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Abstract—Feedback reduction in multiuser orthogonal
frequency-division multiplexing (OFDM) systems has become
an important issue due to the excessive amount of feedback
required to use opportunistic scheduling, particularly when
the number of users and carriers is large. In this paper, we
propose a novel feedback-reduction scheme for efficient downlink
scheduling. In the proposed scheme, each user determines the
amount of feedback based on the so-called feedback efficiency
in a distributed manner. The key idea is to give more of an
opportunity for feedback to users who are more often scheduled.
Simulation results demonstrate that the proposed scheme can
substantially decrease the feedback load while achieving almost
the same scheduling performance as in the case of full feedback.
In addition, the proposed scheme offers unique advantages over
existing ones. First, it is not tailored to a specific scheduling policy;
thus, it has adaptability to the change of the underlying scheduling
policy. Second, the total feedback load can be maintained below a
target level, regardless of the number of users in the system.
Index Terms—Channel quality indicator (CQI) feedback,
opportunistic scheduling, orthogonal frequency-division multiplexing (OFDM) system.

I. I NTRODUCTION

O

PPORTUNISTIC scheduling exploits independently fading wireless channels to enhance the throughput performance of wireless systems [1]. For this, each user should send
the channel quality indicator (CQI) to the base station (BS) in
each time slot. The amount of CQI feedback increases as the
number of users in the system increases, and obviously, it becomes a more serious problem in multicarrier (interchangeably,
multichannel) systems where the CQI information of every sub-
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carrier (interchangeably, subchannel) must be known to the BS.
Clearly, the goal of feedback reduction is to reduce the feedback
load, but at the same time, the performance of a scheduler can
be deteriorated due to the insufficient feedback information.
Hence, the key challenge is to minimize the adverse impact on
the scheduler (i.e., to enable a scheduler to achieve comparable
performance to the case of full feedback), while keeping the
feedback information minimal.
There have been several works in this context. In the
best-M feedback scheme [2], each user selects M best subchannels having the highest signal strength and sends the CQIs
of these subchannels to the BS. Under this scheme, it can be
conjectured that the fairness-oriented scheduling policies such
as the proportional fairness scheduler (PFS)1 [3] will behave as
designed since all users are given an equal amount of feedback
opportunity M . However, the performance of the maximumrate scheduler (MRS) [4], [5] (which serves the user with the
highest achievable rate in each time slot) can be degraded,
because some of the subchannels can be scheduled to a user
in deep fading, thereby yielding throughput loss, unless M is
close to the total number of subchannels. In [6], the absolute
SNR thresholding scheme was proposed, wherein user k sends
feedback if γkt ≥ γth , where γkt denotes the instantaneous SNR
of user k at time slot t, and γth is the threshold. This can easily
be extended to multichannel systems by applying the same
threshold to each subchannel. Since, however, users in deep
fading will have no chance of being scheduled, the fairnessoriented scheduling policies will exhibit severe performance
degradation. To solve this problem, the absolute SNR thresholding scheme was modified such that user k sends feedback
when the normalized SNR γkt /γ̄k exceeds a certain threshold
A, where γ̄k is the average of γkt from time slot 0 to t.
However, this normalized SNR thresholding scheme has the
same problem as that of the best-M scheme in the long term,
because each user sends approximately the same amount of
feedback on the average. Consequently, it may work well with
the PFS but not with the MRS.
Note that all of these schemes have a common drawback that
the total amount of feedback tends to increase in proportion
with the number of users in the system, which significantly
undermines their practicality for a large system. To limit the
total feedback load, a random-access-based feedback scheme,
known as opportunistic feedback, was proposed in [8], where
the feedback opportunities are granted for the users who succeed in the underlying random access competition, and the
users satisfying γkt ≥ γth are allowed to send the message
1 Under the PFS, users compete for resources based on the achievable rate
normalized by their respective average rate.
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containing its identity during the competition. After that, the
BS randomly allocates the feedback opportunities among the
successful users. This scheme can explicitly control the feedback load, regardless of the number of users in the system, but
inherently possesses the same drawback as that of the absolute
SNR thresholding scheme and suffers from long feedback
delays due to the underlying competition process.
More importantly, it should be mentioned that all the previous schemes use the SNR as a feedback decision metric,
and this SNR-based approach seems to have a fundamental
limitation in guaranteeing the performance of various types
of scheduling policies. We take a different approach to this
problem by observing that, ideally, only the users that will be
served in each time slot need to report their CQIs. To mimic
this ideal case, our scheme gives more feedback opportunities
to the users who are more likely to be scheduled. For this, we
first introduce feedback efficiency, which is defined as the ratio
of the average number of allocated subchannels to the amount
of feedback. Under our proposed scheme, all the active users
are expected to maintain the same target feedback efficiency by
adjusting their feedback amount in each time slot. It is shown
that our proposed scheme achieves almost the same scheduling
performance as in the full feedback while substantially reducing
the total feedback load. Moreover, there are two additional
unique advantages over the previous schemes. First, it has
adaptability to the change of the underlying scheduling policy
and thus works well with a broad class of scheduling policies,
ranging from the MRS aiming at maximum efficiency to the
maximum-fairness scheduler (MFS)2 [4] aiming at maximum
fairness. Second, it explicitly controls the total feedback load
below a target level, regardless of the number of users in the
system.
This paper is organized as follows. In Section II, we describe
the system model and define some notations. In Section III,
as a preliminary step to develop a feedback algorithm, we
investigate how users share resources under scheduling policies
of different fairness criteria. Section IV proposes and analyzes
the efficiency-based feedback algorithm in detail. In Section V,
we present numerical results that evaluate the performance of
our proposed algorithm in terms of the total throughput, the
per-user throughput, fairness, and the total feedback load. We
conclude this paper in Section VI.
II. S YSTEM M ODEL
We consider an orthogonal-frequency-division-multiplexingbased single-cell downlink with K users and N subchannels.
Denote by K and N the set of all users and subchannels,
respectively. A time-slotted system is considered, and an
example frame structure is shown in Fig. 1. Let ht = [htk , ∀k ∈
K] be the channel state vector at time slot t, where htk is an
N -by-1 vector. We assume that the channel state is fixed during
a slot. Let Γht be the feasible region of the transmission rate
vector rt = [rkt , ∀k ∈ K] for given channel state ht at time slot
t, i.e., rt ∈ Γht . The transmission rate of user k at time slot t is
2 As

an extreme pursuit of fairness, the MFS allocates resources in each time
slot to maximize the minimum user’s average data rate.
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Fig. 1. Example frame structure of a multichannel system.


t
t
t
determined by a scheduler as rkt = N
n=1 xk,n rk,n , where rk,n
is the achievable rate of user k over subchannel n during time
slot t, and xtk,n is an indicator function such that xtk,n = 1 if
user k is chosen to be served over subchannel n at that time slot
and xtk,n = 0 otherwise. We restrict that any subchannel cannot

t
be shared by multiple users during a slot, i.e., K
k=1 xk,n ≤
t
1, ∀n, ∀t. Let Rk be the 
average throughput of user k up to time
slot t, i.e., Rkt = (1/t) tτ =1 rkτ , and let Rt = [Rkt , ∀k ∈ K].
It is assumed that each user is associated with a utility
function Uk (Rkt ) of their average throughput, and let U (Rt ) =
K
t
k=1 Uk (Rk ), where the utility function Uk (·) is an increasing, strictly concave, and continuously differentiable function
on R+ . Define the long-term average throughput vector as
R = limt→∞ Rt and let Γ be the long-term feasible region of
the long-term average throughput vector R by considering all
the possible scheduling policies. It can easily be shown that the
long-term feasible region Γ is a convex and compact set [9].
We assume that users know which subchannels are allocated
to them in each time slot. Note that this is not merely an
assumption because, for example, in the IEEE 802.16e system,
the DL-MAP (downlink map) message contains such resourceallocation information. It is also assumed that the feedback
transmission from a user to the BS is collision-free and that
the number of subchannels that is fed back to the BS need not
be fixed. This can be done by sending the feedback information
through the uplink data channel. Indeed, in the IEEE 802.16e
system, users periodically send the REP-RSP (channel measurement report response) message containing the CQIs of the
five best subchannels and indicating bitmaps through the data
channel.3
III. U NDERSTANDING S CHEDULERS
In designing a wireless packet scheduler, the total throughput
and fairness among users are two competing interests; the MRS
can be used to maximize the throughput, whereas the MFS
can be used to maximize fairness. To trade off between them,
the PFS was proposed [3]. The α-PFS is a generalized and
3 In the IEEE 802.16e system, users report the differential of channel
states for the five selected subchannels on its dedicated fast-feedback channel
(CQICH) with a step of 1 dB in between the REP-RSP messages [19].
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unified form of those schedulers [14]. It is often referred to
as the generic proportional fair scheduler in the IEEE 802.16
Task Group m [17]. This section investigates how users share
resources under the α-PFS of different fairness criteria.
Many of the scheduling policies—including the PFS—can
be viewed as a gradient-based algorithm [10], [11]. It aims to
maximize the sum utility by maximizing U (Rt+1 ) − U (Rt ) in
each time slot, which is equivalent to choosing the transmission
rate vector having the maximum projection onto the gradient of
the sum utility as
arg max ∇U (Rt )T · rt
rt ∈Γht

(1)

where T denotes the vector transpose. With a strictly concave
utility function, it has been proved that such a gradient-based
algorithm maximizes sum utility U (R) over the long-term
feasible region Γ [10], [12].
By changing utility functions, the gradient-based scheduler
can achieve various objectives. For example, the following
function enables achieving any compromise between fairness
and efficiency [13], [14]:
⎧
1−α
(1 − α)−1 (Rkt )
, α > 0, α = 1
⎨
k∈K

(2)
U (Rt ) =
⎩
log (Rkt ) ,
α = 1.
k∈K

With this utility function, the scheduler in (1) becomes
 −α t
arg max Rkt
rk
k∈K

(3)

where we have assumed the single-channel system (N = 1)
for simplicity of illustration. As α → 0, the total throughput
is maximized (MRS), and when α = 1, the proportionally fair
throughput allocation is achieved (PFS). As α increases, the
fairness is improved at the cost of reduced total throughput,
and, particularly as α → ∞, the throughput allocation becomes
max-min fair (MFS). Under the scheduling policy in (3), each
user shares the channel as in Observation 1 below.
Observation 1: For the two-user case, each user receives
time slots in a long-term sense as in the following ratio:


θ1 =
1+

1
R1max
R2max

(α−1)/α

,

θ2 = 1 − θ 1

(4)

where Rkmax is defined as the maximum achievable 
longterm throughput of user k, i.e., Rkmax = limt→∞ (1/t) tτ =1
N
τ
n=1 rk,n . This is simply the long-term average throughput
of user k when user k is scheduled for all subchannels and for
all time slots.
Proof: See the Appendix for the proof.

Fig. 2 plots (4) when the long-term maximum achievable
rate of user 1 is twice than that of user 2, i.e., R1max /R2max =
2. When α = 0 (MRS), the resource-sharing ratio becomes
θ1 = 1 and θ2 = 0, i.e., the strong user monopolizes all the
resources. Therefore, the best-M and normalized SNR thresholding schemes will reveal redundant feedback, because the
weak user does not need to send feedback at all. Note that

Fig. 2.

Time sharing ratio in the two-user case where R1max /R2max = 2.

the absolute SNR thresholding scheme will be well matched
with the MRS because the strong user is given more feedback
opportunities. On the other hand, when α = 1 (PFS), each user
receives an equal fraction of time slots. From this, it can be
conjectured that if there are totally K users in the system,
each user will equally receive fraction 1/K of the time slots,
which is referred to as the equal time sharing property of the
PFS [16]. Hence, the absolute SNR thresholding scheme can
cause a serious fairness problem because the weak user has no
chance of being scheduled at all due to the lack of feedback
information. Nevertheless, the best-M and normalized SNR
thresholding schemes will be harmonious with PFS because
these schemes give an equal or approximately equal number
of feedback opportunities to users, irrespective of their relative channel strengths. The case of α → ∞ (MFS) can also
analogously be explained. This observation indicates that the
previous schemes have their own single ideal operating point
(i.e., α = 0 for the absolute SNR thresholding scheme and α =
1 for the best-M and normalized SNR thresholding schemes).
More importantly, the SNR (which was the feedback decision
metric in the previous schemes) is not the only criterion in
determining the users to be served, but the criterion can be
differed according to the underlying scheduling policy. This
shows the necessity of designing a feedback algorithm that can
work well with the schedulers of different fairness criteria.
IV. E FFICIENCY-BASED F EEDBACK -R EDUCTION
A LGORITHM
A. Description of the Algorithm
The key idea behind our proposed algorithm is to give more
feedback opportunities to users who are more often scheduled.
To realize such a concept in determining each user’s feedback
amount, we introduce feedback efficiency, which is defined as
the ratio of the average number of allocated subchannels s̄tk to
the amount of feedback fkt for user k at time slot t. Specifically,
fkt denotes the number of subchannels whose CQI information
was sent back to the BS at time slot t, and the average
number
of allocated subchannels is given by s̄tk = (1/t) tτ =1 sτk .
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A proper target efficiency value will be predetermined based
on the system objective, and all users are expected to maintain
the same efficiency by adjusting their feedback amount in each
time slot.
The efficiency-based feedback reduction (EFR) scheme is
presented in Algorithm 1. For the given target efficiency e, each
user k computes the probability ptk at time slot t as
ptk =

1 s̄tk
·
N e

+

(5)
1

where [·]+
1 denotes the orthogonal projection onto the interval
[0, 1].4 After that, each user k generates the binomial random
variable Xk with parameters N and ptk and sends the CQIs of
the best Xk subchannels to the BS. Therefore, the scheduling of
each of the subchannels is done for the reduced set of users who
sent feedback on that subchannel. Once a scheduling decision
is made, each user updates its average
t+1 τnumber of allocated
=
(1/t
+
1)
subchannels as s̄t+1
τ =1 sk . Note that if target
k
efficiency e increases, then each user sends less feedback than
before, and by doing so, the feedback efficiency is maintained
at its target level.
Algorithm 1 EFR Algorithm
1: At time slot t,
– Compute the probability ptk using (5).
– Generate the binomial random variable Xk with
parameters N and ptk .
2: At time slot t + 1,
– Select fkt+1 = Xk best subchannels and send back
the CQIs of these subchannels to the BS.
– Update the average number of allocated subchannels
s̄t+1
k .
– Set t = t + 1 and go to 1.
Recall Section III, where we derived the long-term time sharing ratio [θk , ∀k ∈ K] between users, which is equal to the longterm average number of allocated subchannels s̄tk for the single
channel system. In this case, the probability ptk of user k is given
by [(θk /e)]+
1 in the long-term sense. From this, one can easily
notice that the expected amount of feedback is proportional
to the resource-sharing ratio under our proposed scheme. This
argument can readily be extended to a multichannel system
without loss of generality. Moreover, unlike previous works,
our scheme takes into account the underlying scheduling policy
through the average scheduling frequency s̄tk , which is used to
decide the amount of feedback.
B. Feedback Load Estimation
A common drawback of the previous schemes is that the
total feedback load increases in proportion to the number of
users. However, under our proposed scheme, the total feedback
load can be maintained below a target level, even when the
number of users changes. Note that, as the number of users

increases, the average number of allocated subchannels s̄tk of
each user will be decreased. Consequently, the probability ptk
will be lowered, which results in a reduced amount of feedback
fkt . Owing to this self-regulating mechanism, the total feedback
load, which is the sum of all the individual users’ feedback,
can be maintained below a target level (which relies on the
target efficiency), regardless of the number of users in the
system.
Note that, under our proposed scheme, each user sends Xk
amount of feedback, which follows the binomial distribution
with parameters N and pk , where pk = [(s̄k /N e)]+
1 , and time
index t is dropped for brevity. Thus, the kth user’s expected
amount of feedback is given by
E[Xk ] = N pk ≤

s̄k
e

and the total feedback load is
E[Xk ] ≤
k∈K

1
e

s̄k =
k∈K

N
e

(6)


where the equality, i.e., k∈K s̄k = N , in (6) follows from the
fact that the available number of subchannels is always N ,
regardless of the number of users. Finally, the total feedback
load per channel of our efficiency-based feedback scheme is
bounded by
FEFR ≤

1
.
e

(7)

Notice that the total feedback load does not depend on the
number of users in the system, but it is simply the inverse of the
target efficiency that is under our control.
We now look at the feedback load of previous schemes by
assuming that users experience independent identically distributed fading. For a Rayleigh fading channel, the instantaneous
SNR γk is exponentially distributed with the following probability density function [18]:

1
γk
f (γk ) =
exp −
, γk ≥ 0
γ̄k
γ̄k
where γ̄k is the average SNR. Under the absolute SNR thresholding scheme, each user sends the CQI if the instantaneous
SNR exceeds a certain threshold γth . Thus, the total feedback
load per channel of the absolute SNR thresholding scheme is
given by
⎛
⎞

γth
K
K
γth
⎝
⎠
1−
f (γk )dγk =
exp −
FABS =
. (8)
γ̄k
k=1

0

k=1

On the other hand, under the normalized SNR thresholding
scheme, each user sends the CQI when the normalized SNR
γk /γ̄k exceeds a certain threshold A. By simply replacing γth in
(8) with γ̄k A for each user, the total feedback load per channel
of the normalized SNR thresholding scheme is given by
K

FNOR =
4 For example,

if N = 4, e = (1/5), and s̄tk = 1, then ptk = [(5/4)]+
1 = 1.

exp(−A) = K exp(−A).
k=1

(9)
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Fig. 3. Comparison of the total feedback load. (a) Efficiency-based feedback scheme. (b) Best-M scheme. (c) Normalized SNR thresholding scheme.
(d) Absolute SNR thresholding scheme.

The total feedback load per channel of the best-M feedback
scheme is deterministically given by
FBest-M =

KM
.
N

(10)

Note that both the best-M and normalized SNR thresholding
schemes let the users send equal amounts of feedback, irrespective of their relative channel strengths. Specifically, by simply
setting A = − ln(M/N ), each user’s feedback amount and the
total feedback load of the normalized SNR thresholding scheme
becomes identical to those of the best-M scheme in the average
sense.
To verify the analysis given above, we compare our scheme
with the previous ones for a 24-subchannel system. In the case
of the absolute SNR thresholding or normalized SNR thresholding scheme, the resulting total feedback load was averaged
over multiple subchannels to obtain the per-channel feedback
load. Fig. 3 plots the total feedback load per channel of our
proposed and previous schemes. As expected, our scheme

controls the feedback load below a target level, whereas under
other schemes, the feedback load increases with the number of
users. Note that, when there are a large number of users, all the
previous schemes suffer from the excessive feedback load. On
the other hand, when there are a small number of users, their
feedback-reduction mechanism can cause the underutilization
of downlink resources due to the insufficient feedback. Note
that the shortcomings of previous schemes can be solved by
adaptively selecting the thresholds or other parameters. To
do this, however, it is necessary to continuously monitor the
number of users in the system. Unlike previous schemes, our
scheme does not require this dynamic parameter selection,
because each user automatically adapts its feedback load in
response to the scheduling frequency that changes according
to the number of users.
C. Selection of the Feedback-Efficiency Factor
Clearly, our scheme can easily trade off between the feedback
load and the scheduling performance by controlling the target
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Performance ratio of the efficiency-based feedback scheme with PFS.

efficiency e. For example, if e is high, the feedback load
will decrease, while the scheduling performance can possibly
be degraded due to the insufficient feedback. For a small e,
the opposite will happen. Hence, the target efficiency must
carefully be selected by taking into account the system objectives. If we can find a closed-form expression for the system
performance (e.g., the sum utility under the gradient-based
scheduler), it will relatively be easy to decide e. However,
finding such an expression seems to be intractable. Due to
this difficulty, we select the target efficiency by comparing
the empirical throughput performance. We used the PFS for
this comparison, and thus, the performance metric is the sum
utility. Fig. 4 plots the performance ratio, which is defined as
the utility under our scheme normalized by that under the full
feedback, where the same simulation scenario as in Section V
was applied. As 1/e increases (low feedback efficiency), our
scheme better approximates the full feedback. In particular, at
1/e = 6, the performance ratio is higher than 99%, regardless
of the number of users, and the improvement becomes marginal
above 1/e = 10. Hence, we will use a 1/e falling between 6 and
10 later in the simulation. Note that the feedback efficiency can
also be chosen using the analysis in Section IV-B to meet the
maximum feedback load allowed by the system.
D. Considerations
Our scheme takes a significant step toward the design of
scheduler-compatible feedback reduction, but there still remain
several challenges for its implementation.
1) In Algorithm 1, each user generates a binomial random
variable Xk with parameters N and ptk to decide the
amount of feedback fkt in each time slot t. Since the
variance of Xk is given by N ptk (1 − ptk ), the algorithm
may induce substantial variations in the feedback load
when N is large. To deal with this problem, one can
consider a more deterministic approach by letting fkt =
nint(N ptk ), where nint(·) is the nearest integer function.
This way, the total amount of feedback in each time slot
will fluctuate less, staying close to the target level.

Fig. 5. Comparison of total throughput and Jain’s fairness index with
the scheduling policies of different fairness criteria. (a) Total throughput
(number of users = 30). (b) Jain’s fairness index (number of users = 30).

2) This paper implicitly assumes that the channel state ht is
a stationary and ergodic process. However, in reality, it is
not likely to be stationary and ergodic, for example, due
to user mobility. In this case, the moving average filter
can be used to track the dynamics of the average number
of allocated subchannels s̄tk . For example, one can use
the exponentially weighted moving average (EWMA)
+ (1/te )stk , where te is
filter as s̄tk = (1 − (1/te ))s̄t−1
k
the length of the window for the update.
3) Consider an extreme case where a user, e.g., k, has not
been scheduled for a long period of time, for example,
due to deep fading. Then, s̄tk can decrease close to zero,
and consequently, the user will not be scheduled hereafter
because of no received feedback. To cope with such an
extreme case, a detection mode can be considered in
which such users are allowed to send at least one feedback
to check whether the channel statistics were changed for
the better.
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Fig. 6. Comparison of per-user throughput with the scheduling policies of different fairness criterions. (a) Efficiency-based feedback scheme (number of users =
30). (b) Best-M scheme (number of users = 30). (c) Normalized SNR thresholding scheme (number of users = 30). (d) Absolute SNR thresholding scheme
(number of users = 30).

4) We implicitly assume that all users are active in the sense
that every user has an infinite amount of data at the BS.
However, in reality, some users may have no data for
a while, and the feedback from such users will not be
needed. In this case, the BS can stop them from sending
the feedback. Note that such a variation on the number of
active users will be reflected to the remaining users’ stk ,
and our scheme will enable each user to adapt to the new
environment.
The modified EFR algorithm is presented in Algorithm 2 by
considering the practical issues discussed in this section, and
we compare the performance of the modified algorithm with
the original one in the following section.
Algorithm 2 Modified EFR Algorithm
1: At time slot t,
– Compute the probability ptk using (5).
– Set fkt+1 = nint(N ptk ). If fkt+1 = 0, set fkt+1 = 1.

2: At time slot t + 1,
– Select fkt+1 best subchannels and send back the
CQIs of these subchannels to the BS.
– Update the average number of allocated subchannels
using the EWMA filter.
s̄t+1
k
– Set t = t + 1 and go to 1.
V. S IMULATION R ESULTS
For the simulation, the IEEE 802.16e 1024-FFT orthogonal
frequency-division multiple-access adaptive modulation and
coding (AMC) mode [19] is used, where the data subcarriers
are grouped into 24 subchannels. The AMC mode is possible
only if the channel coherence time is much longer than the
lag between the time the channel is measured and the time
when the packet is actually transmitted [3], [19]. Therefore,
the International Telecommunication Union (ITU) pedestrian
B model is chosen for the user mobility [20]. Note that, for
high-mobility users (usually served in the diversity mode in the
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IEEE 802.16e system), it is sufficient to predict the average
CQI of the overall subchannels, because the channel follows
the stationary distribution [3].
The radius of the cell is 1 km, and the distance dk between
user k and the BS is a 2-D uniformly distributed random
variable. We use P L(dk ) = 16.62 + 37.6log10 (dk )[dB] for the
path loss model, and the shadowing has a log-normal distribution with standard deviation σs = 8 dB. The ITU pedestrian
B parameters are applied to the standard delay-spread model
to generate the frequency-selective fast fading [21]. For a fair
comparison, the threshold of each scheme is chosen such that
they have the same feedback load at 30 number of users. Using
the analysis in Section IV-B, such parameters can be obtained
as follows: M = 5 (best-M scheme), γth = 11.86 dB (absolute
SNR thresholding scheme), A = 1.6 (normalized SNR thresholding scheme), and e = 1/6.25 (efficiency-based feedback
scheme). The length of a time slot is set to 5 ms. We used Jain’s
fairness
 index [22] forthe fairness comparison, which is given
by (( k∈K Rk )2 /K k∈K (Rk )2 ). Note that the index ranges
from (1/K) (worst case) to 1 (best case).
In Fig. 5, we compare the throughput and fairness performance under the scheduling policies of different fairness
criteria. First, observe that our scheme closely approximates
the full feedback for every α. The best-M and normalized
SNR thresholding schemes show significant throughput loss
near α = 0, while the throughput and fairness approach that of
the full feedback as α increases. On the other hand, the absolute
SNR thresholding scheme shows the opposite behavior, i.e., its
performance is more degraded as α increases. In Fig. 6, we
plot the per-user throughput of our proposed and the previous
schemes. The data are taken from the same simulation as in
Fig. 5. Three representative users with the highest, the median,
and the lowest SNR are selected. Fig. 6(a) shows that the individual throughput under our scheme follows that under the full
feedback [as we observed in Fig. 5(a)]. However, under the
best-M and normalized SNR thresholding schemes in Fig. 6(b)
and (c), the strongest user’s throughput at α = 0 (MRS) is
much lower than that under the full feedback. This is because
these schemes let the users send equal or approximately equal
amounts of feedback, irrespective of channel qualities. Under
the absolute SNR thresholding scheme in Fig. 6(d), the throughput of the median and weakest users is not raised, even though
the fairness exponent α increases. This is because such users are
not allowed to send an enough amount of feedback under the
absolute SNR thresholding scheme, regardless of the fairness
criterion of the scheduler.
Fig. 7 depicts the total throughput, the fairness index, and the
total feedback load per channel for various numbers of users,
where the PFS is used. In Fig. 7(a)–(b), our scheme shows
almost identical performance to that of the full feedback. However, the best-M and normalized SNR thresholding schemes
experience considerable throughput degradation when there are
a small number of users. On the other hand, the total throughput
of the absolute SNR thresholding scheme outperforms the full
feedback, whereas the fairness performance is worse than that
of the full feedback. This is because the weak users have
no chance of being scheduled at all due to the lack of the
CQI information, and consequently, the resulting throughput
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Fig. 7. Comparison of total throughput, Jain’s fairness index, and total feedback load per channel for various number of users. (a) Total throughput with
PFS (i.e., α = 1). (b) Jain’s fairness index with PFS (i.e., α = 1). (c) Total
feedback load per channel with PFS (i.e., α = 1).
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vector is quite distant from the proportionally fair throughput
allocation [see Figs. 5 and 6(d) at α = 1]. From Fig. 7(c), it can
be seen that our scheme controls the per-channel feedback load
below 1/e, whereas other schemes exhibit increasing feedback
load as the number of users increases.
In Fig. 8, we compare the performance of the modified
efficiency-based feedback scheme in Algorithm 2 with the
original one in Algorithm 1. In Fig. 8(a) and (b), the modified
scheme exhibits almost identical total throughput and fairness
performance to those of the original scheme. However, from
Fig. 8(c), it can be seen that the original scheme induces substantial variation in feedback load, whereas the feedback load
fluctuates much less under the modified scheme, which follows
from the construction of the modified scheme in Section IV-D.
VI. C ONCLUDING R EMARKS
In this paper, we have proposed an innovative feedbackreduction algorithm that uses feedback efficiency as a feedbackdecision metric instead of the received SNR used in the
previous schemes. The key idea behind our algorithm is to
give more feedback opportunity to the users who are more
often scheduled. As a preliminary step, we have first studied
the impact of feedback reduction on the performance of the
scheduler by adopting the viewpoint of the gradient-based
scheduling theory. We have then proposed and analyzed the
efficiency-based feedback algorithm that exhibits almost the
same scheduling performance as in the case of full feedback
while substantially reducing the amount of feedback. The simulation results have demonstrated that our scheme works well
with a broad class of scheduling policies, ranging from the
MRS aiming at maximum efficiency to the MFS aiming at
maximum fairness. Moreover, it can control the total feedback
load below a target level, regardless of the number of users.
All these advantages are achieved without additional control
overhead.
A PPENDIX
P ROOF OF O BSERVATION 1
Let [θk , ∀k ∈ K] be the long-term average ratio of time
slots allocated to usersby scheduling policy (3), where 0 ≤
θk ≤ 1, ∀k ∈ K, and
k∈K θk = 1. Consequently, we can
express the resulting long-term throughput vector as R =
[θk Rkmax , ∀k ∈ K]. Similarly, an arbitrary long-term throughput
vector by an arbitrary allocation ratio [θk , ∀k ∈ K] can be
max
expressed
as R = [θk Rk , ∀k ∈ K], where 0 ≤ θk ≤ 1, ∀k ∈
K, and k∈K θk = 1. Because the utility functions in (2) are
strictly concave, it is easy to show that R∗ is the optimal
solution of the sum utility maximization if and only if (see [10]
and the references therein)
∇U (R∗ )T · (R − R∗ ) ≤ 0

Fig. 8. Comparison of Algorithm 1 (original EFR) with Algorithm 2 (modified EFR). (a) Total throughput with PFS (number of users = 30). (b) Jain’s
fairness index with PFS (number of users = 30). (c) Total feedback load per
channel with PFS (number of users = 30).

∀R ∈ Γ.

(11)

With the strictly convex long-term feasible region, it follows
that R∗ is the unique maximizer and Rt → R∗ as t → ∞,
starting with any initial state R0 ∈ Γ. Therefore, the longterm throughput vector R should satisfy (11) for all possible
throughput vectors R ∈ Γ, because R is the unique optimal
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long-term throughput vector obtained by the gradient-based
scheduler in (3). For the two-user case, (11) can be rewritten
as follows:
θ1 R1max − θ1 R1max
(1 − θ1 )R2max − (1 − θ1 ) R2max
+
≤0
α
(θ1 R1max )
((1 − θ1 ) R2max )α
(12)
for all θk ∈ [0, 1]. After some manipulation, (12) reduces to
(θ1 − θ1 ) A ≤ 0

(13)

where A = (1 − θ1 )α (R2max )α−1 − θ1α (R1max )α−1 . The inequality in (13) is always satisfied, for all θk ∈ [0, 1], if and
only if A = 0, and this leads us to the result of Observation 1.
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