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1 Introduction and Motivation

Wireless networks have unique characteristics, and thus demand specially tai-
lored scheduling schemes. The wireless resource is scarce, and mobile users
perceive time-varying channel conditions. Hence, good scheduling schemes in
wireless networks should opportunistically seek to exploit channel conditions to
achieve higher network performance. Here, the term opportunistic denotes the
ability to schedule users based on favorable channel conditions. However, the
potential to transmit at higher data rates opportunistically (i.e., when channel
conditions permit) also introduces an important tradeoff between wireless re-
source efficiency and level of satisfaction among different users. For example,
allowing only users close to the base station to transmit at high transmission
power may result in very high throughput, but sacrifices the transmissions of
other users. Such a scheme cannot satisfy the increasing demand for quality of
service (QoS) provisioning in the emerging high-rate data wireless networks.
To address this problem, we present here a framework for scheduling users
in an opportunistic way. The objective is to improve wireless resource effi-
ciency by exploiting time-varying channel conditions while at the same time
controlling the level of QoS among users. Under this framework, we study
opportunistic scheduling policies with different QoS constraints. The first two
QoS requirements under investigation are in fact fairness requirements. The
third QoS metric considered in this paper is the minimum “performance” (e.g.,
data rate) a user receives.

Wireless scheduling schemes have attracted a lot of recent attention. The au-
thors of [13-16] have studied wireless fair scheduling policies. They extend
the scheduling policies of wireline networks to wireless networks. These wire-
less scheduling schemes provide various degrees of performance guarantees,
including short-term and long-term fairness, as well as short-term and long-
term throughput bounds. A survey of these algorithms can be found in [7].
However, these efforts model a channel as being either “good” or “bad,” which
may be too simple to effectively characterize realistic wireless channels, espe-
cially for data services.

In [4,8], the authors present a scheduling scheme for the Qualcomm/HDR sys-
tem. Their scheduling scheme exploits time-varying channel conditions while
maintaining “proportional fairness,” as defined in [8,9].

In [2,3,17,18], the authors study scheduling algorithms for the transmission
of data to multiple users. Both delay and channel conditions are taken into
account. Throughput optimality is defined in [3] as follows: a scheduling al-
gorithm is throughput optimal if it is able to keep all queues stable if this is
at all feasible to do with any scheduling algorithm. Furthermore, the authors
of [6] investigate a scheduling algorithm to maximize the minimum weighted



throughput of users. We discuss these schemes in more detail later.

Opportunistic scheduling exploits the channel fluctuations of users. Thus a
natural question to ask is what we should do in environments with little scat-
tering and/or slow fading. In [20], the authors present a scheme that uses mul-
tiple transmission antennas to “induce” channel fluctuations, and thus exploit
multi-user diversity. Further, such a scheme can also be used opportunistically
to null intercell interference.

In [1], scheduling problems for real-time traffic are studied. The authors show
that the greedy algorithm is 1/2 competitive against the offline optimal algo-
rithm. Further, they show that no deterministic online algorithm can achieve
a competitive ratio higher than 1/2.

In this paper, we present a framework for opportunistically scheduling user
transmissions to exploit the time-varying channel conditions in wireless com-
munication systems. The objective is to maximize the wireless system perfor-
mance while satisfying various QoS requirements. Our framework enables us
to investigate different categories of scheduling problems involving two fair-
ness requirements (temporal fairness and utilitarian fairness) and a minimum-
performance requirement. We provide optimal scheduling solutions, and study
the asymptotic behavior of our opportunistic scheduling schemes. We also pro-
vide a stochastic-approximation-based algorithm that can be used efficiently
to estimate the key parameters of the scheduling schemes on-line. We also
show how previous work by us and others directly fits into or is related to this
framework (e.g., [2,6,8,12]).

The paper is organized as follows. In Section 2, we introduce the system model,
and present our framework for opportunistic scheduling. We study three types
of scheduling problems using this framework. First, in Section 3, we intro-
duce a scheduling problem with temporal fairness requirements and provide
an optimal solution. Then, we present a utilitarian fairness scheduling prob-
lem and its optimal solution in Section 4. Finally, a scheduling problem with
minimum-performance guarantees and its solution are presented in Section 5.
In Section 6, we compare different scheduling schemes, and discuss an asymp-
totic result on opportunistic scheduling schemes. Then in Section 7, we show
how to extend our results to more general cases. In Section 8, we address im-
plementational issues, including online parameter estimation. In Section 9, we
provide simulation results to illustrate the performance of the studied schedul-
ing schemes. We present our conclusions in Section 10. Due to space limitations
and similarities among certain proofs, some results in the paper are presented
without proofs. We refer readers to [11] for the omitted proofs.



2 Opportunistic Scheduling Framework

We consider a time-slotted system where time is the resource to be shared
among all users. The system can have more than one channel (frequency band),
but at any given time, only one user can occupy a given channel within a cell.
Here, we focus on the scheduling problem for a single given channel. Such a
system model includes TDMA systems as well as time-slotted CDMA systems
(an example of the latter is the IS-856 system, also known as HDR).

Channel conditions in wireless networks are time-varying, and thus users ex-
perience time-varying performance. We use a stochastic model to capture
the time-varying and channel-condition-dependent performance of each user.
Specifically, following the approach of [12], let {UF} be a stochastic process
associated with user 4, where UF is the level of performance that would be
experienced by user i if it is scheduled to transmit at time k. The value of U}
measures the “worth” or “utility” of time-slot k to the user ¢, and is in general
a function of its channel condition. The better the channel condition of user 7,
the larger the value of UF. Examples of the value of UF are throughput, or
value of throughput minus the cost of power consumption. We assume that U}
is nonnegative and bounded. Let U* = (UF, -, U¥) be the performance vector
at time-slot k. Let U = {(jk, k =1,2,---} be the sequence of performance
vectors.

Wireless spectrum is a scarce resource, hence improving the efficiency of spec-
trum utilization is important, especially to provide affordable high-rate-data
service. However, a scheme designed only to maximize the overall throughput
could be unfairly biased, especially when there are users with widely dis-
parate distances from the base station. To address this problem, we introduce
QoS /fairness requirements into the framework of opportunistic scheduling—
our goal is to maximize the system performance (defined later) by exploiting
time-varying channel conditions while maintaining certain user-oriented con-
straints. Examples of such constraints include long-term and/or short-term
fairness constraints or (direct) performance constraints. (In this paper, we
focus only on long-term requirements.)

A scheduling policy is a rule that specifies which user is scheduled at each
time-slot. At time k, if a policy @ schedules user i = Q(U, k) € {1,...,N} to
transmit, then the system receives a “reward” of UCS(U,k) (i.e., UF). A general
policy may depend on U (the entire sequence of performance vectors) and k
(the time). Such policies include “non-stationary” and “non-causal” policies.
To be precise, a policy is causal if its decision at time k£ depends only on U7 for
j < k and the time k, i.e., Q(U, k) is only a function of (U, --,U*, k). Non-
causal policies depend on the future; clearly, such policies are not practically
realizable. A policy is memoryless if its decision at time k£ depends only on



U* and the time k, i.e., Q(U, k) is a function of ((7’“, k) (clearly, a memoryless
policy is also causal). A stationary policy is a memoryless policy whose decision
does not depend on the time k, i.e., Q(U, k) depends only on U*. A general
policy @ is potentially “opportunistic” in the sense that it can use information
on the performance-vector sequence U to decide which user to schedule. A
non-opportunistic policy is one whose decision does not depend on U.

We are interested only in policies that satisfy specific QoS/fairness require-
ments. We say that a policy @) is feasible if it satisfies the constraints for
all users. Our goal is to find a feasible policy ) that maximizes the system
performance, which may be defined differently under different assumptions.
Using this framework, we study three categories of scheduling problems with
long-term requirements. We also show how other scheduling formulations fit in
or are related to our scheduling problems. Although outside the scope of this
paper, it is also of interest to study scheduling problems involving short-term
requirements under our framework, as done in [12].

For now, we assume that {(7 *1 is stationary and ergodic (we remove this as-
sumption in Section 7). For convenience, we use the notation U= (Uy,---,Un),
where U; is a random variable representing the performance value of user ¢
at a generic time-slot. Note that the stationary assumption does not preclude
correlations across users or across time. We first focus on stationary policies.
For simplicity of notation, let Q([j ) be the decision of a stationary policy Q
at a general time-slot where U is the performance value of users. Note that
E (UQ(ﬁ)) is the average system performance value associated with policy @,
and it is the sum of all users’ average performance values (where we reap
a reward of U; only if user i is scheduled). The objective is to find a pol-
icy () that maximizes the average system performance value F (UQ(ﬁ)) under
the constraints. We study more general policies, including non-stationary and
non-causal policies, under more general assumptions in Section 7.

We consider both the uplink and the downlink of a wireless network. In both
cases, the base station serves as the scheduling agent. The scheduling scheme
does the following: at the beginning of a time-slot, the scheduler (i.e., the
base station) decides which user should be assigned the time-slot based on
the performance values of the users at that time-slot. For the uplink case, if
a user is assigned a time-slot, the user will transmit in that time-slot. For
the downlink case, if a user is assigned a time-slot, then the base station will
transmit to the user in that time-slot. In general, downlink transmission is
more important for data traffic because of the highly asymmetric nature of the
data service. Further, the uplink may experience synchronization difficulties
due to different distances between users and the base station when the duration
of a time-slot is short.



3 Temporal Fairness Scheduling Scheme

It is important to note that fairness criteria are central to scheduling problems
in wireless systems. Without a good fairness criterion, the system performance
can be trivially optimized by, for example, letting a user with the highest
performance value to transmit. This may prevent “poor” users (in terms of
either channel conditions or money) from accessing the network resource, and
thus compromises the desirable feature of wireless networks to provide “any-
time,” “anywhere” accessibility. In this paper, we study two fairness criteria—
temporal and utilitarian. In this section, we focus on the scheduling problem
with temporal fairness requirements; we study utilitarian fairness in Section 4.

3.1  Problem Formulation

Because time is the resource shared among users, a natural fairness criterion
is to give each user at least a certain share of the entire resource, i.e., time.
Let r; denote the minimum time-fraction that should be assigned to user 1,
where r; > 0, Zf\il r; < 1, and N is the number of users in the cell. Here,
we assume that the r;s are predetermined and serve as prespecified fairness
constraints. The value of r; dictates the minimum fraction of time that a
user should transmit on the channel, which is typically determined by the
user’s class, the price the user is willing to pay for the wireless service, or
the user’s current channel conditions. The scheduling algorithm then decides
which time-slot should be assigned to which user, given the minimum time-
fraction requirement. Our goal is to develop a scheduling policy ) that exploits
the time-varying channel conditions to maximize the total expected system
performance while satisfying the resource-sharing constraint. The problem can
be stated formally as follows:

maggcie%lize E (UQ(5)>

subject to P{Q(U) =i} > r;, i=1,2,---,N, (1)

where © is the set of all stationary scheduling policies. Note that we are
restricting our attention here to stationary policies. In Section 7, we extend the
problem formulation and our results to include more general (non-stationary)
policies.

In a previous paper [12], we studied a special case of the temporal fairness
scheduling problem, where 3% r; = 1. In other words, the inequality con-
straints in (1) are actually equality constraints (P{Q(U) = i} = r; for all 7).
The current problem is more general, and allows more flexibility in resource



sharing in that it allows for a minimum amount of fairness in the system. Note
that € := >, r; < 1is a tuning parameter such that the smaller the value of e,
the less restrictive the fairness constraint, and the greater the opportunity to
improve the system performance.

3.2 An Optimal Policy

We define a policy Q* as follows:

Q*(ﬁ) = argmax(U; + v}), (2)
where the v]'s are real parameters such that:

(a) min;(v7) = 0;
(b) For all i, P{Q*(U) =i} > r;; and
(c) For all 4, if P{Q*(U) =i} > r;, then v = 0.

Proposition 1 The policy Q* is a solution to the problem defined in (1),
i.e., it maximizes the average system performance under the temporal fairness
constraint.

We first explain the policy @*, which is helpful to understand our proof of
its optimality. We can think of the parameter ¢* in (2) as an “offset” used
to satisfy the fairness requirement. To elaborate, consider the case where we
want to maximize the overall performance without any QoS requirements. It
is straightforward to show that we should always choose the “best” user (i.e.,
the user with the maximum performance value) to transmit. In other words,
Q([j ) = argmax; U;. However, such a scheme may be unfair to certain users.
Hence, to satisfy the fairness requirement, the scheduling policy schedules the
“relatively-best” user to transmit. User ¢ is “relatively-best” it U;+v; > U;+vj
for all 5. If v} > 0, then user ¢ is an “unfortunate” user, i.e., the channel condi-
tion it experiences is relatively poor. Hence, it has to take advantage of some
other users (e.g., users with v = 0) to satisfy its fairness requirement. Thus, to
maximize the overall system performance, we can only give the “unfortunate”
users the amount of resource equivalent to their minimum requirements. Last,
when P{Q*(U) = j} > rj for user j, the user gets more than its minimum
requirement—this user cannot take advantage of other users, i.e., vi = 0.

In summary, condition (a) above on v} is for normalization and condition (b)
is the feasibility requirement. Condition (c) is important to the optimality of
@*. Its heuristic interpretation is that a good user that gets more than its
minimum requirement cannot take advantage of other users. The condition
can also be explained in terms of complementary slackness: if the constraint



is not active (i.e., the average performance of user i is greater than its mini-
mum requirement), then the corresponding v; (which can be interpreted as a
Lagrange multiplier) is zero.

Proof of Proposition 1: We now prove the optimality of the policy Q*. Let

Q be a policy satisfying P{Q((j) =i} > r; for all 4. Also recall that v} > 0.
Hence, we have

B (Vow) < B (Vo) + L 0i(PLQD) = i} =7

N N
—F <Z (U; +vf) 1{Q(17)¢}> = > vl
i=1 =1

Note that 14 is the indicator function of event A. By the definition of Q*, we
have 32 (U + 07) 1 o) —y < Siet (Ui + 07)1 g0 ()= - Thus,

E(fxmv:) o) ) (f}Uﬂ @ (0= z})

N
£ (UQ(ﬁ)) sk (Z (Ui +v7) 1{@*((7):1}) =D v

=1

which completes the proof. O

The values of the v's are determined by the distribution of U and the val-
ues of the r;s. In practice, the distribution of U is unknown, and hence we
need to estimate the parameters v;. Similarly, in the opportunistic scheduling
schemes discussed in Sections 4 and 5, there are also parameters that need to
be estimated. In Section 8, we explain how to use stochastic approximation
algorithms efficiently to estimate the values of these parameters.

3.8 Independence Across Users

i maximiz ver m performan ven i user
The policy Q* ma es the average syste erformance even if the users’
performance values are arbitrarily correlated, both in time and across users.



The following proposition establishes, under a more restrictive assumption,
that each user is guaranteed a minimum-performance level—that of a non-
opportunistic policy. (Recall that a non-opportunistic policy does not use
information on channel conditions to decide which user to transmit.) The
additional assumption here is that channel conditions are independent across
users. Intuitively, this assumption provides a natural scenario for opportunis-
tic scheduling to provide performance gains for individual users, as explained
below.

Proposition 2 If the performance values U;, 1 = 1,---, N, are independent,
then for all 1,

E (Ul )—y) = PLQ"(U) =} E(U;) > riE(U;).

An alternative statement of the above result is

E(Ui|Q*(U) = i) > E(U;).

A proof of this proposition directly follows the proof of Prop. 2 in [12], and
hence we omit it here. Note that F(U;1 (@ (ﬁ):i}) is the average performance

value of user 7 using our opportunistic scheduling policy, and P{Q*(ﬁ ) =
i}E(U;) is the average performance of user ¢ when using a non-opportunistic
scheduling scheme where P{Q*(U) = i} portion of the resource (i.e., time) is
assigned to user .

The above proposition guarantees, assuming the users’ performance values are
independent, that the average performance of each user in our opportunis-
tic scheduling scheme will be no worse than that of any non-opportunistic
scheduling scheme that allocates the same share of the resource to the user.
Furthermore, each user gets a guaranteed minimum performance of r; E(Uj;)
because P{Q(U' ) =i} > r;. This result is intuitively appealing. When a user
is experiencing good channel conditions, it has a higher chance to have a max-
imum value of U;+v; among all users, and thus be chosen to transmit. When a
user is experiencing poor channel conditions, it has less opportunity to be the
relatively-best user and thus to be scheduled. Hence, a user tends to transmit
more often under favorable conditions, resulting in performance improvement
for each user. In this sense, the opportunistic scheduling policy gives all the
users the chance to improve their expected performance. Of course, different
users may experience different levels of improvement. In general, the larger
the variability of a user’s performance value, the greater the improvement.



4 Utilitarian Fairness Scheduling Scheme

In the last section, we studied the opportunistic scheduling problem with tem-
poral fairness requirements. In wireline networks, when a certain amount of
resource is assigned to a user, it is equivalent to granting the user a certain
amount of throughput/performance value. However, the situation is different
in wireless networks, where the amount of resource and the performance value
are not directly related (though closely correlated). Hence, in this section we
describe an alternate scheduling problem that would ensure that all users get
at least a certain portion of the system performance.

4.1 Problem Formulation

Recall that E(U;1;,7);) is the average performance value of user i using
policy @, and E(Upy ) = A E(U;l;4@)=y) 1s the overall performance of
the system using policy (). Let a; be the minimum fraction of the overall
average performance required by user i, where a; > 0 for all 7, and Y, a; <
1. Then the optimal opportunistic scheduling problem based on utilitarian
fairness can be written as:

maggcie%lize E (UQ(ﬁ))

subject to E (U;1 > a;E (Ugs)) » i=1,2---,N, (3)

{Q(ﬁ)=i}) Q

where, as before, © is the set of all stationary policies. The a;s are predeter-
mined fairness parameters, and € = Y, a; is a tuning parameter (similar to €
in Section 3)—the smaller its value, the larger the opportunity to improve the
system performance.

The authors of [6] consider a special case of the above opportunistic schedul-
ing problem. Specifically, they consider maximizing the minimum weighted
performance of users (i.e., F(U;1 {Q(ﬁ):i}) /i, where the ;s are predetermined
weights). This is then equivalent to setting a; = (3;/>_; 8; in the utilitarian
fairness problem defined by (3). In this case, because > ;a; = 1, all the in-
equality constraints are active for any feasible solution, i.e., the inequality
constraints are satisfied with equality.

This problem setting requires fairness in terms of performance values, which,
to some extent, parallels the concept of weighted fair queueing used in wire-
line networks. The difference is that the overall capacity here is not fixed; it
depends on channel conditions, the values of a;, and the scheduling policy.

10



4.2 An Optimal Policy
Define the policy Q* as:

Q*((j) = argmax ((k + v]) U;) , (4)

i
where k = 1 — YN, a;1/7, and the /s are real parameters satisfying:

(a) min;(v}) = 0;
(b) For all i, E (Ul -y ) = aiF (Uges

(c) Forall i, if E (UZI{Q* ()= i}) > ;B (UQ*

)); and
(ﬁ)), then v = 0.

Proposition 3 The policy Q* in (4) is a solution to the problem defined in
(3), i.e., it maximizes the average system performance under the utilitarian
fairness constraint.

Similar to ¢* in the last section, the parameter 7* in (4) can be considered

a “scaling” used to satisfy the utilitarian fairness constraint. The optimal
scheduling policy always chooses the relatively-best user to transmit. In this
case, the user ¢ is relatively-best if (x + v}) U; = max; (/{ + V]*) U;, where k is
a constant for all users. As before, if v} > 0, then user 7 is an “unfortunate”
user, and its average performance value equals the minimum requirement, i.e.,
E(U Lo }) = aiE(UQ*(ﬁ)).

Utilitarian scheduling schemes have certain notable features. First, any policy
@ that satisfies the fairness constraint defined in (3) has the property that

a; < (Ul{Qﬁ z})<1_€/+ai
— . - ) !
L= 44 ™ B (Uiligp)) %
fori,j =1,2,---, N. In other words, the utilitarian fairness constraint controls
the maximum discrepancy of performance values among users.

Second, the constraint given in (3) ensures that a user is given at least a
certain share of the total performance, and is hence more suitable in some
situations than the temporal fairness constraint given by (1). However, there
is also a significant disadvantage of a utilitarian scheduling scheme: a user
experiencing poor channel conditions could have a detrimental impact on
the overall system performance. By observing the constraint in (3), we have
E (UQ(U)) < E(U;)/a;. Hence, if a user is experiencing very poor channel con-
ditions [a very small value of F(U;)] and has a large value of a;, then it could

11



compromise the overall system performance significantly because a substantial
portion of the total time-slots may have to be allocated to this user in order
to meet its fairness requirement. To alleviate this potential problem, one can
devise an adaptive thresholding strategy. To elaborate, if

E EUil{mmzi})
P{Q(U) = i}E (Ugg

Sﬁ?
)

where [ is a predetermined threshold, then we decrease the values of a; because
user ¢ cannot utilize the scarce spectrum efficiently.

We have studied two different fairness criteria—temporal and utilitarian fair-
ness. In the temporal fairness scheme, users “interact” with each other through
resource sharing. Users’ behaviors are relatively isolated; i.e., given r; (the
minimum time-fraction assigned to user i), the achieved performance of a user
depends heavily on its own performance values. A very poor user can at most
waste r; portion of the system resource. This is different in utilitarian fairness
schemes, where the achieved performance values of users are heavily correlated
because each user shares a certain percentage of the overall performance.

5 Minimum-Performance Guarantee Scheduling Scheme

Thus far, we have discussed two optimal scheduling schemes that provide
users with different fairness guarantees. However, while they satisfy a rela-
tive measure of performance (i.e., fairness), they do not consider any absolute
measures. This motivates the study of a new category of scheduling problems
where QoS is defined in terms of minimum-performance guarantees. To elabo-
rate, the objective is to maximize the average system performance subject to
meeting each user’s minimum-performance requirement.

5.1 Problem Formulation

Suppose that each user has a minimum-performance requirement C;, and the
vector C' = {C1,Cs, -+, Cn} is the requirement vector. The problem to max-
imize the system performance while satisfying each user’s minimum require-
ment is stated as:

maggciergize E (UQ(0)>

subject to I (Uil{Q(ﬁ)zi}> > Cj i1=12,--- N, (5)

12



where, as before, © is the set of all stationary policies. Consideration of this
problem raises two questions: (i) Is C a feasible requirement vector, i.e., does
there exist a policy @ such that E(U;1,5_,y) = C; for all i7 (ii) If Cis a
feasible requirement vector, which policy maximizes the overall performance
under the given QoS requirement?

Unlike in our previous two problems, the QoS constraint in this problem is
defined as a minimum-performance requirement instead of a fairness require-
ment. Hence, the formulation here offers users a more “direct” service guaran-
tee. For example, if the performance measure is defined as the data-rate, then
each user is guaranteed a minimum data-rate, which may be more important
to a user than knowing that a minimum amount of resource will be assigned to
it. While appealing to users, providing minimum-performance guarantees can
be quite difficult in practice because of the feasibility issue—can the system
satisfy the performance requirements for all users? Note that feasibility is not
a concern in the fairness-based constraints. In the temporal-fairness schedul-
ing problem defined in (1), as long as >, 7; < 1, the system is feasible. In the
utilitarian fairness scheduling problem defined in (3), >, a; < 1 is the feasibil-
ity constraint. Both of them are easy to verify. However, there is no easy way,
in general, to determine whether a given C is feasible or not. We discuss this
issue in more detail in Section 5.3.

There are, however, some natural settings where feasibility is not a problem.
For example, suppose C; = p; E(U;), where p; > 0 for all ¢ and > p; < 1. Such
a setting can be satisfied by a non-opportunistic scheduling policy in which
user ¢ is chosen to transmit in a given time-slot with probability p;. It is hence
also feasible for opportunistic scheduling policies.

5.2 An Optimal Policy

We present an optimal scheduling policy assuming feasibility in this sec-
tion, and then discuss the feasibility problem in Section 5.3. Suppose C' =
{C1,Cs, -+, Cy} is feasible. We define the policy Q* by:

Q*((j) = argmax(a; U;), (6)

where the os are real parameters satisfying:
(a) min;(e7) = 1;
(c) For all i, if (Uil

> (; and

{Q*(ﬁ):i}> > C;, then of = 1.

13



Proposition 4 The policy Q* defined in (6) is a solution to the problem
defined in (5), i.e., it mazximizes the average system performance under the
manimum-performance constraint.

The parameter @ “scales” the performance values of users, and the schedul-
ing policy schedules the relatively-best user, where user ¢ is relatively-best if
a;U; = max; a;U;. If the scaling factor for a user is larger than 1, then the
user is an “unfortunate” user, and it is granted only an average performance
value that equals its minimum-performance requirement.

Our opportunistic scheduling policy dominates non-opportunistic policies in
the following sense. Consider a non-opportunistic scheduling policy in which
user i shares a portion p; of the resource (time-slots), where >, p; = 1, and
user i gets an average performance value p; E(U;). Let C; = p; E(U;) for all
i. Then C is feasible, and the opportunistic scheduling policy always pro-
vides “no-worse” performance values for each user relative to that of the non-
opportunistic scheduling policy, assuming that the signaling cost is negligible.

In [2,3], the authors study scheduling algorithms where both delay and chan-
nel conditions are taken into account. Roughly speaking, the algorithm is:
argmax b;W;t;, where W; is the head-of-the-line packet delay for queue i, t;
is the channel capacity, and b; is some constant. Furthermore, the authors of
2] state the following result (assuming there is a finite set of channel states):
to maximize the system throughput with minimum-throughput requirements,
there exists some constant ¢; such that one should choose a user with the
maximum value of ¢;t;. In these papers, however, there is no discussion on
how to obtain the ¢;s, how to break ties, or how feasibility plays a role. These
issues are addressed in this paper.

It turns out that a scheduling policy of the form of Q*(U) = argmax o;U; (as
in (6)) is optimal for other types of scheduling problems as well. For example,
the optimal utilitarian policy defined in (4) is in this form (i.e., a; = k + 1}).
Moreover, consider a class of scheduling problems without explicit constraints.
Let u; be the data rate of user i at a generic time-slot (an example of the
performance value), and let @ = (uy,---,uy). Then, the average data rate of
user i using policy @, t;(Q), is given by ,(Q) = E (Uil{Q(ﬁ):i}) . Suppose f;(z)
is a monotonically increasing function of x, representing the utility of user ¢
given data-rate z. The problem is to find a policy that maximizes the overall
system utility:

maximize »_ fi(#:(Q)). (7)
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Then following Prop. 4, an optimal policy Q* with respect to (7) is Q*(@) =
argmax;(o;u;), where @ is a set of parameters that depend on the functions f;
and distribution functions of U;. Different scheduling policies will result from
different choices of the function f;. Some examples are provided next.

The first example is when f;(z) = log(x) and o; = 1/E(u;1{g@)=}), Which
result in the well-known proportional-fairness scheduling algorithm described
in [8]. The second example is to maximize the overall throughput where f;(x) =
x. It is obvious that & = [1,1,---,1] is the solution to this problem, i.e.,
we always choose the user with the highest data-rate to transmit. The last
example is our scheduling problem with minimum-throughput guarantees. In
this case,

—o0 ifx <

)
x if ¢ > C;

fi(z) =

and an appropriate @ is given in Section 5.2. In summary, the solution to
a very large group of opportunistic scheduling problems is in the form of
Q* = argmax o;U;.

5.8 Feasibility

The ability to provide a specific performance guarantee is an advantage of the
minimum-performance guarantee scheme. However, the issues of feasibility has
to be carefully investigated. We define the feasibility region of a policy @) as
the set of requirement vectors that are feasible under the policy ). Next, we
discuss briefly the feasibility problem and how to determine the feasibility
region of our scheduling policy.

Proposition 5 The feasible region of our opportunistic scheduling policy is
convex and contains the feasibility regions of all policies.

A proof is attached in Appendix A. The feasibility region of our scheduling
policy is determined by the distribution of U. In general, there is no closed-
form expression for the feasibility region even if the distribution function of
U is known. The distribution of U depends on the user’s channel condition,
its mobility, and the form of the performance value function. It is practically
impossible to know the distribution of U a priori in the system. Hence, we
estimate the feasibility region using sample paths, i.e., the sequence of {UF}.
Convexity is an important feature in determining whether a requirement vector
is feasible.
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Fig. 1. The feasible region of two users.

The feasibility region is a subset of N-dimensional space, where N is the num-
ber of users in the system. The vertex on the ith axis is [0,0,---, E(U;), - - -, 0],
which is shared by both opportunistic and non-opportunistic scheduling poli-
cies. These N vertices span an (N — 1)-dimensional hyperplane. Any non-
negative vector below this hyperplane is a feasible requirement vector for a
non-opportunistic scheduling policy.

The feasibility region of the opportunistic scheduling policy contains the fea-
sibility region of any non-opportunistic scheduling policy. Consider a policy
Qa(U) = argmax, (a;U;), where 0 < a; < 00. By choosing a value for the vector
@, we obtain an average performance vector that determines one point on the
boundary of the feasibility region. By varying the values of &, we can trace the
boundary of the feasibility region. For example, if we set @ = [1,1,-- -, 1], then
we get the average performance vector representing the maximum performance
the system can obtain. By using different values of @ we get different average
performance vectors, resulting in different points in the N-dimensional space.
These points, along with the N vertices in the N axes, span an N-dimensional
surface. Because the feasibility region is convex, any non-negative vector under
this surface is feasible. If we choose more values of @, we get more points on
the boundary of the feasibility region, and thus we get a closer approximation
to the actual feasibility set.

Figure 1 illustrates the feasibility region for two users. The two vertices on the
two axes correspond to the two extreme cases that all the resource is assigned
to one user. The area between the lowermost straight line (a 1-dimensional
“plane”) and the two axes is the feasibility region of non-opportunistic schedul-
ing policies. The area between the uppermost dashed curve and the two axes
is the feasibility region of our opportunistic scheduling policy, where the up-
permost dashed curve is drawn using a large number of different & values. The
solid curve in the middle is an approximation of the boundary of the feasi-
bility region with three different @ values. This illustrates how we can obtain
reasonable estimates of the feasibility region via measurement data.
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Let us consider the cases when the set of (active) users changes in the cell.
First, if a user leaves the system, we simply collapse the feasibility set from
N dimensions to N — 1 dimensions by removing the axis of the leaving user.
Second, suppose that a new user joins the system, and we do not have any
information on the user except its average performance value E(Upy,1). (Note
that we may be able to obtain the information on E(Uy,1) during the admis-
sion control process by measuring the signal strength of the user for a short
period of time.) We can connect all the points on the surface of the feasibility
set for the original N users with the new vertex on the (N +1)th axis, and con-
struct a surface in N + 1 dimensions. Due to the convexity, any non-negative
N + 1 dimensional vector under the new surface is feasible.

Compared with non-opportunistic schedulers, opportunistic schedulers enlarge
the feasible region/capacity. Hence, the system may accommodate more users.
Moreover, the system can improve users’ service quality, in terms of higher
performance and/or lower degradation probability, when the same users are
admitted in a non-opportunistic scheduling scheme.

6 Characteristics of Optimal Policies

In this section, we first discuss the characteristics of the various scheduling
schemes studied in this paper. We then study the system performance when
the number of users (sharing the same channel) increases, and give a “tight”
upperbound for it.

6.1 General Characteristics

We have presented a framework for opportunistic scheduling and studied
three classes of scheduling problems under the framework. These schedul-
ing problems share a common goal: to improve the spectrum efficiency while
maintaining certain levels of QoS for each user using opportunistic schedul-
ing algorithms. The solutions to these scheduling problems also have certain
similarities—all the schemes choose the “relatively-best” user to transmit. Al-
though “relatively-best” has a different meaning for each scheduling policy, the
basic idea is to use an offset or a scaling to satisfy the QoS requirements for
users. If a user is “unfortunate,” i.e., it has to take advantage of other users
to satisfy its QoS requirement (in terms of fairness or performance value),
then the user does not get more than its minimum requirement. This is done
to maximize the system performance under the given constraints. In general,
the larger the number of users sharing the same channel, or the larger the
variance of U , the larger the “opportunistic” scheduling gain compared with
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non-opportunistic scheduling policies. Furthermore, the more restrictive the
QoS constraint, the less the flexibility for opportunistic scheduling decisions,
and the lower the system performance gain.

In this paper, we consider fairness from two different aspects: temporal fairness
and utilitarian fairness. Max-min fairness [5] can be considered a special case
of the fairness requirement presented here. The intuitive notion of max-min
fairness is that any user is entitled to as much performance/resource as any
other user. Max-min fairness can be applied in two different ways. First, if
we apply max-min fairness to the utilitarian fairness scheduling scheme, then
the system should maximize the minimum performance of the users. This is
equivalent to setting a; = 1/N for all 7 in (3) (N is the number of users sharing
the same channel). Specifically, each user obtains the same performance value,
and the system maximizes it. Second, if max-min fairness is applied to the
temporal fairness scheduling scheme, then we have r; = 1/N for all i in (1),
i.e., each user is granted to the same amount of resource.

As mentioned earlier, feasibility is not a concern in the scheduling problems
with fairness requirements. The feasibility issue only arises in the problem
with minimum-performance requirements.

The scheduling schemes with temporal fairness requirements or minimum-
performance requirements can guarantee that the performance of each user is
at least as good as that of the corresponding user in any non-opportunistic
scheduling scheme (under independence assumptions). This desirable property
cannot be guaranteed for scheduling schemes with utilitarian fairness require-
ments.

Different schemes may be suitable for different scenarios. For example, if the
service provider wants to build a simple wireless network with pricing, the
temporal fairness scheduling scheme is a reasonable choice. The temporal fair-
ness scheduling scheme is simple and flexible without feasibility concerns. The
amount of resource consumed by a user determines the minimum performance
the user gets (with technical assumptions, see Prop. 2). The resource consumed
by a user can be connected directly with the price the user should pay. On
the other hand, the minimum-performance guarantee scheme provides users a
direct performance assurance, but involves the additional complication of fea-
sibility. If the service provider wants to build a network that provides data-rate
guarantees, then this scheme is an appropriate choice. However, in practice,
the feasibility issue may be difficult to handle, especially in a wireless setting,
and providing service performance guarantees is challenging in both wireless
and wireline networks.

It should be noted that our framework for opportunistic scheduling can also
cover cases where there are different constraints from different users. For ex-
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ample, some users may have resource requirements while other users can have
a minimum-performance requirements. In such scenarios, similar optimal so-
lutions can be provided under our framework using similar optimization tech-
niques.

Last, we should note that the problem formulations, the objectives, and the
constraints are expressed in terms of expectation, which is a long-term perfor-
mance measure. There is no guarantee of short-term performance. In [12], we
discuss an extension to improve short-term performance, and a similar process
can be used here with all the scheduling schemes. The basic idea is to increase
a user’s probability of transmission when it is behind in its share. In [7] and
references therein, various short-term performance measure are proposed for
systems using two-state Markov channel models. Some of the ideas may be ex-
tended to more general wireless systems. For example, a heuristic short-term
performance requirement is that a user’s performance during a fixed time win-
dow is not smaller than the performance it would have in a round-robin policy.
In general, when users’ performance values have strong correlation across time,
the short-term performance is poor. The stricter the short-term performance
requirement, the lower the opportunity to exploit time-varying channel con-
ditions, and the less the performance improvements. Thus, there is a need for
general short-term fairness criteria tailored to wireless networks and dealing
with the short-term performance in depth. We also refer interested readers
to [2,3,17,18] where queueing delays are considered and [1] where real-time
scheduling is considered.

6.2 Asymptotic Performance Bound

In this section, we study the asymptotic behavior of opportunistic scheduling
schemes. To illustrate our approach consider first the greedy scheduling policy
Q(U) = argmax;, U;. This policy always chooses the best user to transmit, and
thus achieves the highest system performance among all scheduling policies.
Let

Zy = Uy = Dnax Ui, (8)
where N is the number of users. Then E(Zy) is the average system perfor-
mance of policy (), the maximum among all scheduling policies. Note that
E(Zy) is a tight upperbound on the performance of all the opportunistic
scheduling schemes (tight in the sense that there are scheduling schemes that
come arbitrarily close to the bound, and there exist degenerate cases where
the optimal scheme is the greedy scheme and hence achieves the bound). For
example, if the U;s are ii.d. (independent and identically distributed) and
a; = a; for all 4 and j in the temporal fairness scheduling scheme, then
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Q(U) = argmax; U; is an optimal solution. Another example is that when
a; = 0 (C; = 0) for all i, the greedy algorithm is an optimal solution in the
utilitarian fairness (minimum-performance guarantee) scheme. From (8), it is
obvious that Zx,1 > Zy, i.e, the average system performance increases as the
number of users competing for the same channel increases. But how fast can
E(Zy) increase? The following result gives us an upperbound.

Proposition 6 Suppose that E(|U;|) < C < oo for all i. Then

E(Zy) = O(N), (9)

and O(N) is a “tight” bound in the following sense: for any € > 0, there ezists
a sequence of identically distributed random variables {U;} such that

. E(Zn)
]\}linoo N1-—e

= OQ.

A proof of this proposition is provided in Appendix B. By studying the asymp-
totic behavior of E(Zy), we obtain insights on the potential (limit) of oppor-
tunistic scheduling algorithms. As presented in the proposition, E(Zy) grows
at most as fast as O(N), and O(N) is a “tight bound” in the sense that
there exists sequences of random variables that can reach this bound arbitrar-
ily closely. Of course, the behavior of F(Zy) is different when the U;s have
different distribution functions.

We next illustrate the maximum achievable performance in opportunistic
scheduling schemes for various U;. For simplicity, in each case, we assume that
the U;s are i.i.d. random variables. Note that any non-opportunistic schedul-
ing scheme obtains a system performance value of F(U), which is not affected
by the number of users in the system, where U is a random variable with
the same distribution as U;. We define the ratio Gy = E(Zy)/E(U) to illus-
trate the performance gain of an opportunistic scheduling scheme over that of
non-opportunistic ones.

e If U; is uniformly distributed over an interval [a, b], then limy_,., E(Zy) = b,
and limN_m GN = 2.

e If U; is exponentially distributed with mean 6, then E(Zy) = 0(1+X X" 1/4).
Hence, limy_.., Gn/logn =1 (also shown in [20]).

o Let

(e ]

1— L u>1

0, u <1
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and o > 1. Then E(U) = -1 < 00, and limy_.c E(Zy)/NY* = E,, where
Ey = [°1 — exp(—2~%)dx. We have limy_.., Gy/NY* = Ey(a — 1), and
E(Zy) gets close to the bound O(N) as « decreases (o > 1).

In [20], the authors give an asymptotic closed-form performance distribution
for i.i.d. sequences whose probability distribution functions satisfy certain con-
ditions, e.g., distributions with exponential tails. Although our result is not
in closed form, it also does not require the i.i.d. assumption and applies to all
distributions with finite means.

In general, the scheduling gain increases as the number of users increases.
However, the normalized scheduling gain (scheduling gain over number of
users) decreases with increasing numbers of users. For example, if the U;s
are i.i.d. with exponential distribution, then the scheduling gain is O(log(N)).
On the other hand, the signaling cost per user remains the same. In this case,
it is a question of practical importance to decide the optimal number of users
sharing a same channel.

7 Beyond Stationary Policies

In the previous problem formulations we consider only stationary policies. In
this section, we use the temporal fairness scheduling problem as an example
to show how to extend our results to more general cases, taking into account
non-stationary policies. Similar extensions apply to the problems studied in
Sections 4 and 5.

Let @ be a general policy whose value at time k£ may depend on the entire
performance-vector sequence U and the time k. We write QF = Q(U, k). At
time k, the policy ) can depend not only on the value of U ¥ but also on past
and future values of the performance values. This expands the class of policies
being considered to the most general possible, including non-causal policies.
Here, we dispense with specific probabilistic assumptions on the process U—
instead, we treat U simply as a sequence.

Fix the sequence U. Let

K
FZK(Q):izUzkl{Qk:z}a L= 1727>N
Kk:l
1 K
REQ)=—> 1igi—yy, i=1,2,---,N.
Kk:l

So F(Q) is the average performance value of user i up to time K, and RX(Q)
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is the average resource consumption of user ¢ up to time K. Let

i.e., FE(Q) is the average system performance up to time K. We define

F(Q) = limsup FX(Q),

K—oo

which is the asymptotic best-case system performance of policy Q.

In this setting, we express our policy Q* as follows:

Q" (U*) = argmax(Uf +v7), (10)
where the v]'s are chosen such that:

(a) min;(v}) =0
(b) For all 4, liminfg .. RE(Q*) > r; for all i
(¢) For all 4, if liminfx .o RX(Q*) > r;, then vf = 0.

Let © be the set of all scheduling policies (including arbitrary non-stationary
and non-causal policies). The temporal scheduling problem is formulated as:

maximize F(Q)
Q€O

subject to li}gninf RE(Q) >y, i=1,2,---,N. (11)

Proposition 7 If limg .., RE(Q*) exists for all i for the Q* defined in (10),
then the policy Q* is a solution to the problem defined in (11).

Before we prove the above proposition, we first explain its significance under
various scenarios.

e Suppose that {(7"/’, k=1,2,---} is stationary and ergodic. Because Q* is a
stationary policy, R¥(Q*) and F/(Q*) converge to a constant almost surely.
Thus, Q* is a solution to the problem defined in (11). Furthermore, we have

lim inf FX(Q") = limsup F¥(Q"). (12)

K—oo

This equation is critical. It states the important fact that the asymptotic
worst-case system performance of our policy Q* (liminfx ., FX(Q*)) is the
same as its asymptotic best-case system performance (lim sup_, . FX(Q*)).
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Thus, the worst-case performance of Q* asymptotically bounds the best-
case system performance of an arbitrary policy that satisfies the temporal
fairness constraint.

e Suppose again that {(7’“, k=1,2,---} is stationary and ergodic. Then many
policies have the property that FX(Q) and RX(Q) converge (to a random
variable almost surely). Examples of such policies are stationary policies
and periodic policies. However, there may also exist policies such that

limsup F*(Q) > lim inf F(Q).
K—oo K—oo
In this case, even if the policy @ is a solution to the problem defined in (11),
it may not be a “good” solution because only its asymptotic best-case perfor-
mance dominates that of others. On the contrary, the asymptotic worst-case
performance of our )* dominates the asymptotic best-case performance of
others.

e The proposition holds without the assumption that {U' Fk=1,2---}is
stationary and ergodic. However, in this case, we may not be able to estimate
the parameters (v}) used in @*, and thus the result may not be practically
useful.

e In Section 9, we use the round-robin policy as an example of a non-opportunistic
policy for comparison. To be specific, round-robin is a non-stationary non-
opportunistic scheduling policy. If {(j 'k =1,2,---} is stationary and er-
godic, then the expectation of the long-term average of the performance
value of a round-robin policy is equivalent to that of a non-opportunistic
policy.

Proof of Proposition 7: If YN, v* = 0, then v} = 0 for all 4. In this case, Q*
always chooses the user with the maximum performance value to transmit, and
thus the result is trivial. Henceforth, we consider the case where >V | vF > 0.

Fix € > 0, and consider an arbitrary policy () that satisfies the fairness con-
straints; i.e., liminfx o, RX(Q) > r; for all i. Then, there exists L; such that
for any K > L;, we have

€
RE >r,———, (=12 N.

Because of the hypothesis that limg .., RX(Q*) exists and by condition (c)
above (on the v}s), we have

vi(Jm RE(Q) =) =0

for all ¢. Hence, there exists L > L;, such that for K > L, we have
€

jof (RE(@") =)l < 5
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for all . Then for K > L, we have

By the definition of Q*, we have

N

i=1

Thus,

e
Il
—

=F5(Q*) + Zv;" (RZK(Q*) — 7“,-) +

Because € is chosen arbitrarily, we have
lim sup FX(Q) < limsup FX(Q*),

K—oo K—oo

which completes the proof.

8 Implementation

The opportunistic scheduling policies described in previous sections all involve
some parameters that need to be estimated online. For example, the temporal
fairness scheduling policy is given by Q*(U) = argmax,(U; +v}), where the v}s
are parameters determined by the distribution of U and values of the r;’s. In
practice, this distribution is a priori unknown, and hence we need to estimate
the parameters v;s. In this section, we use the temporal fairness scheduling
scheme as an example to describe briefly how to estimate these parameters
efficiently via stochastic approximation techniques. Similar parameter estima-
tion algorithms can be used for the other scheduling schemes. The algorithm
is similar to the one in [12], and thus we focus on the difference caused by
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the fact that the problems studied in this paper have inequality constraints
instead of equality constraints. We refer readers to [10,21] for a systematic and
rigorous study of stochastic approximation algorithms. Note that the authors
in [2,3] do not provide any algorithm to estimate their parameters. Further,
the adaptive algorithm given in [6] cannot be implemented directly here be-
cause it involves equality constraints instead of the more general inequality
constraints studied in Section 4.

To use a stochastic approximation algorithm to estimate ¢, recall from Sec-
tion 3.2 that ¢ is chosen to satisfy the following condition: for any user 4, if
v; > min; v}, then P{Q*(U) = i} = r;. Hence, we can write 7 as a root of
the equation f(¥) = 0, where the ith component of f(¢) is given by

Fi(7) = (w - mjin(vj)> (PUQO) =i} =), =1,

Next, we use a stochastic approximation algorithm to generate a sequence of
iterates ¥, 2, - - - that represent estimates of 7. Each % defines a policy Q*
given by Q* ((j ) = argmax; (U;+vF). To construct the stochastic approximation
algorithm, we need an estimate g* of f("). Although we cannot obtain f(7%)

directly, we have a noisy observation of its components:

2= (=) (=), b o

The observation error in this case is

ef=gf—fXW3=:Gf‘“?n@ﬁ>(Hmeﬂ}—quwﬁ):in’

and thus we have E(ef) = 0. Hence, we can use a stochastic approximation
algorithm of the form

vitt = of — o], (13)
where, e.g., 6F = 1/k.

When v} = min; v}, we also need to ensure that P{Q*U) = i} > r;. If

P{Q*(U) = i} < r;, then ¢* is an infeasible parameter vector, which causes
some fairness constraint to be violated. To ensure that {v}} converges to v},
we should project o* onto the feasible set of @’s. However, because we do not
have knowledge of the distribution of U , it is very difficult to find the exact
projection. Hence, we use the following intuitive algorithm as a projection.
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It is ecasy to see that P{Q(U) = i} is an increasing function of v;. Hence, if
v; = min; v; and P{Q((_j) =1} < 1, then we increase the value of v; to increase
the value of P{Q(U) = i}, as a projection to the feasible set. Although we do
not know the value of P{Q(U) = i}, we can estimate it by a moving average.
Let p¥ be the estimate of P{Q*(U) = i}. We update p* in each time-slot by

pi=(1- w)pf_l + wl{Qk(ﬁ):i}v (14)

where w is a constant, indicating how fast p¥ tracks P{Q*(U) = i}. If pF < r;

and v}’ = min; v}, then we update v} as

vf“ = vf + A, (15)

where A is a positive constant. By doing this, we push v* towards the feasible
set of ©v”’s. We show via simulations that this approach works well. Last, note
that there may be a need for tie-breaking (i.e., Up+vj = U;+v; = max U;+v;);
we refer readers to [12] for a discussion on this issue.

9 Simulation Results

In this section, we present numerical results from computer simulations of our
scheduling schemes. For the purpose of comparison, we also simulate two spe-
cial scheduling policies. The first is round-robin, a non-opportunistic schedul-
ing policy that schedules (active) users following a predetermined order. This
scheduling scheme serves as a benchmark of the system performance in order
to measure how much gain the system can obtain using opportunistic schedul-
ing policies. The second is a greedy scheduling scheme that always selects
the user with the maximum performance at a generic time-slot to transmit.
This greedy policy will in general violate the QoS/fairness requirements, but
provides an upperbound on the system performance as explained earlier in
Section 6.2, and is used here to indicate the tradeoff between the QoS re-
quired by individual users and the overall system performance. In general, the
looser the requirements, the better the overall performance.

We first describe our simulation model of a cellular system, as well as our

simulation procedures. We then show the simulation results for each scheduling
policy using the cellular model.
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9.1 Cellular Model

We consider a multi-cell system consisting of a center hexagonal cell sur-
rounded by hexagonal cells of the same size. A base station is at the center of
each cell, and simple omni-directional antennas are used by mobiles and base
stations. We focus on the performance of the downlink of the center cell. The
frequency reuse factor is three, and the co-channel interference from the six
closest neighboring cells are taken into account. We assume that each cell has
a fixed number of frequency bands. We focus on one frequency band, which is
shared by 10 users in the central cell. The users have exponentially distributed
“on” and “off” periods.

Users move with random speed and direction in the cell. They perceive time-
varying and location-dependent channel gains. The channel gains of the users
are mutually independent random processes determined by the sum of two
terms: one due to path (distance) loss and the other due to shadowing. We
adopt the path-loss model (Lee’s model) and the slow log-normal shadowing
model in [19]. We ignore fast fading in the simulations except when explicitly
explained. The mobility model, the propagation model, and the parameters of
the simulation are discussed in detail in [11].

Figure 2 shows the forms of the performance values used by different users
(there are 10 users in the system). The performance values of users 1, 5, and
8 are step-functions of SINR. The performance values of users 2, 6, and 9 are
linear functions of SINR (in dB). Users 3, 4, 7, and 10 have performance values
that are S-shape functions of SINR. Here we assume that users always have
enough information to transmit when they are “on”.

The 10 users are divided into three “distance” groups. Specifically, when a
user becomes active, its distance from the base station is fixed, depending on
which group it belongs to. Users 1-4 belong to the “far” group, i.e., when the
user becomes active, its distance from the base station is 0.9R, where R is
the radius of the cell. Users 5-7 belong to the “middle” group; their starting
distance from the base station is 0.5R. Users 810 belong to the “near” group
with a starting distance of 0.2R. When the user is active, it moves around in
the cell freely and randomly. However, a user in the “near” group has a much
higher chance to be close to the base station than a user in the “far” group.
Hence, we can study how the distance from the base station affects the users’
performances under different scheduling schemes.

In the following paragraph, we describe the simulation procedure for the tem-
poral fairness scheduling scheme. The other scheduling schemes follow the
same simulation procedure, except for the details in steps 3 and 7. At the
beginning of the simulation, we set the initial value of the parameter: o' = 0.
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Fig. 2. Users’ performance values as a function of SINR.

We maintain an ordered list of users in the system for the round-robin schedul-
ing scheme. Let N be the number of active users. At each time-slot k = 1,2, -- -,
the following steps are simulated.

(1)

If user i is active, we generate UF. In our simulation, each user’s per-
formance value is a specific function of its SINR, as shown in Figure 2.
Each user measures the received power level from the central base sta-
tion, and the interference power level received from neighboring cells. We
assume perfect measurement in all the simulations unless otherwise spec-
ified. Based on these measurements, the user calculates the SINR, and
thus the corresponding performance value as a function of SINR.

Active users transmit their values of UF to the base station through a
signaling channel.

Based on the vector of performance values U* , the base station decides
which user to schedule in the time-slot: Q¥(U*) = argmax;(UF 4 vF).

If user j = Qk(lj *) is the selected user, then the base station transmits
to user j in the time-slot k. The system receives a performance “reward”
equal to the performance value U ]’-“.

In the round-robin scheduling scheme, we set J to be the index of the
next active user in our ordered list of users, and let user J transmit. The
system receives a performance “reward” equal to the performance value
U* of user J.

In the greedy scheduling scheme, we select the user I that has the maxi-
mum performance value, and let it transmit. The system receives a “re-
ward” UF.

The base station updates the parameters used in the scheduling policy
for all active users as described in Section 8. We set §* = 0.01 in (13) to
track changes in the system because we are simulating a system that is not
stationary in general. The larger the value of 6%, the faster the estimated
parameter tracks the actual value of the parameter (e.g., v¥ tracks v}), but
at the same time the larger the fluctuation of the estimated parameter.
We set w = 0.001 in (14), and A = 0.02 in (15) in the simulation.
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The system performs the above procedure at every time-slot. Whenever the
number of active users changes, the base station may need to update the
QoS /fairness requirement, and the value of the parameters (%) at that time
is used as the initial value of the on-line parameter estimation procedure in
the new system state.

9.2  Temporal Fairness Scheme

In this scheduling scheme, each user is entitled to a minimum portion of the
resource. For our simulation, we set all users to have the same minimum
resource requirement. Specifically, if NV is the number of active users sharing
the channel in the central cell, then each active user has a resource requirement
ri = 1/(N + 3). In this case, > ;cami = N/(IN 4+ 3) < 1, where A is the set
of active users. Hence, the system has the freedom to assign a portion of
the resource [3/(N + 3)] to some “fortunate” users (beyond their minimum
requirements) to further improve the system performance, as discussed earlier.

Figures 3 and 4 show the results of our simulation experiments. In both fig-
ures, the x-axis represents the users’ IDs. In Figure 3, the y-axis represents the
portion of resource each user gets in the different scheduling policies. The first
bar is the result of round-robin, where the resource is equally shared by all ac-
tive users. Note that the amounts of resource consumed by different users may
not be equal because different users are active at different times. The second
bar shows the minimum requirements of users, while the third bar shows the
portion of resource used by users in our temporal fairness scheduling scheme.
The third bar is higher than the second bar for all the users, which indicates
that our scheduling policy satisfies the fairness requirements of all users. Users
9 and 10 are the “fortunate” users in the system because they are most likely
to be close to the base station and have large performance values. Thus, they
get a much larger share of the resource than their minimum requirements. The
rightmost bars represent the greedy scheduling scheme, which always chooses
the user with the largest performance value to transmit. In this scheme, users
1, 2, 3, 4, 5, and 8 get very little or almost zero resource while users 9 and
10 have very large shares. As expected, the greedy algorithm is biased very
heavily towards the users close to the base station with higher performance
values (but, of course, violates the temporal fairness requirements).

Figure 4 shows the average performance obtained by users in different schedul-
ing policies. The first bar represents round-robin, the second bar represents
our scheduling policy, and the third bar is the greedy algorithm. Note that
in the opportunistic scheduling scheme, all users except users 5 and 8 obtain
higher average performance values than in the round-robin scheme. Moreover,
users 1, 2, 3, 4, and 6 actually consume less resource while achieving better
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performance compared to round-robin, because users are more likely to be
chosen to transmit while experiencing good channel conditions in the oppor-
tunistic scheduling scheme. To explain why users 5 and 8 do not have higher
performance values, recall that both users 5 and 8 are inelastic users, whose
performance values are step-functions of the SINR. Furthermore, user 5 be-
longs to the “middle” distance group, and user 8 is in the “near” group. Most
of the time, they experience SINR values that are higher than the threshold in
the step-function. Hence, there is little chance to improve their performance
opportunistically. Compared with round-robin, these two users get smaller
performance values because they consume less resource (recall that round-
robin simply allocates the resource equally to all active users). We should
clarify that these two users still obtain performance values that are greater
than r;E(U;), i = 5,8, where r; is the required time-fraction of user 7, which
is smaller than the fraction that user ¢ gets in the round-robin scheme in this
simulation.
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Fig. 3. Portion of resource shared by users in the temporal fairness scheduling sim-
ulation.
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Fig. 4. Average performance value in the temporal fairness scheduling simulation.

The overall system performance is improved by 64% in our scheduling scheme
while the greedy algorithm has a 111% performance improvement compared
with round-robin. Of course, the greedy algorithm achieves this performance
improvement by violating the QoS requirements of certain users.
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We ignore the effects of fast multi-path fading in most of the simulations be-
cause it is not clear how well fast fading can be tracked in practical systems.
However, for completeness, we study the effect of fast Rayleigh fading in the
following simulation. We adopt the simulation model for fast Rayleigh fading
in [19], which modulates the amplitude of the inphase and quadrature com-
ponents of a carrier with a low-pass filtered zero-mean Gaussian noise source.
We consider two cases. In the first case, fast fading can be accurately esti-
mated. In the second case, fast fading cannot be estimated, and thus there
exists estimation errors (of the U;s) in the simulation. Note that in all other
simulations in this paper, fast fading is not simulated, and perfect estimation
of the U;s is assumed. Hence, besides studying the effect of fast fading, this
simulation also provides some indication of the robustness of our scheduling
scheme and its implementation.

Due to space limitations, we refer readers to [11] for the plots associated
with this simulation, which are very similar to Figures 3 and 4. Compared
with round-robin, the overall system performance is improved by 72% in our
scheduling scheme when fast fading can be estimated accurately and by 67%
when fast fading cannot be estimated. In both cases, our scheduling policy
can satisfy the resource-allocation requirements. For the greedy algorithm, the
improvements are 119% and 117%, respectively. When fast fading exists and
cannot be estimated, it introduces errors to the estimates of users’ performance
values. Hence, the system performance degrades to some extent in both our
scheduling scheme and the greedy scheme. We also notice that when fast fading
exists, the opportunistic scheduling scheme has higher improvement than the
corresponding improvement in the previous simulation when fast fading is
not simulated. This result is not surprising because the larger the variance
of users’ performance values, the higher the gain of opportunistic scheduling
over non-opportunistic scheduling schemes in general. We should point out
that our simulation on fast fading uses a simplified model. We assume fast
fading is constant during a generic time-slot, and it only effects the SINR of
users. In practice, fast fading can have substantial effects on bit error rates,
and may result in numerous retransmissions. Hence, tracking of fast fading
and suitable channel coding schemes (e.g., redundancy incremental coding),
including their effects on opportunistic scheduling schemes, should be studied
further. We have presented two sets of simulations for the temporal fairness
scheduling scheme here. In summary, the simulation results show that the
opportunistic scheduling policy can provide significant system performance
gains and satisfy the fairness requirements. In addition, the scheme is robust
to estimation errors.
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9.3 Utilitarian Fairness Scheme

In this section, we show results for the utilitarian fairness scheduling scheme.
We set the performance requirements of users as:

a=1[0.02 0.08 0.05 0.05 0.02 0.1 0.1 0.02 0.1 0.1],

where >, a; = 64%. In this setting, users 1, 5, and 8 have relatively low per-
centage requirements. Recall that these users have low and inelastic perfor-
mance values. Therefore, to achieve the same amount of performance as other
users, they require a larger portion of the resource. Hence, we assign these
users low requirements to prevent them from using up too much resource in
the system.

Figure 5 shows the average performance values of the users in different schedul-
ing schemes. The x-axis represents the users’ IDs, and the y-axis is the average
performance value. In the figure, the first bar indicates the average perfor-
mance values of users under the round-robin scheduling scheme. The second
bar is the minimum-performance value the user should get, which is calculated
as:

T k
. > k=1 UQ(ﬁk)l{user i is active}
7

Y

T
D=1 1{user i is active}

where T is the total number of time-slots simulated, and T = 1,000, 000.
The denominator is the total amount of time the user is active, whereas the
numerator is the total system performance when the user is active. In other
words, a user requires a share of the system performance only when it is active.
The third bar indicates the performance value obtained from our scheduling
policy. We can see in Figure 5 that all users obtain performance values larger
than their minimum requirements. Moreover, most users achieve higher per-
formance values than that of the round-robin scheme although there is no
guarantee that the utilitarian scheme outperforms round-robin for each user.
The rightmost bar is the result of the greedy algorithm. Compared with the
round-robin scheme, our scheduling policy improves the overall system perfor-
mance by 50% while the greedy scheduling has an improvement of 110%.

Figure 6 shows the average amount of resource consumed by different users.
The first bar represents the round-robin scheduling policy, the second bar
represents our scheduling policy, and the third bar is for the greedy scheduling
policy. The greedy scheduling scheme allocates most resource to users in very
good conditions (users 9 and 10). The utilitarian scheme, which also favors
good users, allocates more resource (than the greedy algorithm) to other users
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to satisfy their fairness constraints.
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Fig. 5. Average performance value in the utilitarian fairness scheduling simulation.
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Fig. 6. Portion of resource shared by users in the utilitarian fairness scheduling
simulation.

9.4 Minimum-performance Guarantee Scheme

Next, we show simulation results for the opportunistic scheduling scheme with
minimum-performance guarantees. First, we run the simulation for 1,000,000
time-slots using the round-robin scheduling policy, where the resource is equally
distributed among all users, and active users are scheduled in a predetermined
order. Thus we get an average performance value and use it as the minimum-
performance requirement. Then we run the simulation using the opportunistic
scheduling policy, the round-robin policy, and the greedy scheduling policy.

Figure 7 shows the average performance values of users resulting from the
different scheduling policies. The first bar indicates the average performance
values using the round-robin scheduling policy, the second bar is the minimum-
performance requirement of a user, the third bar indicates the result from
our scheduling policy, and the rightmost bar is that of the greedy algorithm.
Note that our scheduling policy outperforms the round-robin policy uniformly,
which illustrates the “no-worse” guarantee discussed earlier in Section 5.2.
Compared with round-robin, our scheduling policy improves the overall system
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Fig. 7. Average performance value in the minimum-performance guarantee schedul-
ing simulation.

performance by 51% while the greedy scheduling has an improvement of 109%.
Similar to the previous simulation results, the greedy algorithm results in the
highest overall performance value at the cost of extreme unfairness among
users.

Figure 8 shows the amount of resource consumed by each user in different
scheduling policies. The first bar represents round-robin, the second bar repre-
sents our scheduling policy, and the third bar is the greedy scheduling scheme.
As before, the greedy algorithm results in the most biased time-fraction allo-
cation.
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Fig. 8. Portion of resource shared by users in the minimum-performance guarantee
scheduling simulation.

In summary, the simulations show that using our scheduling policies, the sys-
tem can achieve significant performance gains while satisfying the QoS /fairness
requirements. In the simulations with fairness constraints, there is no guaran-
tee that every user performs better than using the round-robin policy. In the
simulations with the minimum-performance requirement, we set the require-
ment to be the performance value obtained from round-robin; consequently,
all users perform better using our policy than that in round-robin. In all the
simulations, the greedy scheme, as expected, has the best performance at the
cost of extreme unfairness among users, which indicates the possible tradeoff
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between users’ QoS /fairness requirements and the system performance gain.

10 Conclusion

Opportunistic scheduling is a way to improve spectrum efficiency by exploiting
time-varying channel conditions. In this paper, we present a general framework
for opportunistic scheduling—to maximize the average system performance
by exploiting variations of the channel conditions while satisfying certain fair-
ness/QoS constraints. The framework provides the flexibility to study a variety
of opportunistic scheduling problems (many of the previously considered cases
by us and others fit well into this unified framework). Using this framework,
we have studied three scheduling problems: to maximize the system perfor-
mance with a temporal fairness requirement, a utilitarian fairness requirement,
and a minimum-performance requirement for each user. We provide optimal
solutions to each scheduling problem, and discuss their properties. Different
scheduling schemes may be suitable for different application scenarios. We also
study the asymptotic behavior of opportunistic scheduling schemes. We show
that our results can be extended to more general cases. Furthermore, as a part
of the framework, implementational procedures are provided and a stochas-
tic approximation algorithm is developed to estimate parameters involved in
the optimal policies. Lastly, we show via simulations that our opportunis-
tic scheduling schemes result in substantial system gains while maintaining
users’ QoS /fairness requirements. Further studies using our framework include
scheduling problems involving other requirements, especially short-term and
delay requirements.
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A Proof of Convexity

Suppose L anquAQ are two achievgble performance vectors. _We show that for
any 0 < a <1, C =aC"+ (1 —a)C? is also achievable. Let C* be achieved by
policy Q! and C? be achieved by policy Q2. Define a “combined” policy Q) by

QHU) if A=1

Q) = . .
Q*(U) otherwise,

where A is a random variable such that P{A = 1} = a. Then C is achieved
by policy Q. O

B Proof of Asymptotic Performance Bound

In this section, we prove the asymptotic results presented in Prop. 6.

Proof: 1t is straight-forward to show that E(Zy) = O(N). We have

N = m?XUi <|Upl+ -+ |Up]|
= E(Zy) < E(|U1]) + -+ E(|JUy]) < CON.

Hence, E(Zy) = O(N).

Next, we prove the second part of the proposition. Let € > 0 be given. Then,
there exists o such that 1 < a < 1/(1 —¢). Let

1—Lax>1
F(z) = ‘
0 r < 1.

We show that if the U;s are i.i.d. random variables with the above distribution
function F', then limy .o, E(Zy)/N'¢ = oo.

Let
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by =N,
YN - ZN/bNa
exp(—x~%) if x >0,
H(x) p(—z7)
0 otherwise,

E(W) :71 — H(z)dz,

where W is a random variable with the distribution function H(xz). Note that
0< E(W) < oco. Let

Fn(z)=P{Yy <z}
= (P{U; < byx})™

=) ez Nve

&N

0 otherwise.

Because

N
lim (1 - ) =exp(—z~%), x>0,

N—oo

TN

Yy converges to W in distribution. ! Next, we show that E(Yy) converges to

E(W). Note that (1 — %)m is an increasing function of x for z > 1. Hence, for
xr>1and N > 1, we have

Let ¢ > 0 be given. Because U; has finite mean, there exists M’ > 1 such that

fl—FN(x)de 71—F(:p)dx§e'/3. (B.1)

Furthermore, because W has finite mean, there exists M > M’ such that
Ji 1 — H(z)dz < €/3. Define function f by f(z) = min(M,z). Then f

I This convergence can also be obtained via results in extreme order statistics.
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is a bounded continuous function. Because Yy converges to W in distri-
bution, limy_.. E(f(Yn)) = E(f(W)). Hence, there exists L such that for
N> L, |E(f(Yn)) — E(f(W))| < ¢/3. Furthermore, because P{Yy < z} =
P{f(Yy) <z} for0 <z < M, wehave E(Yn) = E(f(Yn))+ /iy 1 — Fn(z) dz.
From (B.1) and because M’ < M, we have |E(Yy) — E(f(Yn))| < €/3. Simi-
larly, |E(f(W)) — E(W)| < € /3. Hence, for the given ¢ > 0, we have that for
N> L,

|E(YNn) — E(W)]
<|E(f(Yn)) = E(fW) +E(f(YN)) — E(Yn)| + |E(f(W)) — E(W)
<¢.

Thus, limy_. E(Yy) = E(W), ie., limy_ E(Zy)/NY* = E(W). Recall
that a < 1/(1 — €). Hence,

. E(Zy)
J\ll_l,noo Nl—e -

as stated in the proposition. O
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