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Abstract— We present an “opportunistic” transmission scheduling pol-
icy that exploits time-varying channel conditions and maximizes the system
performance stochastically under a certain resource allocation fairness con-
straint. We establish the optimality of the scheduling scheme and also de-
scribe a practical scheduling procedure to implement our scheme. Through
simulation results, we show that the scheme also works well for nonsta-
tionary scenarios and results in performance improvements of ��� – �����	�
compared with a scheduling scheme that does not take into account chan-
nel conditions. Furthermore, we note that in wireless networks, an impor-
tant role of resource allocation is to balance the system performance and
fairness among “good” and “bad” users. We propose three heuristic time-
fraction assignment schemes, which approach the problem from different
viewpoints.
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I. INTRODUCTION



UTURE wireless networks are designed to support wide-
band data communications as well as voice communica-

tions. Such a network will be the basis for a wireless information
society where access to information and information services
such as electronic commerce is available anytime, anywhere,
and to anybody. Throughout the world, the demand for wire-
less communication systems has increased exponentially in the
last few years. Because wireless frequency is a scarce resource,
efficient frequency utilization is becoming increasingly impor-
tant. Resource allocation schemes and scheduling policies are
critical to achieving these goals.

In wireline networks, resource allocation schemes and
scheduling policies play important roles in providing service
performance guarantees, such as throughput, delay, delay-jitter,
fairness, and loss rate [1]. However, resource allocation and
scheduling schemes from the wireline domain do not carry over
to wireless systems because wireless channels have unique char-
acteristics not found in wireline channels, such as limited band-
width, time-varying and location-dependent channel conditions,
and channel-condition-dependent throughput.

In wireless networks, the channel conditions of mobile users
are time-varying. Radio propagation can be roughly char-
acterized by three nearly independent phenomena: path-loss
variation with distance, slow log-normal shadowing, and fast
multipath-fading. Path losses vary with the movement of mobile
stations. Slow log-normal shadowing and fast multipath-fading
are time-varying with different time scales. Thus, users per-
ceive time-varying service quality and/or quantity because chan-
nel conditions are time-varying. For voice users, better channel
conditions may result in better voice quality. For packet data
service, better channel conditions (or larger signal to interfer-

ence plus noise ratio (SINR)) can be used to provide higher data
rates by reducing coding or spreading and/or increasing the con-
stellation density. Previous research shows that cellular spectral
efficiency (in terms of b/s/Hz/sector) can be increased by a fac-
tor of two or more if users with better links are served at higher
data rates [2]. Procedures to exploit this are already in place for
all the major cellular standards: adaptive modulation and coding
schemes are implemented in the 3G TDMA standards, and vari-
able spreading and coding are implemented in the 3G CDMA
standards. In general, a user is served with better quality and/or
at a higher bit rate when the channel condition is better.

On one hand, good scheduling schemes should be able to ex-
ploit the time-varying channel conditions of users to achieve
higher utilization of wireless resources. On the other hand, the
potential to exploit higher data throughputs in an opportunis-
tic way, when channel conditions permit, introduces the trade-
off problem between wireless resource efficiency and fairness
among users. Because wireless spectrum is a scarce resource,
improving the efficiency of spectrum utilization is important,
especially to provide high-rate-data service. Hence, we cannot
expect the same throughput for all users because the users in
general can have very different channel conditions. However, a
scheme designed only to maximize the overall throughput could
be very unfair among users, especially users with widely dis-
parate distances from the base station. For example, allowing
only users close to the base station to transmit with high trans-
mission power may result in very high throughput, but is un-
fair to other users. This basic dilemma motivates our work: to
improve wireless resource efficiency by exploiting time-varying
channel conditions while at the same time control the level of
fairness among users.

In this paper, we consider a time-slotted system in which time
is the resource to be shared among the users. Associated with
each user is a number between � and � representing the long-
term fraction of time to be assigned to the user. This “time-
fraction assignment” to users represents the fairness constraint.
Given this fairness constraint, the problem is to determine which
user should be scheduled to transmit at each time slot so that
network performance is optimized. To solve this problem, we
present an opportunistic scheduling scheme that maximizes the
wireless resource utilization by exploiting time-varying chan-
nel conditions, taking into account the fairness constraint (i.e.,
our scheme is optimal among all schemes that satisfy the fair-
ness constraint). The time-fraction assignment representing the
fairness constraint can be obtained as a byproduct of resource
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allocation schemes, which we will describe in Section III-D.
Recently, the authors of [3], [4], [5] have studied wireless

fair scheduling policies. They extend scheduling policies for
wireline networks to wireless networks which provide various
degrees of performance guarantees, including short-term and
long-term fairness, as well as short-term and long-term through-
put bounds. However, they model a channel as either “good” or
“bad,” which might be too simple to characterize realistic wire-
less channels, especially for data service.

In [6], [7], the authors present a scheduling scheme for the
Qualcomm/HDR system which satisfies the following fairness
property: if another scheduling algorithm is used to increase the
throughput of a specific user by ��� over what that user receives
under the HDR scheduling algorithm, the sum of all the percent-
age decreases suffered by the throughputs of all the other users
under the new algorithm will be more than ��� [7]. This prop-
erty is known as proportional fairness [8]. The HDR algorithm
also exploits time-varying channel conditions while maintain-
ing proportional fairness. However, their measure of fairness is
different from ours, as is their objective function. Our structure
of fairness is more flexible — the system can explicitly set the
fraction of time assigned to each user. Furthermore, our scheme
outperforms the HDR scheduler in terms of the overall through-
put in all cases, although there is no guarantee that a single user
performs better.

The paper is organized as follows. In Section II, we introduce
the system model. In Section III, we present our opportunistic
scheduling policy and the proof of its optimality is attached in
the appendix. We also describe a practical scheduling procedure
to implement our scheme. Furthermore, we give three heuristic
time-fraction assignment schemes. In Section IV, we show sim-
ulation results to illustrate the performance of our scheduling
policy. Conclusions and future work are presented in Section V.

II. SYSTEM MODEL

We consider a time-slotted system—time is the resource to
be shared among all users. At any given time, only one user
can occupy a given channel (frequency band) in a cell; multi-
ple users could transmit at different frequencies. We focus on
the scheduling problem for one channel. Note that a channel
in this context could be very large. For example, it is possible
for 10 users to share 1MHz frequency band for high rate data
service while in IS-136 standard, a voice channel takes 10KHz
bandwidth. The time-fraction assignment scheme dictates the
fraction of time that a user should transmit on the channel. The
scheduling algorithm then decides which time slot should be as-
signed to which user, given the time-fraction assignment. This
time-fraction assignment can be viewed as the fairness require-
ment in the system.

As explained previously, channel conditions in wireless net-
works are time-varying, and thus users experience time-varying
performance. We use a stochastic model to capture the time-
varying and channel-condition-dependent performance of each
user. Specifically, let �����	�
 be a stochastic process associated
with user � , where ���	 is the level of performance that would
be experienced by user � if it is scheduled to transmit at time


. The value of ���	 measures the “worth” of time-slot



to the
user � , and is in general a function of its channel condition. The

value of � �	 could also depend on other factors, such as user
� ’s throughput and power consumption. Usually, the better the
channel condition of user � , the larger the value of ���	 .

Recently, the notion of “utility” has been used to study wire-
less resource management problems [9], [10]. Utility is gener-
ally defined as a measure of satisfaction that a user derives from
accessing the wireless resource (in terms of bandwidth, power,
etc). Along these lines, we can think of the value of ���	 as the
“utility value” of the channel to user � at time



. However, un-

like the typical usage of utility, note that in this paper, we model
a user’s channel-utility value as a stochastic process, capturing
the important feature of wireless systems that channel condi-
tions are time-varying.

Next, we present some examples of possible performance
measures. The most straightforward performance measure is the
throughput (in terms of bits/sec) or the “monetary value” of the
throughput (in terms of dollars/sec), where the throughput is the
number of information bits successfully transmitted between the
base station and the mobile user per time slot. Usually, a user’s
throughput is a nondecreasing function of the signal to interfer-
ence plus noise ratio (SINR). Depending on the class of a user,
the throughput could be a step function, an S-shape function,
or a linear function of the SINR, as shown in Figure 1. Hence,
different classes of users may have different throughput values
even with the same channel condition. In our system model, we
do not make any assumptions on the physical-layer implementa-
tion of the system. Note also that the throughput of a user could
be limited by the user’s interference to other cells. For example,
consider a user at the edge of a cell, where the user’s transmis-
sion causes significant interference to a neighboring cell. When
the neighboring cell is heavily load, the user’s maximum trans-
mission power may have to be limited to avoid undue interfer-
ence to the neighboring cell.
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Fig. 1. Users’ throughput as a function of SINR.

Besides throughput, other issues could also be important to
users and different users could have different performance mea-
sures. For example, a user on a vehicle where there is no scarcity
of power may be concerned only about the throughput. On the
other hand, power consumption is very important to a handset
user, and hence the performance of such a user could have the
form:

value of throughput � cost of power consumption �
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In summary, the performance value � �	 is an abstraction used
to capture the time-varying and channel-condition-dependent
“worth” of a time slot to a user. The use of such a general perfor-
mance model frees us from physical-layer implementation de-
tails and allows us to focus on the problem of designing schedul-
ing policies. We assume throughout that performance values for
different users are comparable and additive. For example, the
unit of the performance values could be “dollars per time unit”
for all users. In other words, if ������ � �� , then assigning time
slot



to user � rather than user � will lead to higher system per-

formance. Also, if � �� and � �� are the performance values for
user � at time slots � and � , then the total performance over the
two time slots is � ���� � �� .

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 begin-
ning of a time slot, the scheduler (i.e., the base station) decides
which user should be assigned the time slot based on the per-
formance values of the users at that time slot. (We describe a
particular scheduling procedure in Section III-C, including how
the scheduler obtains information about the users’ performance
values.) 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, the base station will transmit to
the user in that time slot. If time slot



is assigned to user � , the

system is “rewarded” with a performance value of ���	 ; i.e., user
� ’s performance value at time slot



. The goal of the schedul-

ing scheme is to maximize the average system performance by
exploiting the time-varying channel conditions, given the time-
fraction assignment. Basically, the scheduling policy systemati-
cally assigns a time slot to a user with a performance value that
is large relative to those of the other users, while satisfying the
time-fraction requirements of users (fairness constraint).

Our scheduling scheme could be implemented in TDMA/FDMA
systems as well as time-slotted CDMA systems. The length of a
time slot in the scheduling policy can be different from an actual
time slot of a physical channel. The length of a scheduling time
slot depends on how fast the channel conditions vary and how
fast we want to track the variation. As mentioned in [11], it is
necessary to “track” (at least slow fading) signal-level variations
for better network performance.

III. OPTIMAL SCHEDULING POLICY

In this section, we describe the scheduling problem and our
scheduling scheme. Let � 	 denote the time-fraction assigned to
user � , where �
		�� � � 	�
 � and � is the number of users in the
cell. Here, we assume that the � 	 ’s are predetermined and serve
as a prespecified fairness constraint — on average, a fraction � 	
of the whole time should be scheduled to user � . Our goal is
to develop a scheduling scheme that exploits the time-varying
channel conditions to maximize the system performance, under
the time-fraction constraints � 	 , � 
 ������������� .

Let �� � 
�� � �� ��������� ���	 �
be the performance vector at time

slot



, where ���	 is the performance value achieved by user � if
time slot



is assigned to user � . We assume that ���	 is nonnega-

tive and bounded. We assume that ���� � 
 is stationary, so that the
time index



can be dropped. Specifically, we use the notation�� 
�� � � ��������� � 	 �

, where � 	 is a random variable representing

the performance value of user � at a generic time slot.
The scheduling problem is stated as follows: given �� , deter-

mine which user should be scheduled (in the given time slot).
We define a policy � to be a mapping from the performance-
vector space to the index set � ������������� ��� 
 . Given �� , the policy� determines the user to be scheduled: if � � �� � 
 � , then user �
should use the time slot, and the system receives a performance
“reward” of �"!$#�%&(' (i.e, � 	 ). Hence, ) � �"!"#�%&(' � is the average
system performance value associated with policy � . Note that
the policy � is potentially “opportunistic” in the sense that it can
use information on the performance vector �� to decide which
user to schedule.

We are interested only in policies that result in satisfaction of
the time-fraction assignment constraints. Specifically, we say

that a policy � is feasible if *
+(� � �� � 
 ��, 
 � 	 for all � 

�����������-� . Feasible policies are those that obey the given fairness
constraints. We use . to denote the set of all feasible policies.

Our goal is to find a feasible policy � that maximizes the
average system performance while satisfying the fairness con-
straints. The problem can be stated formally as follows:/103254�/6487�9!$:�; )=< �$!$#>%&?'A@ � (1)

Note that we can write

)=< �"!$#�%&B'A@ 
 )DC 	E
	�� � � 	GFIH !$#>%&?' � 	KJ�L


 	E
	8� � ) < � 	 F H !$#�%&(' � 	MJ @ �

where FON 
QP � if R occurs,
� otherwise

is the indicator function of the event R . In other words, the
overall objective function is the sum of all users’ average per-
formance values (where we reap a reward of � 	 only if user � is
scheduled).

Recall that we assumed the sequence ���� � 
 to be stationary.
This assumption does not preclude correlations across users or
across time. In practice, a user’s channel condition is usually
time-correlated, for example, due to shadowing. Hence, a user’s
performance is usually also time-correlated. Furthermore, the
performance of different users may also be correlated. For ex-
ample, when the intercell interference is high, most users’ per-
formance values simultaneously decrease.

In the following, we first present our opportunistic scheduling
policy given a time-fraction assignment. We attach the proof of
its optimality in the appendix. Then we explain how to esti-
mate the parameters used in the policy. Finally, we describe a
procedure to implement our scheduling policy by tuning the pa-
rameter values based on measurements.

A. Opportunistic Scheduling Policy

A.1 2-user Case

For the purpose of illustration, we start with the 2-user case.
Suppose that user 1 and user 2 have time-fraction assignments
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� � and � � , respectively, and � � � � � 
 � . We wish to find an
opportunistic policy that solves (1).

Define � ��� � 
 * � � � � ��� � � 
 , where ����� . Because � ��� �
is the distribution function of the random variable � � � � � � � ,� �	� � is a right-continuous monotonically increasing function of� with � ��
 � 
 � and � � � 
 � 
 � . Hence, there exists a �
�
(which may not be unique) such that for any � � � ,

� �	� � ��� ��� � � � � �	� � � �
where � � is the time-fraction assignment of user 1.

We consider the scheduling policy under two conditions.
1. � ��� � � 
 � � : The opportunistic scheduling policy in this case
is given by

� � � �� � 
QP � if � � � ����� � � �� otherwise.

2. � ��� � � � � � : Let ��� �	� � 
 * � � � � � � � � 
 , which is a
left-continuous monotonically increasing function of � . So

� � �	��� ��� � ��� � �	� � ���
i.e., � �	��� � � � � �	��� � 
 * ��� � � ��� 
 � � 
 � � . Let � 
� � � � � � �	��� �G��� � � ����� � � � � �	��� �G� . Note that � � � � � . The
opportunistic scheduling policy is then given by

� � � �� � 
 ��� ��!
� if � � � ��� � � �
� with prob. � if � � � ��� 
 � �� with prob. � �"� if � � � ��� 
 � �� if � � � ��� � � �

It is clear that the policy � �3� �� �
defined above is feasible:* � � � � �� � 
 � 
 
 * � � � � � � � � � 
 � * � � � � � � 
 � � 
 � 
 � � �

The policy can be described as follows. The space spanned by
� � and � � is divided into two halves by the line � � � ��� 

� � . Above the line (i.e., � � � � � � ��� ), we always schedule
user � to transmit. Under the line (i.e., � � � ��� � � � ), we
always schedule user � to transmit. If the probability of the line
is positive, some randomization is needed if we fall on the line—
with probability � , we schedule user � and with probability � ��� ,
we schedule user � , where � 
�� � � � � � ����� �G��� � � ����� � � � � �	��� �G�
is determined by the time-fraction assignment constraint.

A.2 General Case

Now we extend the policy from the previous section to the� -user case. Define

� 	 � �� � 
 * ��� 	 � � 	 � /1032#%$� 	 � � # � � # � 
 � for � 
 � ����������� �
where �� 
 �	� � ��������� � 	 �

. Note that � 	G� �� � is a monotonically-
increasing right-continuous function of � 	 and a monotonically-
decreasing left-continuous function of � # , &('
 � . There exists a�� � that satisfies * � � �3� �� � 
 � 
 
 � 	 , where the opportunistic
policy is � � � �� � 
 0*)�+�/10 2	 � � 	 � � �	 � � (2)

In the 0*)�+�/10 2 above, we break ties probabilistically by pick-
ing a user � among those that achieve the maximum above with
probability� 	 � * ��� 	 � ���	 � /10 2 #%$� 	 � � # � ���# � 
* � � 	 � � �	 
 /1032 #%$� 	�� � # � � �# � 
 � (3)

Note that ���� is not unique. There are � components but only� � � independent constraint equations: * � � �3� �� � 
 � 
 
 � 	 ,
for � 
 �����������-� � � , and * � � � � �� � 
 � 
 
 � � � 	 � �	8� � � 	 is
a linear combination of the first � � � equations, we can simply
set � 	 
 � .

The policy � � is a solution to the problem defined in Eq. (1);
i.e., it maximizes the average system performance under the fair-
ness constraint. The parameter ��
� is the “offset” used to satisfy
the time-fraction assignment constraint. Under this constraint,
the scheduling policy schedules the “relatively-best” user to
transmit. User � is the “relatively-best” user if � 	 � ���	 � � # � ���#
for all & . In a special case where �
�# 
 � for all & , the scheduling

policy reduces to � � � �� � 
 0*)�+�/10 2 	 � 	 ; i.e., always schedule
the user with the largest performance value to transmit.

B. Parameter Estimation

Basically, the opportunistic scheduling policy is given by� � � �� � 
 0,)-+ /6032	 � � 	 � � �	 � �
where the ���	 s are parameters determined by the distribution of�� . In practice, this distribution is unknown, and hence we need
to estimate the parameters � �	 , � 
 � ����������� . Figure 2 shows a
block diagram of a practical scheduling procedure that incorpo-
rates on-line estimation of these parameters.

Channel

Measure Apply

Policy

Q(U)

Update
v*

U

i=1,2,...,N

i
Estimate

Performance
     Value

Fig. 2. Block diagram of the scheduling policy with on-line parameter estima-
tion

In this section, we focus on the block that implements the
on-line estimation of the parameters �
�	 , � 
 �����������-� , labeled
“Update ��� ” in Figure 2. We use a standard stochastic approxi-
mation algorithm to estimate ��
� (the vector of the ���	 s).

We first explain intuitively the idea of the stochastic approxi-
mation algorithm used in this paper. For a systematic and rigor-
ous study of stochastic approximation algorithms, see [13], [14].
Suppose we want to solve the root-finding problem . � � � � 
 � ,
where . is a continuous function with one root � � (both � � and. � � � � are vectors of the same dimension). If we can evaluate the
value of . � � � at any � , then we can use the iterative algorithm

� �0/ � 
 � � ��1 � . � � � � �
which will converge to � � as long as the step size 1 � is appro-
priately chosen; e.g., 1 � 
 � � 
 . Suppose that we cannot obtain
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exactly the value of . � � � � at � � , but instead we only have a
noisy observation � � of . � � � � at � � ; i.e., � � 
 . � � � � ��� �
where � � is the observation error (noise). In this case, it is well-
known that if ) � � � � 
 � (i.e., the mean of the observation error
is zero), then the algorithm

� �0/ � 
 � � � 1 � � � �
converges to � � with probability � under appropriate conditions
on 1 � and . (see, e.g., [13], [14]).

In this paper, we use a stochastic approximation algorithm to
estimate ���� . For this, note that we can write ��
� as a root of the
equation . � ���� � 
 � , where the � th component of . � ��
� � is given
by

. 	-� �� � � 
 * � � � � �� � 
 � 
 � � 	 � � 
 �������������
and � � � �� � 
 0,)-+ /10 2	 � � 	 � � �	 � �
We use a stochastic approximation algorithm to generate a se-
quence of iterates �� � � �� � ������� that represent estimates of ��
� . Each�� defines a policy � � given by� � � �� � 
 0,)-+ /10 2	 � � 	 � � �	 � �
To construct the stochastic approximation algorithm, we need
an estimate � � of . � �� � � . Note that although we cannot obtain. � �� � � directly, we have a noisy observation of its components:� �	 
 FIH !��>#>%&B' � 	KJ � � 	 � � 
 � ���������-� �
The observation error in this case is

� �	 
 � �	 � . 	G� �� � � 
 F H ! � #>%&?' � 	KJ � * � � � � �� � 
 � 
 �
and thus we have ) � � �	 � 
 � . Hence, we can use a stochastic
approximation algorithm of the form

� ��/ �	 
 � �	 ��1 � < F�H ! � #�%&(' � 	MJ � � 	 @ �
where 1 � 
 � � 
 . For the initial condition, we can set � �	 to
be � , or some estimate based on the measurement history. For
the above algorithm, following the standard proof of [13], we
can show that � � �	 
 converges to ���	 with probability � . Further-
more, to accelerate and to reduce the range of the fluctuation the
convergence of the stochastic approximation algorithm, we can
use the standard technique of averaging (see, e.g., [14]):

�� 	 � 
 �
� � �
�� �� 	 � � � � �
 � �	 �

Furthermore, simulations show that with the stochastic approxi-
mation algorithm, � �	 converges to ���� relatively quickly.

When the � 	 ’s are not continuous random variables, there
may be “ties” in the argmax of � � in Eq. (2). Specifically, ties
occur when * � � 	 � ���	 
 /10 2 #%$� 	�� � # � ���# � 
 � � for some � .
In this case, � �	 will still converge to ���	 . However, we should
break ties probabilistically by picking a user � among those that
achieve the maximum with the probability shown in Eq. (3). In

practice, we do not need to estimate this probability in Eq. (3)
because the tie-break can be handled automatically by the adap-
tive nature of the stochastic approximation algorithm. To see
this, imagine � �	 fluctuating around �
�	 within a small range;
when � �	 is too large, we have * � � 
 � 
 � � 	 and hence � �	 will
be dragged down. Our simulation results show that the stochas-
tic approximation algorithm works well in both the continuous
and “tie-break” cases — the system performance obtained with
the stochastic approximation scheme is very close to that of the
true optimal value while maintaining the fairness requirements.

C. Implementation Considerations

So far, we have described our scheduling policy, proved its
optimality (in the appendix), and addressed the problem of esti-
mating the parameter values needed for the policy. In this sec-
tion, we explore some implementation considerations for our
scheduling policy.

In our scheduling policy, the base station needs to obtain in-
formation of each user’s performance value at a given time slot
to make the scheduling decision.

The performance value of a user can be estimated either by
the user or by the base station, based on the channel condi-
tion and/or measurements from previous transmissions. For the
downlink case, a user could measure the received signal power
level (from the user’s base station) and the interference power
level. The user could then calculate the performance value of
the time slot based on the channel condition and other factors
(such as power consumption). For example, suppose a user’s
performance is defined as its throughput, which is an S-shape
function of the SINR, as shown in Figure 1. Based on the es-
timated SINR, the user can then obtain its performance value.
For the uplink case, the base station could estimate the user’s
channel condition based on the received signal from the user.
Assuming the base station knows the form of the performance
value for each user (i.e., how the performance value depends
on the SINR and/or other factors), the performance value could
then be calculated by the base station.

If the performance value is estimated by the user, this infor-
mation needs to be sent to the base station, which can be accom-
plished in several ways. For example, each user could maintain
a small signaling channel with the base station. Alternatively,
the required information could be piggybacked over the user’s
acknowledgment packets.

As mentioned before, the length of a time slot in our schedul-
ing policy can be different from an actual time slot of the phys-
ical channel. The length of a scheduling time slot depends on
how fast the channel condition varies and how fast we want to
track the variation. The usual tradeoff between accuracy and
signaling overhead exists here. Specifically, more frequent up-
dating provides more accurate tracking of varying channel con-
ditions, but incurs higher signaling costs. In practice, to decrease
signaling costs, a user can update its information only when the
change in the performance value is larger than a certain thresh-
old. Furthermore, it is not necessary for all users to update at
the same time.

In the following we summarize our scheduling procedure,
which incorporates the on-line parameter estimation algorithm
described in the last section. As mentioned before, the initial
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value of �� � can be set to �� or some estimate based on history in-
formation. At each time slot


 
 � ���I������� , the system performs
the following steps:
1. Estimate � �	 ;
� Uplink: the base station estimates each user’s channel con-

dition and calculates the values of � �	 , � 
 �����������-� ;
� Downlink: user � measures its channel condition, calculates
� �	 , and informs the base station;
2. The base station decides which user should be scheduled to
transmit in the time slot based on the scheduling policy:� � � �� � � 
 0,)-+ /6032	 � � �	 � � �	 ���
3. The scheduled transmission takes place;
� Uplink: the base station broadcasts the ID of the selected

user and the selected user transmits in the time slot.
� Downlink: the base station transmits to the selected user;

4. The base station updates the parameter vector �� ��/ � via

� ��/ �	 
 � �	 � 1 � < FIH ! � #�%& � ' � 	KJ � � 	 @ �
For the stationary case, we set 1 � 
 � � 
 . For the nonstationary
case, we set 1 � to a small constant to track system variations.
Note that the computation burden above is

� � � �
per time slot,

where � is the number of users sharing the channel (usually in
the order of tens), which suggests that the procedure is easy to
implement in practice.

D. Time-Fraction Assignment

In the previous section, our opportunistic scheduling scheme
assumed a given time-fraction assignment. The time-fraction
assignment � � � � � ���-� 	 represents a prespecified allocation re-
quirement. In the following, we describe three time-fraction as-
signment schemes, which approach the problem from different
viewpoints.
User bidding: Suppose � 	 is the amount of money that user �
is willing to pay per unit time to access the wireless resources.
The network then assigns time-fractions to users in proportion
to their willingness to pay:� 	 
 � 	� 	#-� � � # �
Hence, the more a user is willing to pay, the higher the fraction
of the resources assigned to the user.
Fair sharing: If there are � users in the system, each user is
assigned � 	 
 � � � ; i.e., each user receives the same share of
resources. This scheme provides fair resource sharing assum-
ing users are homogeneous. We can extend this scheme to the
multi-class case as follows. Suppose there are � classes of users,
where each class has � 	 active users, and an associated weight
� 	 reflecting the importance and/or resource requirement of this
class. Then the time-fraction assignment for a user in class � is:� 	 
 � 	� �#-� � � # � # �
Bias sharing: The philosophy here is to allocate resources to
users in proportion to their expected performance values. The

corresponding time-fraction assignment is given by

� 	 
 ) � � 	 �� 	#-� � ) � � # � �
This scheme clearly favors users with high performance values,
but at the same time does not totally ignore the requirement of
users with poor performance values.

IV. SIMULATION RESULTS

In this section, we present numerical results from computer
simulations of our scheduling scheme. Our scheduling policy
exploits time-varying channel conditions—the policy dynami-
cally decides which user should be scheduled to transmit in a
time slot based on users’ current performance values. For the
purpose of simulations, we assume that the time-fraction as-
signment is done using fair sharing, i.e., the total resources are
evenly divided among the users. The well known round-robin
scheme is a policy that shares the resource (time in this case) in
this manner, but does not exploit channel conditions. To evalu-
ate the performance gain of our dynamic and opportunistic as-
signment of transmissions, we compare the performance of our
policy with that of the round-robin scheme.

Our simulation environment is described in the following.
We consider a multi-cell system consisting of a center cell sur-
rounded by hexagonal cells of the same size. The 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 perfor-
mance of the downlink of the center cell because downlink com-
munication is more important for data services. The frequency
reuse factor is 3 and co-channel interference from the six first-
ring neighboring cells is taken into account. We assume that
each cell has a fixed number of frequency bands. Usually there
are tens of users in each cell sharing different frequency bands.
We focus on one frequency band, which is shared by 25 users
in the central cell. The scheduling policy decides which user
should transmit in this frequency band at each time slot. The
users have exponentially distributed “on” and “off” periods.

We model user mobility as follows. The velocities of mo-
bile users are independent random variables uniformly dis-
tributed between the minimum (2km/h) and the maximum ve-
locity (100km/h). The directions of mobile users are indepen-
dent random variables uniformly distributed between � and ��� .
A mobile user chooses its velocity when it becomes active and
the velocity is fixed during that on-period. The direction of a
mobile user changes periodically. When a user becomes active,
its location is uniformly distributed in the cell. If a user moves
out of the border, we assume that it reappears at a point that is
symmetric to the exiting point about the center base station.

As mentioned earlier, for our simulation experiments, we use
the fair sharing time-fraction assignment scheme. When the
number of active users � changes, i.e., when an active user be-
comes inactive or vice versa, we update the time-fraction assign-
ment � 	 for all active users. In other words, if � is the number
of active users sharing the channel in the central cell, then we
set � 	 
 � � � , for all � 
 ������������� .

The channel gains of the users are mutually independent ran-
dom processes determined by the sum of two terms: one due to



INFOCOM 2001 7

path (distance) loss and the other to shadowing. To be conserva-
tive, we assume, in the simulation, that the effects of fast multi-
path fading are averaged out via interleaving, diversity, etc. be-
cause current standards have not specified faster than frame-rate
adaptation. However, we should note that fast fading is consid-
ered in the Qualcomm/HDR proposal [6]. In fact, if fast fading
could be tracked, our scheme should provide even higher per-
formance improvements than shown here.

We adopt the path-loss model (Lee’s model) and the slow log-
normal shadowing model in [15]. Specifically, the channel gain� � 
 � (in dB) at time slot



between an arbitrary user at a distance�

from a base station is given by:� � 
 � 
 ��� � 
 � ��� � 
 � �
where ��� � 
 � and � � 
 � are terms representing path-loss and shad-
owing, respectively. The path loss ��� � 
 � (dB) is obtained as

� � � 
 � 
�� �	��
 � ��
�� + ��� � � � 
 �G� ��� � �
where � � is a correction factor used to account for different base
station and mobile station (MS) antenna heights, transmit pow-
ers, and antenna gains, and � 
 � � � � � � is a constant in the
simulation assuming that the transmission power of a base sta-
tion is fixed at 10W.

Shadowing is the result of the transmitted signal passing
through or reflecting off some random number of objects such
as buildings, hills, and trees. The shadowing term � � 
 � is usu-
ally modeled as a zero-mean stationary Gaussian process with
autocorrelation function given by) � � � 
 � � � 
 � �

�G� 
�� ����������! " �
where � " is the correlation between two points separated by a
spatial distance # (meters), and � is velocity of the mobile user.
In our simulation, we use a value of � � 
 � � � dB, corresponding
to a correlation of 0.3 at a distance of 10 meters, as reported by
Gudmundson [16].

The parameters of the simulation and their values are summa-
rized in Table I.

In the following, we describe the simulation procedure in de-
tail. At the beginning of the simulation, we set �� � 
 �� . We
maintain an ordered list of users in the system. Let � be the
number of active users. Each active user has a time-fraction as-
signment of � 	 
 � � � . At each time slot


 
 ������������� , the
following steps are simulated:
1. If user � is active, we generate ���	 . In our simulation, a
user’s performance is a function of its SINR, as shown in Fig-
ure 3. Each user measures the received power level from the
central base station, and the interference power level received
from neighboring cells. Based on these measurements, the user
calculates the SINR, and thus the corresponding performance
value as a function of SINR. Figure 3 shows the forms of the per-
formance values used by different users. To avoid crowding the
figure, we only show the performance functions of 
 users. The
performance values of users � and � are step-functions of their
SINR, and user � has a higher threshold than user � . The perfor-
mance values of users � – � are linear functions of their SINR (in
dB), with different slopes. Users $ – 
 have performance values

Cell radius 1000m
Propagation environments North American suburb
Frequency 1845 MHz
Distance Exponent ( % ) 3.84
Height of base station antenna 38.4m
Height of MS antenna 1.5m
base station transmission power 10W
base station antenna gain 6dB above dipole gain
MS antenna gain 0dB above dipole gain
Shadowing standard deviation 4.3dB
Shadowing correlation distance 10m
Background noise power 120dBm
Minimum speed 2km/h
Maximum speed 100km/h
Period for direction change 127 steps
Sample step size 10ms
Mean duration of on-period 5000 steps (50s)
Mean duration of off-period 2500 steps (25s)
Stochastic approximation step 0.01

TABLE I

SIMULATION PARAMETERS AND VALUES

that are S-shape functions of their SINR, with different parame-
ters. Totally, there are � users with step-functions, & users with
linear functions, and �'$ users with S-shape functions in the sim-
ulation.
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Fig. 3. Users’ performance values as a function of SINR.

2. Active users transmit their values of ���	 to the base station
through a signaling channel.
3. Based on the vector of performance values �� � , the base sta-
tion decides which user to schedule in the time slot:� � � �� � � 
 0,)-+ /6032	 : N � � �	 � � �	 � �
where R is the index set of all active users.
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4. If user & 
 � � �� � � is the selected user, then the base station
transmits to user & in the time slot



. The system receives a

performance “reward” equal to the performance value ���# .
5. In the round-robin scheduling scheme, we set

�
to be the

index of the next active user in our ordered list of users, and let
user

�
transmit. The system receives a performance “reward”

equal to the performance value ���� of user
�

.
6. The base station updates �� ��/ � for all active users as follows:

� ��/ �	 
 � �	 � 1 � < F H ! � #�%& � ' � 	KJ � � 	 @ �
Because we are simulating a non-stationary system, we set 1 � 

� � � � to track changes in the system. In general, the larger the
value of 1 � , the faster that � �	 tracks ���	 , but at the same time the
larger the fluctuation of � �	 around the value of ���	 .

The system performs the above procedure for every time slot.
Whenever the number of active users changes, the base station
updates the time-fraction assignment requirements according to
the fair sharing scheme, and the value of �� � at that time is used
as the initial value of the on-line parameter estimation procedure
in the new system state.

Figure 4 shows the results of our simulation experiment. In
the figure, the x-axis represents the users’ IDs. For each user, we
compare the average performance in our opportunistic schedul-
ing policy (the first bar) with that of the round-robin (RR) pol-
icy (the second bar). We can see that in every case, our oppor-
tunistic policy significantly outperforms the round-robbin pol-
icy, with gains of � � � to � $ � � . The amount of improvement
varies from user to user because different users have different
performance functions. The third (right-most) bar in the figure
is the ratio of the total number of slots assigned to each user
in our opportunistic scheme to that of the round-robin scheme,
which was set equal to that required by the time-fraction assign-
ment constraint. For all users, the third bar is virtually identical
to � . Hence, our scheduling scheme satisfies the time-fraction
assignment constraint, which indicates that our stochastic ap-
proximation algorithm works well in the simulation experiment
even in the nonstationary case.

Next, we show results for a simulation experiment designed
to evaluate the impact of our on-line parameter estimation pro-
cedure and the sensitivity of our opportunistic scheme to esti-
mation errors on parameters. We generate four time-correlated
Gaussian processes, representing the performance-value se-
quences for four users. We display in Table II the means and
standard deviations � of the Gaussian processes for the four
users. Each user has an exponentially distributed “on” and “off”
periods. Because we know the distributions of the stochastic
processes, we can calculate the exact value of �� � needed for the
opportunistic scheduling policy. Hence, we can implement the
exact (optimal) scheduling policy � � . In Table II, we show the
average performance for each user obtained by applying policy� � , labeled as � � .

Then we simulated our scheduling procedure where we use
our on-line parameter-estimation algorithm to estimate �� � based
on measurements. The average performance obtained is shown
as ��� in Table II. As a benchmark comparison, we also simu-
lated the average performance of the round-robin policy, shown
as ��� in Table II.

1 2 3 4 5 6 7 8
0

1

5

10

15

User ID

P
er

fo
rm

an
ce

 V
al

ue

Optimal performance 
RR performance      
Sn/Sr               

Fig. 4. Comparison of the opportunistic scheduling policy with the round-robin
scheme. In the figure, �	� is the number of time slots assigned to user 
 in the
optimal scheduling policy and �	� is the number of slots assigned to user 

in the round-robin scheme.

ID mean � � � � � ��� time ratio
1 10 10.8 10.001 20.03 19.90 1.001
2 10 6.9 9.998 18.12 18.10 0.999
3 10 4.0 10.000 14.75 14.68 1.001
4 10 2.5 10.001 12.44 12.40 0.998

TABLE II

COMPARISON OF THE AVERAGE PERFORMANCE OF THE SCHEDULING

POLICY ��
 (WITH KNOWN �� 
 ), ��� (WITH ESTIMATED �� 
 ), AND ROUND

ROBIN.

We can see in Table II that the performance of both the opti-
mal policy � � and our policy ��� with estimated parameters are
very similar, and are significantly higher than that of the round-
robbin policy. This suggests that our on-line parameter estima-
tion scheme works well and that any estimation errors present
do not significantly degrade the performance of the policy rela-
tive to the optimal policy. Moreover, the performance gains ap-
pear to be related to the standard deviation: the higher the stan-
dard deviation, the larger the performance gain. Note that in the
round-robbin scheme, the performance levels for all users are
all approximately equal to the mean of the Gaussian processes
(which is the mean performance value). This is to be expected
because the round-robbin scheme allocates an equal fraction of
time slots to each user, regardless of the channel conditions. Our
opportunistic approach takes advantage of favorable transmis-
sion conditions, thereby leading to average performance values
that are far above the mean of the Gaussian processes.

Table II also shows the ratio of the time-fractions obtained
by our policy ��� to that of the time-fractions for the round-
robbin policy (which, as pointed out before, are equal to the
prespecified values). As we can see, our scheme satisfies the
time-fraction constraints very well.
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V. CONCLUSION AND FUTURE WORK

Cellular wireless networks present users with the promise of
“anywhere, anytime” communication and enable them to enjoy
the freedom of tetherless and ubiquitous services. Throughout
the world, the demand for wireless communication systems has
increased exponentially in the last few years. Moreover, people
have begun to expect many advanced networking functions from
wireless networks, such as multimedia applications, multicast-
ing, and guaranteed quality of service. Hence, the technologies
that have made cellular telephony successful are no longer suf-
ficient to meet future demands.

In this paper, we present an opportunistic transmission-
scheduling policy. Given a time-fraction assignment require-
ment, the scheduling policy maximizes the average network per-
formance. In our model, each user’s performance value is a
stochastic process, reflecting the time-varying performance that
results from randomly varying channel conditions. The users’
performance-value processes can be arbitrarily correlated, both
in time and across users. We establish the optimality of our
opportunistic scheduling policy. We also provide a scheduling
procedure that includes an on-line parameter-estimation algo-
rithm to estimate parameter values used in the scheduling pol-
icy. Our scheduling algorithm has a low computational burden,
which is important for on-line implementation. Via simulation,
we illustrate the performance of our scheduling policy, showing
significant performance gains over the round-robbin policy. Our
simulation results also show that our scheme works well for the
case of nonstationary performance-value sequences.

Now, we are working on a modified version of the scheduling
scheme presented in this paper. Current scheduling scheme pro-
vides “long-term” fairness; i.e., the expectation of the number
of time slots assigned to a user is guaranteed. However, with
such a scheme, it is possible that a user could be starved for a
long time (say, more than a few seconds), which may be un-
desirable for certain users. Usually, a user may also have the
demand for “short-term” fairness; i.e., the user expects that the
amount of service obtained within a time window be close to
its fair share. The more stringent the “short-term” requirement,
the less the chance to exploit channel “opportunistically”. We
combine the “opportunistic” scheduling with “short-term” fair-
ness requirement. Basically, when a user has been starved, we
increase the probability that the user being chosen to transmit in
the future. When the user receives more resource than its share,
we decrease the probability that that the user being chosen to
transmit in the future.

Resource allocation and scheduling schemes are important
in wireless networks, especially to provide high-rate data and
seamless service for future wireless networks. There are many
interesting problems in this area that remain to be resolved.
These include the need for a general fairness criterion tailored
to wireless networks; dealing with explicit delay requirement
for certain users, and time-fraction assignment schemes that bal-
ances between system performance and fairness among users.
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APPENDIX

I. PROOF OF OPTIMALITY

Given the time-fraction assignments � � ���������G� 	 , the schedul-
ing policy (2) is an “opportunistic” solution of (1). In the fol-
lowing, we prove the optimality of our scheduling policy.

To make the proof easy to understand and provide insight into
the scheduling policy, we consider the special case where there
are only two users and * � � � � ��� 
 � � 
 
 � . For this special
case, the opportunistic scheduling policy is given by � �3� �� � 
0*)�+�/1032 � � � � ��� � � � � , which is illustrated in Figure 5. Above
the line � � � ���6
 � � , we have � �3� �� � 
 � , while below the
line, we have � ��� �� � 
 � . The probability measure of the line

is � in this case. We show that ) < �"!���#�%&B'A@ � )=< �"!��K#>%&?'A@ for

any feasible policy � � (recall that a feasible policy is a policy
that satisfies the time-fraction assignment constraint).

Consider a feasible policy � � that is different from policy � �
in regions R and

�
as shown in Figure 5, where R ,

�
, � , and

# are events given by:R 
 � � � � �� � 
 �I��� � � �� � 
 � 
 �
� 
 � � � � �� � 
 � � � �� � 
 � 
 �
� 
 � � � � �� � 
 � ��� � � �� � 
 � 
 �
# 
 � � � � �� � 
 � � � �� � 
 � 
 �
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Fig. 5. Illustration of policies ��
 and � � ; � 
 � ������ � in � and � , and
� � � ��	�
� � in � and � ; � 
 � ������ � in � and 
 , and � � � ������ � in �
and 
 .

It is obvious that * � R � 
 * � � �
. If * � R � 
 � , then� � � �� �

is equal to � �3� �� �
with probability 1 and )�< �"! � #�%&?'A@ 
) < � ! ��#�%&?'A@ because � 	 is bounded. We next show that if* � R � � � , then ) < � ! � #>%&?'A@ � ) < � ! � #>%&B'A@ . Indeed,

)=< �"!���#�%&?'A@
 �
 
� ��� * � ���

� ��� * � � N � �
� * � ���
� ��� *)=< �"! � #>%&(' @
 �

 
� ��� * � � �

� ��� * � � N � ��� * � � �
� ��� * �

Hence, )=< �$! � #>%&B'A@ � )=< �$! � #>%&?'A@
 ��� � � � � � � � � * � � N � � � � � � � � * �
On R , � � � � � � ��� , so � � � � � � ��� ; and on

�
, � � �

� � � ��� , so � � � � � � � ��� . So) < � ! � #>%&?' @ � ) < � ! � #>%&?'A@� ���
� � � � * � � N � � � *
 � �

Hence, ) < � ! � #�%&('A@ � ) < � ! � #�%&?'A@ for any feasible policy � � .
The key insight in the above argument is that any policy � � that
schedules user � instead of user � in any region above the line
will lose out to policy � � because the performance over that
region is inferior for user � relative to user � .

Next, we prove the scheduling policy is optimal in general;
i.e., for the case of multiple users. Let � � � �� �

be the opportunis-

tic policy in Eq. (2). We show that ) < �$! � #>%&?'A@ � )=< �$! �K#>%&?' @

for any feasible policy � � . A similar argument to the one used
above applies here.

Let � 	 # denote the event:

� 	 # 
 � � � � �� � 
 ����� � � �� � 
 & 

for � 
 � ���������-� and & 
 ������������� . Because both � � and � �
are feasible policies, we have

� # 
 	�
	8� � � 	 # 
 � � � � �� � 
 & 
 � * � � # � 
 � # �
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Hence, ) < �$!���#>%&B'A@ � )=< �"!�� #�%&('A@ � � for any feasible policy� � , which completes the proof.


