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Abstract

We consider the problem of quality of service (QoS) provisioning for K users sharing a downlink time-
slotted fading channel. We develop simple and efficient schemes for admission control, resource allocation,
and scheduling, which can yield substantial capacity gain. The efficiency is achieved by virtue of recently
identified multiuser diversity. A unique feature of our work is explicit provisioning of statistical QoS, which
is characterized by a data rate, delay bound, and delay-bound violation probability triplet. The results show
that compared with a fixed-slot assignment scheme, our approach can substantially increase the statistical
delay-constrained capacity of a fading channel (i.e., the maximum data rate achievable with the delay-bound
violation probability satisfied), when delay requirements are not very tight, while yet guaranteeing QoS at
any delay requirement. For example, in the case of low signal-to-noise-ratio (SNR) and ergodic Rayleigh
fading, our scheme can achieve approximately

∑K
k=1

1
k gain for K users with loose-delay requirements, as

expected from the classic paper [10] on multiuser diversity. But more importantly, when the delay bound
is not loose, so that simple-minded multiuser-diversity scheduling does not directly apply, our scheme can
achieve a capacity gain, and yet meet the QoS requirements.
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1 Introduction

Providing quality of service (QoS), such as delay and rate guarantees, is an important objective
in the design of future packet cellular networks [8]. However, this requirement poses a challenge
in wireless network design, because wireless channels have low reliability, and time varying signal
strength, which may cause severe QoS violations. Further, the capacity of a wireless channel is
severely limited, making efficient bandwidth utilization a priority.

An effective way to increase the capacity of a time-varying channel is the use of diversity. The
idea of diversity is to create multiple independent signal paths between the transmitter and the
receiver so that higher channel capacity can be obtained. Diversity can be achieved over time,
space, and frequency. These traditional diversity methods are essentially applicable to a single-user
link. Recently, however, Knopp and Humblet [10] introduced another kind of diversity, which is
inherent in a wireless network with multiple users sharing a time-varying channel. This diversity,
termed multiuser diversity [6], comes from the fact that different users usually have independent
channel gains for the same shared medium. With multiuser diversity, the strategy of maximizing
the total Shannon (ergodic) capacity is to allow at any time slot only the user with the best channel
to transmit. This strategy is called Knopp and Humblet’s (K&H) scheduling. Results [10] have
shown that K&H scheduling can increase the total (ergodic) capacity dramatically, in the absence
of delay constraints, as compared to the traditionally used (weighted) round robin (RR) scheduling
where each user is a priori allocated fixed time slots.

The K&H scheduling intends to maximize ergodic capacity, which pertains to situations of
infinite tolerable delay. However, under this scheme, a user in a fade of an arbitrarily long period
will not be allowed to transmit during this period, resulting in an arbitrarily long delay; therefore,
this scheme provides no delay guarantees and thus is not suitable for delay-sensitive applications,
such as voice or video. To mitigate this problem, Bettesh and Shamai [2] proposed an algorithm,
which strikes a balance between throughput and delay constraints. This algorithm combines K&H
scheduling with an RR scheduling, and it can achieve lower delay than K&H scheduling while
obtaining a capacity gain over a pure RR scheduling. However, it is very complex to theoretically
relate the QoS obtained by this algorithm to the control parameters of the algorithm, and thus
cannot be used to guarantee a specified QoS. Furthermore, a direct (Monte Carlo) measurement
of QoS obtained, using the queueing behavior resulting from the algorithm, requires an excessively
large number of samples, so that it becomes practically infeasible.

Another typical approach is to use dynamic programming [3] to design a scheduler that can
increase capacity, while also maintaining QoS guarantees. But this approach suffers from the curse
of dimensionality, since the size of the dynamic program state space grows exponentially with the
number of users and with the delay requirement.

To address these problems, this paper proposes an approach, which simplifies the task of explicit
provisioning of QoS guarantees while achieving efficiency in utilizing wireless channel resources.
Specifically, we design our scheduler based on K&H scheduling, but shift the burden of QoS pro-
visioning to the resource allocation mechanism, thus simplifying the design of the scheduler. Such
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a partitioning would be meaningless if the resource allocation problem now becomes complicated.
However, we are able to solve the resource allocation problem efficiently using the recently devel-
oped method of effective capacity [22]. Effective capacity captures the effect of channel fading on
the queueing behavior of the link, using a computationally simple yet accurate model, and thus, is
the critical device we need to design an efficient resource allocation mechanism.

Our results show that compared to RR scheduling, our approach can substantially increase the
statistical delay-constrained capacity (defined later) of a fading channel, when delay requirements
are not very tight. For example, in the case of low signal-to-noise-ratio (SNR) and ergodic Rayleigh

fading, our scheme can achieve approximately
∑K

k=1
1
k gain for K users with loose-delay require-

ments, as expected from [10]. But more importantly, when the delay bound is not loose, so that
simple-minded K&H scheduling does not directly apply, our scheme can achieve a capacity gain,
and yet meet the QoS requirements.

The remainder of this paper is organized as follows. In Section 2, we discuss multiuser diversity
and the recently introduced concept of effective capacity. Multiuser diversity, using K&H schedul-
ing, is our key technique to increase capacity, while effective capacity is our critical device for QoS
provisioning over a K&H scheduled wireless channel. Section 3 presents efficient QoS provisioning
mechanisms and shows how to use multiuser diversity to achieve a performance gain while yet
satisfying QoS constraints. In Section 4, we present the simulation results that demonstrate the
performance gain of our scheme. Section 5 discusses the related work. In Section 6, we conclude
the paper and point out future research directions.

2 Multiuser Diversity with QoS Constraints

In this section, we quantitatively discuss the performance gain obtained by multiuser diversity and
describe the technique of effective capacity.

2.1 Multiuser Diversity

We first describe the model. Fig. 1 shows the architecture for scheduling multiuser traffic over a
fading (time-varying) time-slotted wireless channel. A cellular wireless network is assumed, and
the downlink is considered, where a base station transmits data to K mobile user terminals, each
of which requires certain QoS guarantees. The channel fading processes of the users are assumed to
be stationary, ergodic and independent of each other. A single cell is considered, and interference
from other cells is modelled as background noise. In the base station, packets destined to different
users are put into separate queues. We assume a block fading channel model [4], which assumes
that user channel gains are constant over a time duration of length Ts (Ts is assumed to be small
enough that the channel gains are constant, yet large enough that ideal channel codes can achieve
capacity over that duration). Therefore, we partition time into ‘frames’ (indexed as t = 0, 1, 2, . . .),
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Figure 1: Downlink scheduling architecture for multiple users sharing a wireless channel.

each of length Ts. Thus, each user k has a time-varying channel power gain1 gk(t), k = 1, . . . , K,
which varies with the frame index t. The base station is assumed to know the current and past
values of gk(t). The capacity of the channel for the kth user, ck(t), is

ck(t) = log2(1 + gk(t)) bits/symbol (1)

We divide each frame of length Ts into infinitesimal time slots, and assume that the channel can be
shared by several users, in the same frame. Further, we assume a fluid model for packet transmission,
where the base station can allot variable fractions of a channel frame to a user, over time. The
system described above could be, for example, an idealized time-division multiple access (TDMA)
system, where the frame of each channel consists of TDMA time slots which are infinitesimal. Note
that in a practical TDMA system, there would be a finite number of finite-length time slots in each
frame.

To provide QoS guarantees, we propose an architecture, which consists of scheduling, admission
control, and resource allocation (presented in Section 3). Since the channel fading processes of the
users are assumed to be independent of each other, we can potentially utilize multiuser diversity to
increase capacity, as mentioned in Section 1. Thus, to maximize the ergodic capacity (i.e., in the
absence of delay constraints), the (optimal) K&H schedule at any time instant t, is to transmit the
data of the user with the largest gain gk(t) [10]. The ergodic channel capacity achieved by such
a K&H scheduler is cmax = E[max[c1(t), c2(t), · · · , cK(t)]]. The ergodic channel capacity gain of
the K&H scheduler over a RR scheduler is cmax/E[c1(t)]. The following proposition specifies the
ergodic channel capacity gain achieved by the K&H scheduler.

Proposition 1 Assume that the K users in the system have i.i.d. channel gains, which are station-
ary processes in time t. For Rayleigh fading channels (i.e., having exponentially-distributed channel

power gains), at low SNR, we have the approximation, cmax/E[c1(t)] ≈
∑K

k=1
1
k ≈ log(K + 1) for

large K.
1gk(t) = |hk(t)|2P0/σ2, where the maximum transmission power P0 and noise variance σ2 are assumed to be

constant and equal for all users. hk(t) is the voltage gain of the channel for the kth user.
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Figure 2: Delay D(t) due to mismatch between the arrival and departure.

For a proof of Proposition 1, see Appendix. At high SNR, the ergodic channel capacity gain is
smaller.

Notice that K&H scheduling can result in a user experiencing an arbitrarily long duration of
outage, because of its failure to obtain the channel. Thus, it becomes important to efficiently
compute the QoS obtained by the user, in a K&H scheduled system. A direct approach may
be to model each gk(t) as a Markov process, and analyze the Markov process resulting from the
K&H scheduler. It is apparent that this direct approach is computationally intractable, since the
large state space of the joint Markov process of all the users would need to be analyzed and the
complexity of this queueing analysis is exponential in the number of users. In essence, the main
contribution of this paper is to show that we can compute the QoS obtained by the user, in a K&H
scheduled system, efficiently and accurately, using the concept of effective capacity.

2.2 Effective Capacity

We first formally define statistical QoS, which characterizes the user requirement. First, consider
a single-user system, where the user is allotted a single time varying channel (thus, there is no
scheduling involved). Assume that the user source has a fixed rate rs and a specified delay bound
Dmax, and requires that the delay-bound violation probability is not greater than a certain value
ε, that is,

sup
t

Pr{D(t) ≥ Dmax} ≤ ε, (2)

where D(t) is the delay experienced by a source packet arriving at time t (see Fig. 2), and Pr{D(t) ≥
Dmax} is the probability of D(t) exceeding a delay bound Dmax. Then, we say that the user
is specified by the (statistical) QoS triplet {rs, Dmax, ε}. Even for this simple case, it is not
immediately obvious as to which QoS triplets are feasible, for the given channel, since a rather
complex queueing system (with an arbitrary channel capacity process) will need to be analyzed.
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Figure 3: A queueing system model.

The key contribution of [22] was to introduce a concept of statistical delay-constrained capacity
termed effective capacity, which allows us to obtain a simple and efficient test, to check the feasibility
of QoS triplets for a single time-varying channel. That paper did not deal with scheduling and the
channel processes resulting from it.

In this paper, we show that the effective capacity concept can be applied to the K&H scheduled
channel, and is precisely the critical device that we need to solve the QoS constrained multiuser
diversity problem. Therefore, we briefly explain the concept of effective capacity, and refer the
reader to [22] for details.

Let r(t) be the instantaneous channel capacity at time t. The effective capacity function of r(t)
is defined as [22]

α(u) = − lim
t→∞

1
ut

log E[e−u
R t
0 r(τ)dτ ], ∀ u ≥ 0. (3)

In this paper, since t is a discrete frame index, the integral above should be thought of as a
summation.

Consider a queue of infinite buffer size supplied by a data source of constant data rate µ (see
Fig. 3). It can be shown [22] that if α(u) indeed exists (e.g., for ergodic, stationary, Markovian
r(t)), then the probability of D(t) exceeding a delay bound Dmax satisfies

sup
t

Pr{D(t) ≥ Dmax} ≈ e−θ(µ)Dmax , (4)

where the function θ(µ) of source rate µ depends only on the channel capacity process r(t). θ(µ)
can be considered as a “channel model” that models the channel at the link layer (in contrast to
“radio layer” models specified by Markov processes, or Doppler spectra). The approximation (4)
is accurate for large Dmax.

In terms of the effective capacity function (3) defined earlier, the QoS exponent function θ(µ)
can be written as [22]

θ(µ) = µα−1(µ) (5)

where α−1(·) is the inverse function of α(u). Once θ(µ) has been measured for a given channel,
it can be used to check the feasibility of QoS triplets. Specifically, a QoS triplet {rs, Dmax, ε} is
feasible if θ(rs) ≥ ρ, where ρ

.= − log ε/Dmax. Thus, we can use the effective capacity model α(u) (or
equivalently, the function θ(µ) via (5)) to relate the channel capacity process r(t) to statistical QoS.
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Figure 4: QoS provisioning architecture in a base station.

Since our effective capacity method predicts an exponential dependence (4) between {Dmax, ε}, we
can henceforth consider the QoS pair {rs, ρ} to be equivalent to the QoS triplet {rs, Dmax, ε}, with
the understanding that ρ = − log ε/Dmax.

In Appendix, we present a simple and efficient algorithm to estimate θ(µ) by direct measure-
ment on the queueing behavior resulting from r(t). In Section 4.2.1, we show that the estimation
algorithm converges quickly, as compared with directly measuring the QoS.

Now, having described our basic techniques, i.e., multiuser diversity using K&H scheduling,
and effective capacity, in the next section, we present a QoS architecture consisting of admission
control, resource allocation and scheduling, which utilizes these techniques for efficient support of
QoS.

3 QoS Provisioning with Multiuser Diversity

The key problem is, how to utilize multiuser diversity while yet satisfying the individual QoS
constraints of the K users. To cope with this problem, we design a QoS provisioning architecture,
which utilizes multiuser diversity and effective capacity.

We assume the same setting as in Section 2.1. Fig. 4 shows our QoS provisioning architecture in
a base station, consisting of three components, namely, admission control, resource allocation, and
scheduling. When a new connection request comes, we first use a resource allocation algorithm to
compute how much resource is needed to support the requested QoS. Then the admission control
module checks whether the required resource can be satisfied. If yes, the connection request is
accepted; otherwise, the connection request is rejected. For admitted connections, packets that
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belong to different connections2 are put into separate queues. The scheduler decides, in each frame
t, how to schedule packets for transmission, based on the current channel gains gk(t) and the amount
of resource allocated.

In the following sections, we describe our schemes for scheduling, admission control and resource
allocation in detail. In Section 3.1, we consider the homogeneous case, in which all users have the
same QoS requirements {rs, Dmax, ε} or equivalently the same QoS pair {rs, ρ = − log ε/Dmax} and
also the same channel statistics (e.g., similar Doppler rates), so that all users need to be assigned
equal channel resources. Section 3.2 addresses the heterogeneous case, in which users have different
QoS pairs {rs, ρ} and/or different channel statistics.

3.1 Homogeneous Case

3.1.1 Scheduling

As explained in Section 1, we simplify the scheduler, by shifting the burden of guaranteeing user
QoS to the resource allocation module. Therefore, our scheduler is a simple combination of K&H
and RR scheduling.

Section 2 explained that in any frame t, the K&H scheduler transmits the data of the user with
the largest gain gk(t). However, the QoS of a user may be satisfied by using only a fraction of the
frame β ≤ 1. Therefore, it is the function of the resource allocation algorithm to allot the minimum
required β to the user. This will be described in Section 3.1.2. It is clear that K&H scheduling
attempts to utilize multiuser diversity to maximize the throughput.

On the other hand, the RR scheduler allots to every user k, a fraction ζ ≤ 1/K of each frame,
where ζ again needs to be determined by the resource allocation algorithm. Thus RR scheduling
attempts to provide tight QoS guarantees, at the expense of decreased throughput, in contrast to
K&H scheduling.

Our scheduler is a joint K&H/RR scheme, which attempts to maximize the throughput, while
yet providing QoS guarantees. In each frame t, its operation is the following. First, find the user
k∗(t) such that it has the largest channel gain among all users. Then, schedule user k∗(t) with
β + ζ fraction of the frame; schedule each of the other users k 6= k∗(t) with ζ fraction of the frame.
Thus, a fraction β of the frame is used by K&H scheduling, while simultaneously, a total fraction
Kζ of the frame is used by RR scheduling. The total usage of the frame is β + Kζ ≤ 1.

3.1.2 Admission Control and Resource Allocation

The scheduler described in Section 3.1.1 is simple, but it needs the frame fractions {ζ, β} to be
computed and reserved. This function is performed at the admission control and resource allocation
phase.

Since Section 3.1 addresses the homogeneous case with K users, without loss of generality,
2We assume that each mobile user is associated with only one connection.
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denote αK,ζ,β(u) the effective capacity function of user k = 1 under the joint K&H/RR scheduling
(henceforth called ‘joint scheduling’), with frame shares ζ and β respectively, i.e., denote the
capacity process allotted to user 1 by the joint scheduler as the process r(t) and then compute
αK,ζ,β(u) using (3). The corresponding QoS exponent function θK,ζ,β(µ) can be found via (5).
Note that θK,ζ,β(µ) is a function of number of users K. Then, the admission control and resource
allocation scheme for users requiring the QoS pair {rs, ρ} is as below,

minimize
{ζ,β}

Kζ + β (6)

subject to θK,ζ,β(rs) ≥ ρ, (7)

Kζ + β ≤ 1, (8)

ζ ≥ 0, β ≥ 0 (9)

The minimization in (6) is to minimize the total frame fraction used. (7) ensures that the QoS pair
{rs, ρ} of each user is feasible. Furthermore, Eqs. (7)–(9) also serve as an admission control test,
to check availability of resources to serve this set of users. Since we have the following relation for
λ > 0 (see Appendix for a proof)

θK,ζ,β(µ) = θK,λζ,λβ(λµ), (10)

we only need to measure the θK,ζ,β(·) functions for different ratios of ζ/β.

To summarize, given the fading channel and QoS of K homogeneous users, we use the following
procedure to achieve multiuser diversity gain with QoS provisioning:

1. Estimate θK,ζ,β(µ), directly from the queueing behavior, for various values of {ζ, β}.
2. Determine the optimal {ζ, β} pair that satisfies users’ QoS, while minimizing frame usage.

3. If admission control is passed, provide the joint scheduler with the optimal ζ and β,
for simultaneous RR and K&H scheduling, respectively.

This summary indicates that our approach needs to address the following issues. Our paper
[22] showed the usefulness of the effective capacity concept, only for a single-user system. But, it
is not obvious that the θK,ζ,β(µ) estimate will converge quickly in the multiuser scenario, or even
that θK,ζ,β(µ) can accurately predict QoS via (4) (although, theoretically, the prediction is accurate
asymptotically for large Dmax). Further, it needs to be seen whether the QoS can be controlled by
{ζ, β}. Last, we also need to show that our scheme can provide a substantial capacity gain, over
RR scheduling. These issues will be addressed via simulations in Section 4.

3.1.3 Improvement

The aforementioned admission control and resource allocation, i.e., Eqs. (6)–(9), may not be effi-
cient in terms of resource usage, when K is large and ρ takes a medium value. The reason is the

8



following. On one hand, as K increases, the maximum data rate µK,ζ,β(θ = ρ) achievable with a
specified QoS exponent ρ, also increases due to K&H scheduling; but this increase of µK,ζ,β(θ = ρ)
is only achievable when ρ is small, i.e., the delay requirement is loose. Here, the function µK,ζ,β(.)
is an inverse function of θK,ζ,β(µ). On the other hand, as K increases, the probability that a user
will be allowed to transmit is 1/K since there are K identical users share the channel; hence, the
probability that a user has a large queue length, increases as K increases; so, to achieve the same
QoS exponent ρ, the data rate µK,ζ,β(θ = ρ) has to be decreased as K increases. For a medium-
valued ρ, if K is small, the effect of capacity gain is dominant since the probability that a user is
allowed to transmit, i.e., 1/K, is large; if K is large, then the effect of less probability to transmit
is dominant, resulting in the reduction of data rate µK,ζ,β(θ = ρ). Hence, it may be better to
partition the users into groups and schedule the groups independently.

Before describing the partitioning scheme, we need to introduce some notations. Suppose
that the K users are partitioned into M groups (obviously, 1 ≤ M ≤ K). Each group m

(m = 1, 2, · · · ,M) has Km users with channel characterization (i.e., QoS exponent function)
θKm,ζm,βm(µ), where {ζm, βm} are the frame shares assigned to group m, for the joint K&H/RR

scheduling. Obviously,
∑M

m=1 Km = K.

Next, we describe scheduling and resource allocation/admission control, respectively.

Scheduling

For each group m, we use the joint K&H/RR scheduler with frame shares {ζm, βm}. In each
frame t, it works as follows. First, find the user k∗m(t) such that it has the largest channel gain
among Km users of group m (not among K users). Then, schedule user k∗m(t) with βm+ζm fraction
of the frame; schedule each of other group-m users k 6= k∗m(t) with ζm fraction of the frame. Thus,

the total usage of the frame by all M group is
∑M

m=1(Kmζm + βm) ≤ 1.

Admission Control and Resource Allocation

The scheduler described above requires the frame fractions {ζm, βm} to be computed and re-
served. This function is performed at the admission control and resource allocation phase. With
dividing users into M groups, the admission control and resource allocation scheme for K users
requiring the QoS pair {rs, ρ} is as below,

minimize
{M,Km,ζm,βm}

M∑

m=1

(Kmζm + βm) (11)

subject to θKm,ζm,βm(rs) ≥ ρ, ∀m (12)
M∑

m=1

(Kmζm + βm) ≤ 1, (13)

ζm ≥ 0, βm ≥ 0, ∀m, (14)

M ∈ {1, 2, · · · ,K},
M∑

m=1

Km = K (15)
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Eq. (11) is to minimize the total frame fraction used. (12) ensures that the QoS pair {rs, ρ}
of each user is feasible. Furthermore, Eqs. (12)–(15) also serve as an admission control test, to
check availability of resources to serve the K users. If M = 1, Eqs. (11)–(15) reduced to Eqs. (6)–
(9). Therefore, the optimal solution in Eqs. (6)–(9) is a feasible solution of Eqs. (11)–(15). As a
result, the resource allocation/admission control in Eqs. (11)–(15) is at least as efficient as that in
Eqs. (6)–(9), if not more efficient.

Note that the improvement on efficiency achieved in Eqs. (11)–(15) is at the cost of complexity.

3.2 Heterogeneous Case

For the heterogeneous case, in which users have different QoS pairs {rs, ρ} and/or different channel
statistics, the admission control/resource allocation problem can also be formulated, similar to
Eqs. (11)–(15), as minimizing the resource usage over M , partitioning of the K users,ζm and βm.
But solving this minimization problem has an exponential complexity, i.e., O(KK), since we have
to try all the possible combinations. To reduce the complexity, we design a sub-optimal algorithm,
which has a complexity of O(K log K).

We first consider the case where the K users have different channel statistics but the same
{rs, ρ}. Figure 5 shows the flow chart of our algorithm for the resource allocation. The basic oper-
ations of this algorithm are sorting and partitioning. Sorting the users is to facilitate partitioning
the users. Partitioning is achieved through tests, which recursively check whether adding a user to
a K&H scheduled group can reduce the channel usage.

Next we describe the algorithm. According to Figure 5, we first measure the function µk(θ = ρ)
for each user k, where µk(θ) is the inverse function of θ(µ) defined in (5); note that there is no
scheduling involved in (5). Then we sort the users in descending order of µk(θ = ρ), which results
in an ordered list denoted by Luser. We set a variable m to count the number of groups, each of
which uses the K&H scheduling with a fraction βm. Denote S(m) the set that contains the users
in group m.

We partition the K users recursively, starting from group m = 1. Each time when we form a new
group m, we first remove the head element of list Luser and put it into an empty set S(m); if Luser

is not empty, we again remove the head ν of list Luser and put ν into S(m); now we have two users
and can apply the K&H scheduling to the two users; if the resulting channel usage is greater than
or equal to that due to applying the RR scheduling to the two users, we move the user ν from S(m)
back to the head of Luser, i.e., the new user ν should not be added to the group m and group m will
only have one user; otherwise, we recursively continue this procedure, that is, adding a new user and
testing whether the resulting channel usage is reduced, i.e., βm(S(m)) < βm(S ′(m))+rs/µν(θ = ρ),
where βm(S(m)) is the channel usage of set S(m) and set S ′(m) is the difference S(m)− {ν}, and
rs/µν(θ = ρ) is the channel usage for user ν if the RR scheduling is used. We continue the
partitioning until Luser is empty.

In the process of partitioning, we determine ζm and βm for scheduling as below. If group m

has only one user, say user k, we only use the RR scheduling with ζm = rs/µk(θ = ρ), and set
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βm = 0; if group m has more than one user, we only use the K&H scheduling with the βm obtained
in the test for S(m), and set ζm = 0. The joint K&H/RR scheduling is not used, in order to reduce
complexity.

The outputs of the algorithm are 1) a partition of the K users, say, M groups, and 2) {ζm, βm}
(m = 1, · · · , M). After running the resource allocation algorithm, we do admission control by
testing whether the total channel usage of the M groups is not greater than unity.

If the admission control is passed, we schedule each of the M groups as follows. If group m has
only one user, we use the RR scheduling with ζm; if group m has more than one user, we apply the
K&H scheduling with βm to all the users in group m.

Our algorithm reduces complexity at the cost of optimality. Specifically, the resource allocation
algorithm achieves O(K log K) complexity due to sorting. Note that we only have to try at most
K tests in partitioning the K users. The performance of the algorithm may not be optimal but our
simulations show that for practical range of Doppler rates, our algorithm improves the performance
by a factor of two, compared to the RR scheduling.

For the case where the K users have different {rs, ρ} and different channel statistics, we could
classify the users into N classes so that the users in the same class have the same QoS pair {rs, ρ}.
Then apply the resource allocation algorithm to each class. The admission control is simply to
check whether the total channel usage of the N classes is not greater than unity.

To summarize, given the fading channel and QoS of K users, we use the following procedure to
achieve multiuser diversity gain with QoS provisioning:

1. Use the resource allocation algorithm to partition the K users and determine {ζm, βm}
that satisfies users’ QoS.

2. If admission control is passed, provide the scheduler with ζm and βm, for the RR or K&H
scheduling.

4 Simulation Results

4.1 Simulation Setting

We simulate the system depicted in Fig. 4, in which each connection3 is simulated as plotted in

Fig. 6. In Fig. 6, the data source of user k generates packets at a constant rate r
(k)
s . Generated

packets are first sent to the (infinite) buffer at the transmitter, whose queue length in frame t is
Qk(t). The head-of-line packet in the queue is transmitted over the fading channel at data rate
rk(t). The fading channel has a random power gain gk(t) (the noise variance is absorbed into gk(t)).
We use a fluid model, that is, the size of a packet is infinitesimal. In practical systems, the results
presented here will have to be modified to account for finite packet sizes.

3Assume that K connections are set up and each mobile user is associated with a connection.
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Figure 6: The queueing model used for simulations.

We assume that the transmitter has perfect knowledge of the current channel gains gk(t) in frame
t. Therefore, it can use rate-adaptive transmissions, and ideal channel codes, to transmit packets
without decoding errors. For the homogeneous case, under joint scheduling, the transmission rate
rk(t) of user k is equal to a fraction of its instantaneous capacity, as below,

rk(t) =





(ζ + β)ck(t) if k = arg max
i∈{1,··· ,K}

gi(t);

ζck(t) otherwise.

(16)

where the instantaneous channel capacity ck(t) is

ck(t) = Bc log2(1 + gk(t)) (17)

where Bc is the channel bandwidth. For the heterogeneous case, the rate rk(t) is computed within
each class as described in Section 3.2.

The average SNR is fixed in each simulation run. We define rawgn as the capacity of an equivalent
AWGN channel, which has the same average SNR. i.e.,

rawgn = Bc log2(1 + SNRavg) (18)

where SNRavg = E[gk(t)]. Then, we can eliminate Bc using Eqs. (17) and (18) as,

ck(t) =
rawgn log2(1 + gk(t))
log2(1 + SNRavg)

. (19)

The sample interval (frame length) Ts is set to 1 milli-second and each simulation run is 100-
second long in all scenarios except in Section 4.2.1. Rayleigh flat-fading voltage-gains hk(t) are
generated by a first-order auto-regressive (AR(1)) model as below:

hk(t) = κ× hk(t− 1) + vk(t), (20)

where vk(t) are zero-mean i.i.d. complex Gaussian variables. The coefficient κ determines the
Doppler rate, i.e., the larger the κ, the smaller the Doppler rate. Specifically, the coefficient κ can
be determined by the following procedure: 1) compute the coherence time Tc by [19, page 165]

Tc ≈ 9
16πfm

, (21)
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Figure 7: Convergence of estimates.

where the coherence time is defined as the time, over which the time auto-correlation function of
the fading process is above 0.5; 2) compute the coefficient κ by4

κ = 0.5Ts/Tc . (22)

For Ricean fading, the voltage-gains hk(t) are generated by adding a deterministic signal com-
ponent to Rayleigh-fading voltage-gains (see [17] for detail).

4.2 Performance Evaluation

We organize this section as follows. Section 4.2.1 shows the convergence of our estimation algorithm.
In Section 4.2.2, we assess the accuracy of our QoS estimation (4). Section 4.2.3 investigates the
effectiveness of the resource allocation scheme in QoS provisioning. In these sections (4.2.1 to 4.2.3),
we only consider the homogeneous case, i.e., all users have the same QoS requirements {rs, ρ} and
also the same channel statistics. In Sections 4.2.4 through 4.2.6, we evaluate the performance of
our scheduler in the homogeneous and the heterogeneous case, respectively.

4.2.1 Convergence of Estimates

This experiment is to show the convergence behavior of estimates. We do simulations with the
following parameters fixed: rawgn = 1000 kb/s, K = 10, κ = 0.8, and SNRavg = −40 dB.

4The auto-correlation function of the AR(1) process is κn, where n is the number of sample intervals. Solving

κTc/Ts = 0.5 for κ, we obtain (22).
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Figure 8: Actual and estimated delay-bound violation probability for (a) different source rates, and
(b) different SNRavg.

Fig. 7 shows the convergence of the estimate of θ (θ(µ) for µ = 200 kb/s) for the queue. It
can be seen that the estimate of θ converges within 2 × 104 samples/frames (20 sec). The same
figure shows the (lack of) convergence of direct (Monte Carlo) estimates of delay-bound-violation
probabilities, measured for the same queue (the two probability estimates eventually converge to
10−3 and 10−4, respectively). This precludes using the direct probability estimate to predict the
user QoS, as alluded to in Section 1. The reason for the slow convergence of the direct probability
estimate is that the K&H scheduling results in a user being allotted the channel in a bursty manner,
and thus increases the correlation time of D(t) substantially. Therefore, even 106 samples are not
enough to obtain an accurate estimate of a probability as high as 10−3.

4.2.2 Accuracy of Channel Estimation

The experiments in this section are to show that the estimated effective capacity can indeed be
used to accurately predict QoS.

We do experiments under five different settings: 1) AR(1) Rayleigh fading channel with changing
source rate and fixed SNRavg, 2) AR(1) Rayleigh fading channel with changing SNRavg and fixed
source rate, 3) AR(2) Rayleigh fading channel, 4) Ricean fading channel, and 5) Nakagami-m fading
channel (chi-distribution) [21, page 22].

Under the first setting, we do simulations with the following parameters fixed: rawgn = 1000
kb/s, K = 10, κ = 0.8, and SNRavg = −40 dB. By changing the source rate µ, we simulate three
cases, i.e., µ =100, 200, and 300 kb/s. Fig. 8(a) shows the actual delay-bound violation probability
supt Pr{D(t) > Dmax} vs. the delay bound Dmax. From the figure, it can be observed that the
actual delay-bound violation probability decreases exponentially with Dmax, for all the cases. This
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Figure 9: Actual and estimated delay-bound violation probability for (a) AR(2) channel, and (b)
Ricean channel.

confirms the exponential dependence shown in (4).

In addition, we use the estimation scheme, i.e., Eqs. (36) through (40), to obtain an estimated
θ; with the resulting θ, we predict the probability supt Pr{D(t) > Dmax} (using (4)). As shown in
Fig. 8(a), the estimated supt Pr{D(t) > Dmax} is quite close to the actual supt Pr{D(t) > Dmax}.
This demonstrates that our estimation is accurate, which justifies the use of (7) by the resource
allocation algorithm to guarantee QoS.

Notice that the (negative) slope of the supt Pr{D(t) > Dmax} plot increases with the decrease
of the source rate µ. This is because the smaller the source rate, the smaller the probability of
delay-bound violation, resulting in a sharper slope (i.e., a larger decaying rate θ).

Under the second setting, we do simulations with the following parameters fixed: rawgn = 1000
kb/s, K = 10, κ = 0.8, and µ = 100 kb/s. By changing SNRavg, we simulate three cases, i.e.,
SNRavg = -40, 0, and 15 dB. Fig. 8(b) shows that the conclusions drawn from the first set of
experiments still hold. Thus, our estimation scheme gives consistent performance over different
SNRs also.

In the third setting, AR(2) Rayleigh fading voltage-gains hk(t) are generated as below:

hk(t) = κ1 × hk(t− 1) + κ2 × hk(t− 2) + vk(t), (23)

where vk(t) are zero-mean i.i.d. complex Gaussian variables. The parameters of the simulation are
rawgn = 1000 kb/s, κ1 = 0.7, κ2 = 0.2, K = 10, µ =100 kb/s and SNRavg = −40 dB. Fig. 9(a)
shows that the conclusions drawn from the first set of experiments still hold. Thus, our estimation
scheme consistently predicts the QoS metric under different autoregressive channel fading models.

Under the fourth setting, the parameters of the simulation are Ricean factor5= 7 dB, rawgn =
5Ricean factor is defined as the ratio between the deterministic signal power A2 and the variance of the multipath
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Figure 10: Actual and estimated delay-bound violation probability for Nakagami-m channel (m =
32).

1000 kb/s, K = 10, κ = 0.8, and µ = 100 kb/s. Fig. 9(b) shows that the conclusions drawn from
the first set of experiments also hold for Ricean fading channels.

In the fifth setting, Nakagami-m fading power gains gk(t) are generated as below:

gk(t) =
m∑

i=1

ĝi(t), (24)

where m is the parameter of Nakagami-m distribution and takes values of positive integers, ĝi(t) are
AR(1) Rayleigh fading power gains. The parameters of the simulation are m = 32, rawgn = 1000
kb/s, K = 10, κ = 0.8, SNRavg = −40 dB, and µ =90 kb/s. Fig. 10 shows that the estimate
does not give a good agreement with the actual supt Pr{D(t) > Dmax}. The reason is that the
high diversity in high-order Nakagami fading models averages out the randomness in the fading
process. The higher diversity a fading channel has, the more like an AWGN channel the fading
channel is. It is known that for an AWGN channel, the actual supt Pr{D(t) > Dmax} does not
decay exponentially with Dmax but takes values of 0 or 1. Therefore, the higher diversity a fading
channel possesses, the less accurate the exponential approximation (4) is, hence the less accurate
the estimate is.

In summary, the results for Rayleigh/Ricean flat-fading channels have shown the exponential
behavior of the actual supt Pr{D(t) > Dmax} and the accurateness of our estimation. We caution
however that such a strong agreement between the estimate and the actual QoS may not occur in all
situations with practical values of Dmax (although the theory predicts the agreement asymptotically
for large Dmax). We have shown that in the case of high-diversity channel fading models (e.g., high-
order Nakagami fading models), the estimation is not accurate.

2σ2
m, i.e., Ricean factor = A2/(2σ2

m).
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Figure 11: (a) θ vs. ζ and (b) θ vs. β.

4.2.3 Effectiveness of Resource Allocation in QoS Provisioning

The experiments here are to show that a QoS pair {rs, ρ} can be achieved (within limits) by choosing
ζ or β appropriately. In the experiments, we fix the following parameters: K = 10, κ = 0.8, and
SNRavg = −40 dB. We simulate three data rates, i.e., µ =50, 60, and 70 kb/s, respectively. We
do two sets of experiments: one for the RR scheduling and the other for the K&H scheduling.

In the first set of experiments, only the RR scheduling is used; we change ζ from 0.1 to 1
and estimate the resulting θ for a given µ, using Eqs. (36) through (40). Fig. 11(a) shows that θ

increases with ζ. Thus, Fig. 11 can be used to allot ζ to a user to satisfy its QoS requirements
when using RR scheduling.

In the second set of experiments, only the K&H scheduling is used; we change β from 0.1 to 1
and estimate the resulting θ, for a given µ. Fig. 11(b) shows that θ increases with the increase of
β, and thus the figure can be used to allot β to a user to satisfy its QoS requirements when using
K&H scheduling.

4.2.4 Performance Gains of Scheduling: Homogeneous Case

Under the setting of identical QoS requirements {rs, ρ} and i.i.d. channel gain processes, the
experiments here demonstrate the performance gain of joint scheduling over RR scheduling, using
the optimum {ζ, β} values specified by the resource allocation algorithm, i.e., Eqs. (6)–(9). In
particular, the experiments show that for loose delay constraints, the large capacity gains promised
by the K&H scheme can indeed be approached.

To evaluate the performance of the scheduling schemes under different SNRs and different
Doppler rates (i.e., different κ), we simulate three cases: 1) κ = 0.8, and SNRavg = −40 dB, 2)
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Figure 12: θ(µ) vs. µ for (a) κ = 0.8, SNRavg = −40 dB, (b) κ = 0.8, SNRavg = 15 dB, and (c)
κ = 0.95, SNRavg = −40 dB.
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κ = 0.8, and SNRavg = 15 dB, and 3) κ = 0.95, and SNRavg = −40 dB. In all the experiments,
we set rawgn = 1000 kb/s and K = 10.

In Fig. 12, we plot the function θ(µ) achieved by the joint, K&H, and RR schedulers, for a range
of source rate µ, when the entire frame is used (i.e., Kζ +β = 1). The function θ(µ) in the figure is
obtained by the estimation scheme, i.e., Eqs. (36) through (40). In the case of the joint scheduling,
each point in the figure corresponds to a specific optimum {ζ, β}, while for the RR and the K&H
scheduling, we set Kζ = 1 and β = 1 respectively. The curve of θ(µ) can be directly used to check
for feasibility of a QoS pair {rs, ρ}, by checking whether θ(rs) > ρ is satisfied. Furthermore, for
a given θ, the ratio of µ(θ) of the joint scheduler to the µ(θ) of the RR scheduler (both obtained
from the figure), represents the delay-constrained capacity gain that can be achieved by using
joint scheduling.

Four important observations can be made from the figure. First, the range of θ can be divided
into three segments: small, medium, and large θ, which correspond to three categories of the
QoS constraints: loose-delay, medium-delay, and tight-delay requirements. For small θ, our joint
scheduler achieves substantial gain, e.g., approximately

∑K
k=1

1
k capacity gain for Rayleigh fading

channels at low SNR. For example, in Fig. 12(a), when θ = 0.001, the capacity gain for the joint
scheduler is 2.9, which is close to

∑10
k=1

1
k = 2.929. For medium θ, our joint scheduler also achieves

gain. For example, in Fig. 12(a), when θ = 0.01, the capacity gain for the joint scheduler is 2.6. For
large θ, such as θ = 0.1, our joint scheduler does not give any gain. Thus, the curve of θ(µ) shows
the range of θ (delay constraints) for which a K&H type scheme can provide a performance gain.
When the scheduler is provided with the optimum {ζ, β} values, the QoS pair {µ, θ(µ)} guaranteed
to a user is indeed satisfied; the simulation result that shows this fact, is similar to Fig. 8, and
therefore, is not shown.

Second, we observe that the joint scheduler has a larger effective capacity than both the K&H
and the RR for a rather small range of θ. Therefore, in practice, it may be sufficient to use either
K&H or RR scheduling, depending on whether θ is small or large respectively, and dispense with the
more complicated joint scheduling. However, we have designed more sophisticated joint schedulers,
such as splitting the channel between the best two users in every slot, which perform substantially
better than either K&H and RR scheduling, for medium values of θ. This is shown in Fig. 13. This
indicates that more sophisticated joint schedulers may squeeze out more channel capacity gain. We
leave this for future study.

Third, the figure of θ(µ) can be used to satisfy the QoS constraint (7), even though it only
represent the Kζ+β = 1 case, as follows. For the QoS pair {rs, ρ}, we compute the ratio λ

.= rs
µ(θ=ρ)

using the µ(θ) function in the figure. Suppose the µ(θ = ρ) point in the figure corresponds to the
optimum pair {ζ̄, β̄}. Since we have the relation θζ̄,β̄(µ) = θλζ̄,λβ̄(λµ), i.e., Eq. (10), we assert
that instead of using the entire frame (as in the figure), if we use a total fraction λ of the frame,
then we can achieve the desired QoS {rs, ρ}. The joint scheduler then needs to use the {λζ̄, λβ̄}
pair to do RR and K&H scheduling respectively. This indicates a compelling advantage of our
QoS provisioning scheme over direct-measurement based schemes, which require experiments for
different λ, even if the ratio ζ/β is fixed.
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Figure 13: θ(µ) vs. µ for splitting the channel between the best two users.

Fourth, we observe that if θ is larger than a certain value, the corresponding data rate µ(θ)
achieved by the K&H, approaches zero. This is because the probability that a user will be allowed
to transmit is 1/K since there are K identical users share the channel; hence, on average, a user
has to wait K − 1 frames before its next packet is scheduled for transmission, making a guarantee
of tight-delay requirements (large θ) impossible.

4.2.5 Performance Improvement due to Partitioning

This experiment demonstrates the performance improvement due to partitioning of users as men-
tioned in Section 3.1.3. In particular, the experiment indicates the trade-off between performance
improvement and complexity.

Again, the setting of this experiment is i.i.d. channel gain processes and identical QoS require-
ments {rs, ρ}. We divide K users into groups and see how much gain can be achieved, compared
with non-partitioning. The parameters of the experiment is the following: rawgn = 1000 kb/s,
κ = 0.8, SNRavg = −40 dB, rs = 100 kb/s, ρ = 0.03.

The simulation result shows that the channel can support at most 13 users if the users is not
partitioned. If users are allowed to be partitioned, solving Eqs. (11)–(15), we find the maximum
number of users that the channel can support is 16, where the 16 users are partitioned into two
groups, each of which consists of 8 users. So partitioning increases the maximum admissible number
of users by 3. Note that this performance improvement is at the cost of complexity of solving
Eqs. (11)–(15).
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Table 1: Parameters for AR(2) Rayleigh fading channels.

User 1 User 2 User 3 User 4 User 5 User 6
κ1 0.8 0.75 0.7 0.6 0.5 0.45
κ2 0.1 0.05 0.2 0.2 0.3 0.4

4.2.6 Performance Gains of Scheduling: Heterogeneous Case

The experiments here show the performance gain of the K&H/RR scheduling over the RR schedul-
ing, using the {ζm, βm} values specified by the resource allocation algorithm in Figure 5, under the
setting of identical QoS requirements {rs, ρ} and non-identical, independent channel gain processes.

We do two sets of experiments. In the experiments, we fix the following parameters: rawgn =
1000 kb/s, SNRavg = −40 dB, rs = 30 kb/s, ρ = 0.01.

The first set of experiments is done under three different settings: 1) K = 10, 2) K = 19,
3) K = 37. We use AR(1) Rayleigh fading channel and each user has different κ, i.e., different
Doppler rate. We let κ change from 0.6 to 0.99 with equal spacing for the three settings, that is,
user 1 has κ = 0.6, the last user (10th, 19th, or 37th user) has κ = 0.99, and other users’ κ are
determined by equal spacing between 0.6 and 0.99.

In the first setting (K = 10), the resource allocation algorithm in Figure 5 results in a partition
with two groups, where the number of users in each group are K1 = 8 and K2 = 2. The total
channel usage under the K&H scheduling is 0.195, while the total channel usage under the RR
scheduling is 0.319.

In the second setting (K = 19), the resource allocation algorithm leads to a partition with
three groups, where K1 = 14, K2 = 4, and K3 = 1. The total channel usage under the K&H/RR
scheduling is 0.344, while the total channel usage under the RR scheduling is 0.597.

In the third setting (K = 37), the resource allocation algorithm obtains a partition with five
groups, where K1 = 27, K2 = 6, K3 = 2, K4 = 1, and K5 = 1. The total channel usage under the
K&H/RR scheduling is 0.69, while the total channel usage under the RR scheduling is 1.15, which
is rejected by admission control.

The second set of experiments is done under the following setting. We have K = 10 users in the
system. Among the ten users, four users have AR(1) Rayleigh fading channels and each of them
has different κ. We let κ change from 0.6 to 0.99 with equal spacing, that is, user 1 has κ = 0.6,
the fourth user has κ = 0.99, and other users’ κ are determined by equal spacing between 0.6 and
0.99. The other six users have AR(2) Rayleigh fading channels, specified by (23). Table 1 lists
the parameters for the AR(2) Rayleigh fading channels of the six users. From the simulation, the
resource allocation algorithm obtains a partition with two groups, where K1 = 9 and K2 = 1. The
total channel usage under the K&H/RR scheduling is 0.1842, while the total channel usage under
the RR scheduling is 0.3215.
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Hence, our resource allocation algorithm in Figure 5 achieves smaller channel usage than that
using the RR scheduling; as a result, the system can admit more users.

In summary, the K&H/RR scheduler achieves performance gain when delay requirements are
not very tight, while yet guaranteeing QoS at any delay requirement.

5 Related Work

There have been many proposals on QoS provisioning in wireless networks. Since our work is
centered on scheduling, we will focus on the literature on scheduling with QoS constraints in wireless
environments. Besides K&H scheduling and Bettesh & Shamai’s scheduler that we discussed in
Section 1, previous works on this topic also include wireless fair queueing [12, 14, 18], modified
largest weighted delay first (M-LWDF) [1], opportunistic transmission scheduling [11] and lazy
packet scheduling [16].

Wireless fair queueing schemes [12, 14, 18] are aimed at applying Fair Queueing [15] to wireless
networks. The objective of these schemes is to provide fairness, while providing loose QoS guaran-
tees. However, the problem formulation there does not allow explicit QoS guarantees (e.g., explicit
delay bound or rate guarantee), unlike our approach. Further, their problem formulation stresses
fairness, rather than efficiency, and hence, does not utilize multiuser diversity to improve capacity.

The M-LWDF algorithm [1] and the opportunistic transmission scheduling [11] implicitly utilize
multiuser diversity, so that higher efficiency can be achieved. However, the schemes do not provide
explicit QoS, but rather optimize a certain QoS parameter.

The lazy packet scheduling [16] is targeted at minimizing energy, subject to a delay constraint.
The scheme only considers AWGN channels and thus allows for a deterministic delay bound, unlike
fading channels and the general statistical QoS considered in our work.

Static fixed channel assignments, primarily in the wireline context, have been considered [9], in
a multiuser, multichannel environment. However, these do not consider channel fading, or general
QoS guarantees.

Time-division scheduling has been proposed for 3-G WCDMA [8, page 226]. The proposed
time-division scheduling is similar to the RR scheduling in this paper. However, their proposal did
not provide methods on how to use time-division scheduling to support statistical QoS guarantees
explicitly. With the notion of effective capacity, we are able to make explicit QoS provisioning with
our joint scheduling.

6 Concluding Remarks

In this paper, we examined the problem of QoS provisioning for K users sharing a single time-slotted
fading downlink channel. We developed simple and efficient schemes for admission control, resource
allocation, and scheduling, to obtain a gain in delay-constrained capacity. Multiuser diversity
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obtained by the well-known K&H scheduling is the key that gives rise to this performance gain.
However, the unique feature of this paper is explicit support of the statistical QoS requirement
{rs, Dmax, ε}, for channels utilizing K&H scheduling. The concept of effective capacity is the
key that explicitly guarantees the QoS. Thus, the paper combines crucial ideas from the areas
of communication theory and queueing theory to provide the tools to increase capacity and yet
satisfy QoS constraints. The statistical QoS requirement is satisfied by the channel assignments
{ζ, β}, which are determined by the resource allocation module at the admission phase. Then, the
joint scheduler uses the channel assignments {ζ, β} in scheduling data at the transmission phase,
with guaranteed QoS. Simulation results have shown that our approach can substantially increase
the delay-constrained capacity of a fading channel, compared with the RR scheduling, when delay
requirements are not very tight.

Our future work will focus on the design of scheduling, admission control and resource allocation,
for multiple users sharing multiple channels. In addition, work is underway in applying our approach
to practical settings, such as non-negligible packet size.

Appendix

Proof of Proposition 1

In this proof, the time index t for channel gains and capacities is dropped, due to the assumption
of stationarity of the channel gains. Without loss of generality, the expectation of channel power
gain gk can be normalized to one, i.e., E[gk] = 1, ∀k. Then, for Rayleigh fading channels, the CDF
of each channel power gain gk is

FG(g) = 1− e−g. (25)

For low SNR, i.e., very small gk, the channel capacity of the kth user can be approximated by

ck = log2(1 + gk) ≈ gk. (26)
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Then we have

cmax/E[c1] = E[max[c1, c2, · · · , cK ]]/E[c1] (27)

≈ E[max[g1, g2, · · · , gK ]]/E[g1] (28)

(a)
=

∫ ∞

0
gd(FK

G (g)) (29)

=
∫ ∞

0
(1− FK

G (g))dg (30)

=
∫ ∞

0
(1− FG(g))

(1− FK
G (g))

(1− FG(g))
dg (31)

=
∫ ∞

0
e−g(FK−1

G (g) + FK−2
G (g) + · · ·+ 1)dg (32)

=
∫ ∞

0
(FK−1

G (g) + FK−2
G (g) + · · ·+ 1)dFG(g) (33)

= 1 +
1
2

+ · · ·+ 1
K

(34)

where (a) follows from the fact that the CDF of the random variable max[g1, g2, · · · , gK ] is FK
G (g)

[20, page 248], and E[g1] = 1. It can be easily proved that

log(K + 1) ≤
K∑

k=1

1
k
≤ 1 + log K. (35)

So for large K, we can approximate
∑K

k=1
1
k by log(K + 1). This completes the proof.

Estimation of QoS Exponent θ(µ)

We briefly describe a simple algorithm to estimate the function θ(µ) (see [22] for details of deriva-
tion). Assume that the time-varying channel capacity process r(t) is stationary and ergodic. For a
given (unknown) fading channel and a given source rate µ, we take measurements from the queue
(see Fig. 3). First, take a number of samples, say N , over an interval of length T , and record
the following quantities at the nth sampling epoch: Sn the indicator of whether a packets is in
service6 (Sn ∈ {0, 1}), Qn the number of bits in the queue (excluding the packet in service), and
Tn the remaining service time of the packet in service (if there is one in service). Then, compute
the following sample means,

γ̂ =
1
N

N∑

n=1

Sn, (36)

q̂ =
1
N

N∑

n=1

Qn, (37)

6A packet in service refers to a packet in the process of being transmitted.
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and

τ̂s =
1
N

N∑

n=1

Tn. (38)

Finally, we obtain the estimate of θ(µ) by

θ̂ =
γ̂ × µ

µ× τ̂s + q̂
(39)

Eqs. (36) through (39) constitute our algorithm for estimating the QoS exponent function θ(µ).
Note that, to get the function θ(µ), we need to estimate θ for different source rate µ.

The estimated θ̂ can be used to predict the QoS by approximating Eq. (4) with

sup
t

Pr{D(t) ≥ Dmax} ≈ e−θ̂Dmax . (40)

Proof for Eq. (10)

We use the notation in Section 3.1.2. From (3), we have

αK,ζ,β(u) =
− limt→∞ 1

t log E[e−u
R t
0 r(τ)dτ ]

u
, ∀ u ≥ 0. (41)

Since we only consider the homogeneous case, without loss of generality, denote αK,λζ,λβ(u) the
effective capacity function of user k = 1 under K&H/RR scheduling, with frame shares λζ and λβ

respectively (λ > 0). Denote the resulting capacity process allotted to user 1 by the joint scheduler
as the process r̂(t). Then for u ≥ 0, we have

αK,λζ,λβ(u)
(a)
=

− limt→∞ 1
t log E[e−u

R t
0 r̂(τ)dτ ]

u

(b)
=

− limt→∞ 1
t log E[e−u

R t
0 λr(τ)dτ ]

u

=
− limt→∞ λ

t log E[e−(λu)
R t
0 r(τ)dτ ]

λu
(c)
= λ× αK,ζ,β(λu) (42)

where (a) from (3), (b) using r̂(t) = λr(t), which is obtained via (16), and (c) from (41). Then by
αK,λζ,λβ(u) = λ× αK,ζ,β(λu) .= µ, we have

u = α−1
K,λζ,λβ(λµ) (43)
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and
λu = α−1

K,ζ,β(µ). (44)

Removing u in (43) and (44) results in

α−1
K,ζ,β(µ) = λ× α−1

K,λζ,λβ(λµ) (45)

Thus, we have

θK,ζ,β(µ)
(a)
= µ× α−1

K,ζ,β(µ)

(b)
= µ× λ× α−1

K,λζ,λβ(λµ)

(c)
= θK,λζ,λβ(λµ) (46)

where (a) from (5), (b) from (45), and (c) from (5). This completes the proof.
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