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Abstract— We present an “‘opportunistic’”’ transmission scheduling
scheme that exploits time-varying channel conditions and maximizes the
average system performance under minimum-performance guarantees.
We establish the optimality of the scheduling scheme, and show that the
proposed opportunistic scheduling scheme can provide a “no-loss” guar-
antee compared to non-opportunistic scheduling policies. Furthermore,
we show that the feasibility region of users’ requirements is convex, and
discuss the associated admission control issues. Last, through simulation
results, we show that the scheme results in significant performance im-
provement.

Keywords— Scheduling, wireless, time-varying channel, minimum-
performance guarantee, time-slotted system.

I. INTRODUCTION

IRELESS frequency is a scarce resource, hence effi-

cient spectrum utilization is very important, especially
for wide-band data communications. Resource allocation
schemes and scheduling policies are critical to achieving this
goal. In wireless networks, the channel conditions of mobile
users are time-varying because of radio propagation phenom-
ena, such as path-loss variation with distance, slow log-normal
shadowing, and fast multi-path fading. Due to variations in
channel conditions, users perceive time-varying service qual-
ity and/or quantity. Hence, a good scheduling scheme should
be able to exploit the variation in channel conditions to im-
prove the spectrum efficiency. On the other hand, the potential
to exploit higher data throughputs in an “opportunistic” way,
when channel conditions permit, introduces the tradeoff prob-
lem between wireless resource efficiency and the level of satis-
faction among different users. This motivates our work: to im-
prove wireless resource efficiency by exploiting time-varying
channel conditions, while at the same time guaranteeing the
minimum-performance requirement of each user. There are
some research efforts on the area of opportunistic scheduling
schemes, such as [1], [2], [3], [4].
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II. SYSTEM MODEL

We consider a time-slotted system—time is the resource
to be shared among all users. Each time-slot is exclusively
used by one user within a cell at a given frequency. We use
a stochastic model to capture the time-varying and channel-
condition-dependent performance of each user. Specifically,
let {UF} be the stochastic process associated with user i,
where UP is the level of performance that would be experi-
enced by user ¢ if it is scheduled to transmit at time k, we call
this quantity U the performance value. The value of UF mea-
sures the “worth” of time-slot k to the user %, and is in general
a function of its throughput and/or power consumption. This
performance value UF for user i may be computed from an
estimate of its channel quality. Usually, the better the channel
condition of user i, the larger the value of UF. Assuming that
the system is stationary, we drop the time index k from our no-
tation. Specifically, we use the notation U = (Uy,---,Uy),
where Uj; is a random variable representing the performance
measure of user ¢ at a generic time-slot, and IV is the number
of users in the cell.

Based on the performance values of the users, the schedul-
ing problem can be stated as: which user should be as-
signed which time-slot/channel? We define a policy Q as a
mapping from the performance-vector space to the index set
{1,2,---,N}. Given U, the policy @ determines the user to
be scheduled. The goal of our scheduling policy is to improve
wireless resource efficiency by exploiting time-varying chan-
nel conditions, while at the same time guaranteeing the mini-
mum performance each user receives.

III. SCHEDULING WITH MINIMUM-PERFORMANCE
GUARANTEES

A. Scheduling Problem Formulation

In this paper, we study a scheduling problem where the av-
erage system performance is maximized subject to meeting
each user’s minimum-performance requirement. The problem
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is formulated as:

maxci)mize E (Uq(g))
sbjectto B (Uiligymy) = Civi=1,+, N, ()

where E(U;1 {Q<U)=i}) is the average performance of user i,
and C; > 0 is the minimum performance requirement of user
i. We call the vector C = {C1,C4,---,CnN} the requirement
vector.

The formulation here offers users a 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.
While such minimum-performance guarantees is appealing to
users, it also raises the feasibility issue—can the system sat-
isfy the performance requirements for all users? In summary,
the problem defined in (1) has two aspects:

o Is C a feasible requirement vector; i.e., does there exist a
policy @ such that E(Uil{Q(g)m.}) > C; for all i?

o If C is a feasible requirement vector, which policy maxi-
mizes the overall performance under the QoS constraint, and
how does one implement it?

B. Optimal Scheduling Policy

In this section, we first present the optimal scheduling
policy assuming feasibility, and then we discuss the feasi-
bility problem. Suppose C = {Ci,Cj, - -,Cn} is feasi-
ble; i.e., there exists some scheduling policy @ such that
E(Uil{Q(U)=,;}) > C; for all i. Then we define a policy Q*
by:

Q"(U) = argmax(a}Vs), @
where the o} ’s are chosen so that:
L. min;(of) =1,

2 B (Ui iq-0)=y

3. For any user 4, if £ (Uil{Q,(0)=i}) > Cj, thenaf = 1.
Proposition 1: The policy Q* defined in (2) is a solution to
the problem defined in (1); i.e., it maximizes the average sys-
tem performance under the minimum-performance require-
ment.
We refer readers to [5] for a proof of the proposition. The pol-
icy @* maximizes the average system performance even if the
users’ performance values are arbitrarily correlated, both in
time and across users. Note that the parameter & “scales” the
performance values of users, and the scheduling policy sched-
ules a “relatively-best” user, where user i is relatively-best if
a;U; = max; ojU;. If the scale factor for a user is larger
than 1, then the user is a “bad” user; i.e., it has to take advan-
tage of some other users (i.e., users with a; = 1) to satisfy
its performance requirement. Hence, to maximize the over-
all system performance, a bad user is only granted an average
performance value that equals its minimum-performance re-
quirement. When E(U;1 {Q(U):i}) > C; for user i, the user

) > C; for all 4,

gets more than its minimum requirement, but this user cannot
take advantage of other users; i.e., o = 1.

The parameter vector &* in Prop. 1 is determined by the
distribution of U and the values of the C;’s. In practice, the
distribution of U is unknown—we use a stochastic approxi-
mation algorithm to estimate the value of &*. Owing to page
limitations, we refer readers to [5] for a detailed discussion on
the parameter estimation issue.

Furthermore, our opportunistic scheduling policy domi-
nates non-opportunistic policies in the following sense: Con-
sider a non-opportunistic scheduling policy (one that does not
use information on ) in which user i shares a portion 7; of
the resource (time-slots), where El r; = 1, and user 7 gets
an average performance value r; E(U;). Let C; = r,E(U;)
for all 4. Then C is feasible, and the opportunistic scheduling
policy always provides ‘“no-loss” performance values for each
user relative to that of the non-opportunistic scheduling policy,
assuming that the signaling cost is negligible.

In [3], [6], the authors study scheduling algorithms where
both delay and channel conditions are taken into account.
Roughly speaking, the algorithm is: argmaxb;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,
they have the following result (with more restrictive techni-
cal assumptions)—to maximize the system throughput with
minimum-throughput requirements, there exists some con-
stant c;, such that one should choose a user with the maximum
value of ¢;t;. However, there is no discussion on how to cbtain
¢;’s, how to break ties, or how feasibility plays a role.

The ability to provide a specific performance guarantee is
an advantage of our scheme. However, to satisfy such a con-
straint introduces the question of feasibility. In the following,
we discuss the feasibility problem and how to determine the
feasibility region of our scheduling policy. The feasibility re-
gion of a policy @ is the set of requirement vectors that are
feasible under the policy Q.

Proposition 2: The feasible region of our opportunistic

scheduling policy is convex and contains the feasibility regions
of all policies.
A proof is included in [5]. 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 {U¥}. Convexity is an im-
portant feature in determining whether a requirement vector is
feasible.

In general, the feasibility region is in an N-dimensional
space, where NNV is the number of users in the system. The
vertex on the ith axis is [0,0,---, E(U;),---,0], which cor-
responds to assigning all the resource to user i. In the ex-
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treme case that all the resource is assigned to a single user,
there is no performance difference between opportunistic and
non-opportunistic scheduling policies. Hence, they have the
same vertices on the axes. These IV vertices span an (N —
1)-dimensional hyperplane. Any non-negative vector below
this hyper-plane is a feasible requirement vector for a non-
opportunistic scheduling policy.

The feasibility region of the opportunistic scheduling pol-
icy contains the feasibility region of any non-opportunistic
scheduling policy, while they share the same vertices on the
axes. Next, we determine some other vertices in the feasibility
region of the opportunistic scheduling policy. Let

Qs(U) = argmax(o;U;), 3
1

where ties are broken randomly. Given a value of &, using
policy Qz(U) results in an average performance vector, where
its ith component is the average performance value of user ¢
(ie, E(Uilg (gy—))- In other words, by choosing a value
for the vector &, we obtain an average performance-value vec-
tor that determines one point on the boundary of the feasi-
bility region. By varying the values of &, we can draw the
boundary of the feasibility region. For example, if we set
& =1,1,---,1] in (3), then we get the average performance-
value vector representing the maximum performance the sys-
tem can obtain. By using different values of & in (3), we
get different performance-value 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 vec-
tor 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 shows the feasibility region for two users. The
performance values of user 1 and user 2 are independent and
exponentially distributed with mean values 4 and 5, respec-
tively. 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 straight line (a 1-dimensional “plane”) and
the two axes is the feasibility region of a non-opportunistic
scheduling policy. The uppermost dashed curve indicates the
boundary of the feasibility region of the opportunistic schedul-
ing policy. The area between the uppermost curve and the two
axes is the feasibility region of our opportunistic scheduling
policy. The other two curves in between are approximations
of the boundary of the feasibility region. The solid line is the
case where we have one vertex (& = [1,1])) besides the two
vertices on the axes. Note that the vertex corresponding to
& = [1,1] is the maximum-system-performance case. By
adding two more points (& = [1,3] and & = [3, 1]), we get
a better approximation (dotted curve with stars), which gives
a fairly close approximation of the feasibility region. Hence,
it is fair to say that we can obtain reasonable estimates the
feasibility region via measurement data.
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Fig. 1. The feasible region of two users.

Next, we discuss how to determine the feasibility region
when the set of (active) users changes in the cell. Suppose
there are currently N users in the system, and we have some
information about these N users. We can estimate the feasibil-
ity region for the IV users using different values of &. Note that
we can draw these vertices simultaneously via measurements
of U. We consider two situations: First, if a user leaves the
system, we simply collapse the feasibility set from N dimen-
sions to IV — 1 dimensions by removing the axis of the leaving
user. Second, suppose a new user joins the system, and we do
not have any information on the user except its average per-
formance value E(Uy41). We can connect all the points on
the surface of the feasibility set for the original IV users with
the new vertex on the (N 4 1)th axis, and construct a surface
of 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, we can
achieve the following goals:

1. Accommodate more users under the same admission con-
trol policy. For example, consider a simple admission control
algorithm—users are admitted in the system as long as the re-
quirement vector is feasible; i.e., the admission region is the
same as the feasibility region. As shown in Figure 1, the up-
permost curve indicates the boundary of the feasibility region
of the opportunistic scheduling policy, whereas the straight
(lowest) line is that of a non-opportunistic scheduling policy.
The area between these two curves is the area where the oppor-
tunistic scheduling policy can accommodate two users while
the non-opportunistic scheduling policy can only accommo-
date one user.

2. Improve users’ service quality, in terms of higher perfor-
mance and/or lower degradation probability, when the same
users are admitted in a non-opportunistic scheduling scheme.
Degradation means that the system cannot satisfy the perfor-
mance “‘guarantee” given to a user at admission due to system
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load changes (say, handoff), variation in channel conditions,
and mobility. If we choose feasible C;’s and let C; > r; E(U;),
then our opportunistic scheduling policy results in a “no-loss”
situation for each user over non-opportunistic scheduling poli-
cies, which guarantees better service quality for users.

IV. SIMULATION RESULTS

In this section, we present simulation results of our schedul-
ing scheme. Our scheduling policy exploits time-varying
channel conditions—the policy dynamically decides which
user should be scheduled to transmit in a time-slot based
on users’ current performance values and the minimum-
performance requirement.

For the purpose of comparison, we also simulate two
other scheduling policies. The first is round-robin, a non-
opportunistic scheduling policy, which schedules (active)
users following a predetermined order. This scheduling
scheme serves as a benchmark of the system performance.
As a comparison, we measure how much gain the system can
obtain using opportunistic scheduling policies. The second
is a greedy scheduling policy, which always selects the user
with the maximum performance value to transmit. This pol-
icy achieves the maximum performance the system can obtain
without any constraints, thereby providing an upper bound on
the achievable performance. In the following, we first describe
the simulation model of a cellular cell, and then we show the
simulation result for the scheduling policy using the cellular
model.

A. Cellular Model

In our simulation, we consider a multi-cell system consist-
ing of a center hexagonal cell surrounded 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 performance of the downlink
of the center cell because downlink communication is more
important for data services. The frequency reuse factor is 3,
and the co-channel interference from the six first-ring neigh-
boring cells are taken into account. We assume that each cell
has a fixed number of frequency bands. We focus on one fre-
quency band that is shared by 10 users in the central cell. The
scheduling policy decides which user should transmit in this
frequency band at each time-slot. The users have exponen-
tially 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 indepen-
dent random processes determined by the sum of two terms:
one due to path (distance) loss and the other to shadowing.
We adopt the path-loss model (Lee’s model) and the slow log-
normal shadowing model in [7]. To be conservative, we ignore
the effects of fast multi-path fading in the simulation. If fast
fading could be accurately tracked, our scheme would provide
even higher performance improvements than shown here. The

mobility model, the propagation model, and the parameters of
the simulation are discussed in detail in [5].

Figure 2 shows the forms of the performance values used
by different users (there are 10 users in the system). The per-
formance values of users 1, 5, and 8 are step-functions of their
SINR. The performance values of users 2, 6, and 9 are lin-
ear functions of their SINR (in dB). Users 3, 4, 7, and 10
have performance values that are S-shape functions of their
SINR. Furthermore, the 10 users are divided into three “dis-
tance” groups; i.e., when a user becomes active, its distance
from the base station is fixed, depending on which group it
belongs to. Users 14 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 8-10 belong to the “near” group with
a starting distance 0.2R. Note that when the user is active, it
moves around in the cell freely and randomly. However, a user
in “near” group has much larger chance to be close to the base
station than a user in “far” group. Hence, we can study how
the distance from the base station effects users’ performance
in the different scheduling schemes.
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Fig. 2. Users’ performance as a function of SINR.

The system performs the same procedure at every time-slot.
Basically, the users measure their channel conditions, calcu-
late their performance values, and then send the information
to the base station. The base station decides the user to be
scheduled using the opportunistic scheduling policy, based on
the information of the users’ performance values. Then the
base station updates the parameter used in the scheduling pol-
icy. A detailed simulation procedure is omitted due to the page
limit, and we refer interested readers to [5].

B. Numerical Results

In the following, we show simulation results for the oppor-
tunistic scheduling scheme with minimum-performance guar-
antees. 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
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scheduled in a predetermined order. Then we get an average
performance value for each user. We use it as the minimum-
performance requirement for each user. Then we run a simula-
tion using the opportunistic scheduling policy, the round-robin
policy, and the greedy scheduling policy.

Figure 3 shows the average performance values of users re-
sulting 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 pol-
icy outperforms the round-robin policy uniformly, which illus-
trates the “no-loss” situation discussed earlier in Section III-B.
Compared with round-robin, our scheduling policy improves
the overall system performance by 51% while the greedy
scheduling has an improvement of 109%. It is not surprising
that the greedy algorithm results in the highest overall perfor-
mance value at the cost of the extreme unfairness among users
(e.g., under this strategy users 1 and 8 never get a chance to
transmit).

Figure 4 indicates the amount of resource consumed by each
user in different scheduling policies. The first bar represents
that of round-robin, the second bar indicates our scheduling
policy, and the third bar is the greedy scheduling.
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Fig. 3. Average performance value in the minimum-performance guarantee
scheduling simulation.

In summary, the simulation shows that using our scheduling
policy, the system can achieve significant performance gains
while satisfying the minimum-performance requirement. Be-
cause we set the requirement to be the performance value ob-
tained from round-robin, all users perform better using our
policy than in round-robin.

V. CONCLUSIONS

Opportunistic scheduling is one way to improve spectrum
efficiency by exploiting time-varying channel conditions. In
this paper, we study an opportunistic scheduling problem—
to maximize the average system performance by exploit-
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Fig. 4. Portion of resource shared by users in the minimum-performance
guarantee scheduling simulation.

ing variations of the channel conditions while satisfying the
minimum-performance requirements of users. We present an
optimal solution and discuss the feasibility problem.

The assumptions in our study are not significantly restric-
ti\Le: we assume that the performance values of users (i.e.,
{U*}) are stationary but can have arbitrary correlations across
time or across users. Furthermore, we also provide simulation
results for a realistic cellular system, where users are moving
randomly, and have on-off activity periods so that the station-
ary assumption is in general not guaranteed. Simulation re-
sults show that our scheme performs well, and can track the
changes of the system.

Our scheduling scheme is easy to implement. At each time-
slot, the base station schedules a relatively-best user to trans-
mit. The base station also updates the parameters used in
the scheduling policy. The calculation burden per time-slot
is O(N), where N is the number of users in a cell, which is
usually on the order of tens.
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