Simulation results suggest that these agorithms yield
significant performance improvement over other algorithms that do not consider queue state for
scheduling decisions. The first proposed algorithm is shown to achieve the schedulable region
close to the throughput region with linear complexity in the number of candidate vectors and the
number of users, whereas the complexity of the optimal policy increases exponentially with the
number of users. Furthermore, simulation results indicate that the number of candidate vectors
required to enjoy most of the benefits is close to the number of antenna elements at the base

stations, which could be orders of magnitude smaller than the number of all feasible rate vectors.
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APPENDIX |

PROOF OF PROPOSITION 1

In order to prove the proposition we first show that the throughput region achieved by stationary
scheduling policies that consider only the channel state S is given by the throughput region stated
in the proposition. Then, we prove that restricting the scheduling policies to such scheduling
policies does not reduce the throughput region.

Define

S g . P g
Qj::hggf;er('r)(l—[j(T)):llgglf;Zdj(T) 8

=1 T=1
where 7;(t) is the transmission rate for user j in timedot ¢, d;(t) = r;(¢)(1 — I5(t)), r;(R)

denotes the j-th element of the vector R"1;,;, and I%(t) is an indicator function

() - 1, if user j's transmission in timeslot ¢ is unsuccessful
0, otherwise
Theseindicator functions {I5(t);t = 1,2,...} are given by a sequence of i.i.d. Bernoulli rvs with
E [I;(t)] = PER. The indicator functions {I¢(t);t = 1,2,...}, j = 1,2,...,J, for different
users are assumed to be mutually independent.

Lemma 1: Consider a single queue j, j = 1,2,...,.J. A necessary condition for queue j to
be stable is A; < D,. Moreover, if the departure process {d;(t);t = 1,2, ...} isgiven by afinite
state, ergodic Markov chain, then a sufficient condition for stability is A; < D,.

Proof: It is well known that with Markovian arrival and departure processes a sufficient

condition for the queuesto be stableis A; < D; [10], [11]. Hence, here only provethat A; < D;

IS a necessary condition.



32

Suppose that A; > D,. Select ¢ > 0 such that A; — D, — 2e > 0. We can find a subsequence
{t;}, where t; — oo, such that for al ¢;

t.
D i1 Gy

. ti .
() 5 4, TEadi()

t; t; ==

Then, it is easy to see that the queue size x;(t;) satisfies

.'L’J(tz) = Z CLj(T) — ﬁ:d](T) > (AJ —Qj — 2€)tz for all t; .

Define o := A; — D; — 2¢, and let T; denote the additional time it takes for the queue
Size x(t) to drop below a threshold value ¢, starting at the value z;(¢;) in timeslot ¢;. Clearly
T; > (at; — ¢)/Vmaz, Where v,,, = max V is the largest transmission rate available. Thus, at
time ¢; + T; the fraction of time the queue size exceeds ¢ is lower bounded by T;/(t; + T;),

which is greater than or equal to (at; — ¢)/(at; — ¢ + Umasti). Therefore,

1 t
limsup = Y 1 (r)>q > tli)rn (at; — ¢)/(at; — ¢ + Vmasti)
0

t—00 =1

=a/(a+ Vmaz) - 9
Since (9) is true for al ¢ > 0,

lim 11?1 Sllp1 Xt: Lz (r)>e) = @/ (@ + Vo) >0,
e =1

and the system is not stable. [ |

Using a stationary scheduling policy that utilizes only the channel state information leads to
a departure process {d;(t);t = 1,2, ...} produced by a Markov chain for al queues j, with an
average rate given by the right hand side of the condition in (2). Therefore, Lemma 1 ensures
stability when the arrival vector A satisfies the condition in Proposition 1.

We now proceed to prove that the condition in (2) is a necessary condition even when the
above restriction on the scheduling policy is removed. Suppose that all queues can be stabilized
with some scheduling policy. Then, from the proof of Lemma 1 a necessary condition for stability

isthat A; < D; for al users j € {1,2,---,J}, where D; is defined in (8).



Define 1(S, ¢) to be indicator function of the event that channel is in state S in timeslot ¢,
i.e, 1(S,t) =1if S(¢t) =S and 0 otherwise, and

I(SR.4) 1, if channel isin state S and a rate matrix R is selected in timeslot ¢
1) =

0, otherwise

Fix € > 0. There exists sufficiently large ¢ such that

2e=t®T < pg e, Dy < IR dy(r) e, and
S USR,)(1-I5(7)
S, L(SR,7)
Therefore, for each j € {1,2,...,J} we have

i

SlZd](T)—FG

SR - L(7) + e

T7=1

<1—PER+¢€ fordl j=1,2,...,J,

H—xl —

i ST)

26: T
SX;S(WS +

(S 3 2_: (S,7)r;(R ))(1—];(7))—4—6

G)TRZSX:II (SR, 7)rj(R)(1 = I§(7)) + ¢

o 5, B2 (SR;T)Tj(R)(l—ff( 0 .

S ReS (57 T)
1 1 SR R)(1 - I¢
(et 3 Dt SR, NS0 1SR (R - ()
Ses ReS ZTZI ( ) ) T:l (SR7 T)
where r;(R) is the j-th element of the vector R"1,,;.

IN

0
m

Define
; =1 ]' (SR7 T)

Con(l) = P 1(S,7)

Then,

y L 1(SR,7)(1 — I%(T
Aj S Z(ﬂ's + 6) Z CSR(t)Tj(R) =1 (f )( ]( )) + €

ses ReS —1 L(SR,7)

<Y (ms+¢€) Y. Csr(®)rj(R)(1— PER+¢€)+e¢
Ses ReES

<Y w5 >, Csr()rj(R)(1 — PER) + € + €Vpaq + €|S|vmaz (1 — PER +€)
SES ReS

=> 7 Y Csr(®)rj(R)(1 — PER) + €(1 4 vpaz + |S|vmes (1 — PER +¢)) .
SeS ResS




Since e can be arbitrarily close to zero, this completes the proof.

APPENDIX Il

PROOF OF PROPOSITION 2

We follow the same fluid limit approach first shown in [9] and used in [1]. Let
Y = (Y(t),t=0):=({(Un(),....Ux;0(t), 5 € T);S(1)}, ¢ = 0) (10)

denote the stochastic process describing the behavior of the system, where U () is the waiting
time of the k-th packet in queue j and X, (¢) is the number of backlogged packets in queue j.
We define the norm of the state Y (¢) to be [[Y (t)]] := 3;c7(X;(t) + W(t)), where W (t) is
the waiting time of user j’s head-of-line packet. Let {Y (™ n =1,2,...} denote a sequence of
processes, where Y™ has an initia condition that satisfies HY(")(O)H = n. Theorem 4 in [1,
p. 200] tells us that the random process Y in (10) is stable if there exists e > 0 and an integer

T > 0 such that, for any sequence of processes {Y ™, n =1,2,...}, we have

limsup E [% [y (nT)H] <l-¢. (11)

n—0o0

Using this result, we prove that a family of scheduling policies that select a rate matrix
arg maxres(y X (t)TZ2(RT1;.;) in timesot ¢, where = = diag(¢;, j € J), is throughput optimal
for any positive constants ¢;, j € J, and the system is stable for any arrival rate vector A €
int(.A). Note that our proposed scheme is a special case with ¢; =1 for al j € J.

We first introduce the following processes:

« Fj(t) —the total number of user j's packets that have arrived up to time ¢, including those

in the queue at time ¢t = 0.

« D,(t) — the total number of user j's packets that have been successfully transmitted up to
time ¢.
« Gs(t) — the number of timeslots before time ¢ when the channel state was S.

« Gsgr(t) —the number of timeslots before time ¢+ when the channel state was S and the rate

matrix R € S was selected.
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« U;(t) =inf{s < t|F;(s) > D;(t)}
For process Y™ we assume that packet arrivals begin at time ¢t = —n athough the packet

service begins at time ¢t = 0. For notational simplicity we use
Z:= {((FjaDjaxjanawj)aj S j)a ((G57S € 8)7 (GSRas S SaR € S))} .

Here the processes Fj(”), W§”) and Ugn) are defined on [—n, oo) [1].2 Note that a sample path
of random process Z uniquely defines that of random process Y.

We denote by z(™(t) the scaled process 1Z(™(nt). The following lemma tells us that, for
any sequence {Z™,n = 1,2,...}, there exists a subsequence {Z®) k € K c IN}, where
IN = {1,2,...}, such that the scaled process converges to a fluid process. Due to the space
constraint, we omit the proof of Lemmas 2 and 3.

Lemma 2: With probability one, for any sequence of processes {Z(™,n = 1,2,...}, there
exists a subsequence {Z™®), k € K ¢ IN} such that, as k& — oo, the following convergence holds

for the scaled subsequence {z*), k € K}:

(£, > 1) = (fi(0),t > =1) , (£7(8),t > 0) —uoe (fi(1),t > 0)

(dF (1), > 0) —uoe (di(t),t > 0), (xF(t),1 > 0) =yoe (x;(2),1 > 0)

—~
=]
>
—~
~
~
~
%
o
~—
—~
=
<
—~
~
~—
~
%
(==
~—
=
=z
—~
~
~—
~
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~—
—~
=
—~
~
~—
~
v
o
~—

where = denotes convergence at every continuity point of the corresponding limit function, and
u.o.c. denotes uniform convergence on compact intervals.

The limit functions f;, d;,x;, gs, gsr, u;j, and w; satisfy the following properties: (i) f; are
right continuous with left limits (RCLL), non-negative, and non-decreasing in [-1, oo), (ii)
fj,dj, gs, gsr are non-negative, non-decreasing and Lipschitz continuous in [0, oo), (iii) x;

3Here we extend the discrete time processes to continuous time processes by assuming that the values of the processes are

constant over [¢,¢ + 1).
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are continuous in [0, oo), (iv) u; are non-decreasing and RCLL in [0, o0), and (V) w; are
non-negative and RCLL in [0, c0).
In addition, the limit function z = (f, d, g, 3, x, u, w) satisfies the following properties for all

SeSandR € S:

S H0) <1, fi(t) = f0) = Ajt, >0, x;(t) = f;() —dj(t) , t>0.

JjET

For any interval [t,t5] C [0, 00),

dj(ta) — dj(t) <Y Y rj(R)(gsr(t2) — gsr(t1)) (12)
SES ReS

with equality holding if x;(¢) > 0 for al t € [t1,t,]. Further, if d;(¢t;) > f;(0) for some

€ [0,00), then for al ¢ € [t;, 00),

Ayw(t) = x(1) - (13)

We define regular points to be the points ¢ € [0,00) a which the derivatives of the limit
functions f;(-),d;(-), gs(-), gsr(-) and x;(-) exist.

Lemma 3: With probability one, limit function z satisfies the following property: Suppose

that

Z §x;(t)rj(R) < max Z £ix(t)r;(R)

jer jeg
for some S and R € S at some regular point ¢ > 0. Then, gggr(t) = 0.

We now introduce the following quadratic Lyapunov function.

Zéj

]6]
for a vector x = (xy,...,X).

Lemma 4: The limit function z satisfies the following: (i) L(x(¢)),t > 0, is an absolutely
continuous function, and (ii) for any é; > 0, there exists d, > 0 such that, with probability one,
at any regular point ¢, L(x(t)) > d; implies 4 L(x(t)) < —6s.

Proof: For notational ssimplicity we assume PER = 0, i.e., al packet transmissions are

successful, in this proof. Let R := UscsS be the set of al possible rate matrices from which
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the scheduler can choose, r := |R|, and s := |S| < co. Let & denote an s x r stochastic matrix
such that ®gg is the probability that rate matrix R € R is selected when the channel state is S

and Y rer Psr = 1. We assume that ¢sg = 0 if R ¢ S. Given a stochastic matrix @, let

= Z s Z (I)SRT]'(R

Ses ReS
At any regular point t,
d
£ t
dt J;j ix;(t y( )
= &x(1)(A) — vi(@) + D &x;()vi (@) — Y &x5(1)v; (D(t))
jET jeT jeT

where @ is a stochastic matrix corresponding to a stationary scheduling policy that satisfies

v(®) — A >e-1,,, for somee > 0, dsgr(t) = gig(t)/7s, and the last equality follows from

=> > ri(R)gsr(t from (12).

SeS ReS

The existence of such ® is guaranteed since A € int(A).

Let d3 > 0 be a constant such that L(x) > §; implies max;c 7 x; > d5. Then,

> &%) (A — vi(®)) < —(miné&;) - b5 - min(v; () — Aj)

jeq JjET JET
< —(min O3 -€ 1= —09 .
(Jej &) - 03 2

Now in order to complete the proof it suffices to show

S &xi () (@(1) > D &x; ()i (P)

jeg jeg
Define

K(®,x) = > &x;v(9)

JjET

= Z §iX;j ZWS Z Psrrj(R

JjeT ReS

= ZWS Z sk Z &ixiri(R) (14)

ReS JjeT

From (14) it is easy to see that, for any non-negative vector z, a stochastic matrix & maximizes
K(®,z) if and only if ®ggr = 0 if 3°;c 7 &z7(R) < maxpres 27 &z;7;(R'). This property

is satisfied for z = x(t) and ® = &(¢) from Lemma 3, and the lemma follows. m
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An immediate consequence of Lemma 4 is that, for any § > 0, there exists 7" > 0 such that
with probability one, L(x(t)) < 8, t > T.

We now proceed with the proof of the proposition. Lemmas 2 - 4 state that, for any ¢; > 0
we can find a large enough integer 7' > 0 such that, for any sequence of processes {Z™, n =
1,2,...}, there exists a subsequence {Z* k € K C N} such that, with probability one, the
convergence to the limit function takes place (Lemma 2) and ;. 7 x;(1) < ¢; (Lemma4). If T
is sufficiently large, it follows d;(T') = f;(T") — x;(T) > f;(T) — e > f;(0) for @l j € J. This
implies by (13) that w;(7) = x;(T")/A; for @l j € J. Since ¢, is small, this in turn implies
that

Yox(T)+ Y wi(T) < (1+1/(minAj))er:=1-e<1.
jeT jeT I

Thus, with probability one

lim sup 1 HY(")(nT)H <l-¢, (15)

n—oo N

and the proposition follows from (11).



