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Abstract—Providing ubiquitous very high data rate coverage in
next generation wireless networks is a formidable goal, requiring
cost-effective radio access network (RAN) devices, such as multiuser enabled amplify-and-forward (AF) relays, and fair radio
resource management (RRM). To further this goal, we investigate
multi-user enabled AF relays which multiplex user’s data in
orthogonal frequency division multiple access (OFDMA). These
relays are cost-effective, simpler to implement, and introduce less
delay in comparison to other relay based routers. We devise a
generalized proportionally fair (GPF) RRM framework for multiuser enabled AF relays. In GPF scheduling a single parameter is
used to gradually change schedules from throughput optimal to
proportionally fair. We formulate the GPF scheduling problem
and due to its complexity devise a low complexity heuristic
to solve it. We evaluate the performance of the heuristic with
extensive simulations and show that the heuristic performs well.
Index Terms—Radio Resource Management, Amplify-andForward, Sub-Carrier Pairing, Fairness.

I. I NTRODUCTION AND M OTIVATION
Current state-of-the-art standardization activities are leading
towards peak data rates in the order of one gigabit per second
(Gbps) in the downlink. While it is still early for the standardization bodies to consider much higher data rates of tens of
Gbps, this is clearly a timely and important research topic due
to the exponential growth of user traffic on existing networks.
Providing very high data rate coverage, when and where
required, is a formidable goal, requiring dense cost-effective
radio access network (RAN) architectures. Since path loss,
fading, and transmit power limitations prevent high spectral
efficiency even for moderately long links, it is necessary
to consider advanced RANs, such as relay networks, which
effectively collect and distribute wireless signals. However,
to achieve the full potential of the advanced RANs, efficient
RRM techniques are also necessary to match the demand with
limited wireless resources in a fair way.
We consider RANs with multi-user enabled amplify-andforward (AF) relays, which multiplex user data. OFDMAbased AF relays buffer quantized samples of the symbols until
they are amplified and transmitted at a later time.
As evident in today’s wired networks, implementing hopby-hop routing is a huge challenge at high data rates due to
the hardware complexities of fast packet header inspection.
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Without AF relaying, similar issues would rise in very highdata rate wireless networks. In addition, since the AF relays
do not decode packets, channel decoder delays are eliminated,
reducing its impact on higher layers.
Previous work shows that scheduling for AF relay networks
holds great promise [1]–[4]. With a single user, the scheduling
problem becomes matching the input sub-carriers to output
sub-carriers to maximize the sum-rate capacity – process
called sub-carrier pairing. Since this problem is equivalent to
the assignment problem, it can be solved by the Hungarian
algorithm [3]. However, due to the special structure of the
problem, a solution can also be obtained by matching input
and output carriers, which were first sorted according to their
spectral efficiency [1]. This technique is known as ordered subcarrier pairing. The ordered sub-carrier pairing also minimizes
BER in a high SNR regime [5]. Extensions taking interference
information into account are also possible [1], as well as
extensions that include power allocation [6].
AF scheduling in the multiuser setup is not as simple as
scheduling in the single-user setup. Complications arise from
the need to provide end-to-end fairness among user rates. In
addition since the problem is also an end-to-end scenario in
the physical layer, it is more difficult than the DF scheduling
counterpart.
This paper presents two contributions to multi-user AF
relay scheduling. First, we devise a generalized proportionally
fair (GPF) scheduling framework to make digital AF relay
scheduling fair to users. GPF scheduling is also known as γfair scheduling in the wired networking literature [7]. Users
are assigned utility functions, which take user’s rate and a parameter γ as inputs. According to the value of the γ parameter,
the utilities are able to to gradually change resource allocation
from throughput optimal to proportionally fair. Second, since
finding GPF schedules is computationally hard, we propose a
heuristic to quickly find schedules in each frame. Our heuristic
is based on the gradient of the γ-fair utility functions, so it
is similar to the proportionally fair scheduling algorithm [8],
which was proposed for conventional cellular networks. Unlike
[8], which finds long-term fair rates, our heuristic finds shortterm fair rates in each frame.
We evaluate the performance of GPF scheduling and our
heuristic with extensive simulations and show that the heuristic
is close to optimum.

II. S YSTEM AND N ETWORK M ODEL
We assume that the resources are assigned using OFDMA
technology. The orthogonal sub-carriers are grouped in time
and frequency into resource blocks (RBs), with duration of Tb
seconds and a frequency span of Wb Hertz. We say that RBs
using the same frequency span are on the same sub-channel.
There are T RBs in the frame and N available sub-channels.
We consider RANs with OFDMA-based AF relay stations
(RSs), which are capable of multiplexing different users’ data.
The RS receives the signal from the base-station (BS), samples
it, performs the Fast-Fourier Transform (FFT) to get the
received modulation symbols on each sub-carrier, and stores
them in its buffer. After receiving the signal for Tb seconds, the
RS has one RB in its buffer for each sub-channel, so it may remap the RBs to different sub-channels, before performing the
inverse FFT to obtain the output signal, similar to single-user
“chunk-based” sub-carrier coupling [3]. We note that because
of the buffering, the RS has up to T RBs before re-transmitting
them to user terminals, allowing for scheduling of multiple
users in the same frame and on the same sub-channel (Fig. 1).
We assume a network of M users connected to the BS
through a predetermined RS at any given time. A higher layer
process determines which M users are connected to the BS
through this RS; the other users are connected to other RSs.
We note that each “user” may correspond to an application.
The AF RS amplifies the received symbols before multiplexing and retransmitting them. The highest adaptive modulation
and coding (AMC) available on the combined link from the
BS to the RS and from RS to the users in an RB depends on
the combined signal-to-noise ratio (SNR) in its time interval
and frequency span. The number of bits in each RB is given
(m)
by bij , which is obtained from a look-up table containing
a mapping of channel conditions to the maximum number of
bits in an RB. We only consider scheduling on the downlink;
uplink scheduling is identical.
Radio resources are assigned to the users in terms of RBs;
each RB carries data of only one user at a time. The rate of a
user is determined from the number of RBs it is allocated in
the frame and the AMC used in each RB. The rate of user m
is
N N
1   (m) (m)
b x ,
(1)
rm =
Tb i=1 j=1 ij ij
(m)

where bij is the number of bits transmitted to user m in RBs
on the sub-channel coupling (i, j), in which (i, j) refers to the
coupling when BS transmits RBs on first-hop sub-channel i
and the relay re-transmits them on the second-hop sub-channel
(m)
j, xij is the number of RBs assigned to user m on subchannel coupling (i, j), and Tb is the duration of the resource
(m)
block in time (Fig. 1). We use xij to indicate that the slot
allocations are the unknowns the RRM algorithm is searching
for.
From a networking perspective the user rates should satisfy
some type of “fairness”, otherwise the network operator may
have too many unhappy customers who are starved out by the
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A Simple AF Relay Schedule.

users with high AMC (spectral efficiency). Instead of requiring
strict proportional fairness [9] among the user rates, we wish to
have a more general proportional fairness, where the network
operator has the flexibility to modify the scheduler to exchange
fairness for throughput.
We take the approach from networking research [7], where
each user is assigned a utility function, such that when the
network utility is maximum for a given set of user rates, over
all other user rates, those user rates are “fair” with respect to
the utilities. Different fairness goals are achieved with different
utility functions.
A family of utility functions, which result in γ-fair user
rates is defined with
(m)

Um ( . . . , xij , . . . , γ) =
⎧
 
1−γ
(m) (m)
N N
1
⎨ 1
i=1
j=1 bij xij
1−γ Tb

⎩log 1 N N b(m) x(m)
ij
i=1
j=1 ij
Tb

if 0 ≤ γ < 1
if

γ=1

, where γ is the parameter influencing the kind of fairness we
expect and the term in the brackets is the user rates, (1). The
sum utility over the user rates is the network utility
(m)
UN (. . . , xij , . . . , γ)



M

m=1

(m)

Um (. . . , xij , . . . , γ),

(2)

User rates, which maximize the sum rate utility for a specific
γ are said to be γ-fair. Different types of fairness can be
achieved by changing the parameter γ [7]. For γ → 0 the
network utility corresponds to throughput,
(m)

UN (. . . , xij , . . . , γ) =

γ→0

N N
M
1    (m) (m)
b x .
Tb m=1 i=1 j=1 ij ij

For γ → 1, the user rates maximizing the network utility are
proportional fair [10]
⎞
⎛
M
N
N 


1
(m)
(m) (m)
log ⎝
bij xij ⎠ .
UN (. . . , xij , . . . , γ) =
γ→1
T
b
m=1
i=1 j=1
Since changing the parameter γ allows for a spectrum of
scheduling algorithms, from optimizing for maximum through-

put to optimizing for proportional fairness, the resulting
scheduling provides GPF.
III. γ-FAIR AF R ELAY S CHEDULING
We now formulate the optimization problem, that finds time
allocations for the AF relay resulting in γ-fair user rates. We
call a set of rates γ-fair, if for a given γ they maximize the
network utility (2) over all possible user rates (sub-channel
coupling assignments).
The optimization, which maximizes network utility over all
feasible user rates to find the γ-fair AF relay rates is
⎛
⎞1−γ
N 
M
N


1 ⎝1
(m) (m)
bij xij ⎠
max .
1
−
γ
T
b
m=1
i=1 j=1
(3a)
s.t.

N
M 

m=1 j=1
M 
N


(m)
xij

T
≤ , 1 ≤ i ≤ N,
2

(3b)

T
, 1 ≤ j ≤ N,
(3c)
2
m=1 i=1

T
(m)
xij ∈ 0, . . . ,
, 1 ≤ i, j ≤ N, 1 ≤ m ≤ M, (3d)
2
(m)

xij

≤

where M is the number of users, N is the number of subchannels, Tb is the time duration of the resource block, γ is the
(m)
parameter which sets the type of fairness, bij is the number of
bits that can be transmitted to user m on sub-channel coupling
(m)
(i, j), and xij is the number of RBs assigned to user m on
sub-channel coupling (i, j).
The objective function maximizes the network utility, which
is the sum utility of all users. Depending on the parameter
γ, the optimization results in different types of rate fairness.
The constraints (3b) and (3c) ensure that the total number
of allocated blocks does not exceed what is available in the
frame (Fig. 1). The constraint (3d) ensures the integrality of
sub-channel coupling.
The integrality of time allocations, which is exhibited by the
discrete nature of constraint (3d) makes the problem computationally hard. However, if the integrality of time allocations
is relaxed, by replacing the constraint (3d) with
T
, 1 ≤ i, j ≤ N, 1 ≤ m ≤ M,
(4)
2
the optimization becomes a convex problem, which can be
solved with an off-the-shelf convex optimization package.
A nice feature of the relaxed optimization is that it is also
an upper bound on the integer solution of (3), so we can use
it to verify the performance of heuristics.
Finding the time-allocations with convex programming suffers from several deficiencies. First, the optimal solution
consists of real-numbers, which should somehow be converted
to integers. Second, the size of the optimization can quickly
get out of control. The optimization has M N 2 variables
and 2N constraints. For a 30 user network with 50 subchannels, there are 75, 000 variables in the optimization, which
(m)

0 ≤ xij

≤
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challenges even the best solvers. Therefore we devise an
integer-based heuristic for the network utility maximization,
with relatively simple complexity. The heuristic is based on
the fact that the maximum change in the objective function,
that can be obtained from increasing one time-allocation by
one, is obtained by adding time allocation in the direction of
the steepest gradient of the objective function.
Suppose we want to add one slot to user m on sub-channel
coupling (i, j). By Taylor’s expansion,
(m)

(m)

UN (· · · , xij + 1, · · · ) ≈ UN ( · · · , xij , · · · )
∂
(m)
U (· · · , xij , · · · ),
+
(m) N
∂xij
where
∂

(m)

(m)

U (. . . , xij , . . .) = 
(m) N
∂xij

1
Tb

bij /Tb
N N (m) (m) γ
i=1
j=1 bij xij

is strictly positive. So, if we are given a choice of increasing
(m)
any one of xij , we should increase the time allocation of
the sub-channel coupling (i, j) for user m with the highest
partial derivative, to maximize the incremental change in the
objective function.
Using the previous observation about the objective function,
we devise an iterative greedy heuristic algorithm (Algorithm
GPF). In each iteration, the user with the highest partial
derivative is allocated an RB on its highest available sub(BS)
(RS)
and Tj
channel coupling (Steps 3-4). Variables Ti
keep track of the available slots on each channel in the first
and second parts of the frame, respectively (3b) , (3c). After
(BS)
(RS)
each iteration Ti
and Tj
are updated if any slots are
allocated on their channels (Steps 5-6). The bits-per-slot values
(m)
b̃ij are also updated (set to zero) according to the availability
of RBs, to ensure that allocated slots are not considered in
the next iteration (Steps 7-12). Note that our algorithm is

TABLE I
S IMULATION PARAMETERS

Parameter
BS-RS Channel
BS-RS Shadowing
BS-RS Doppler Shift
RS-Users Channel
RS-Users Shadowing
RS-Users Doppler Shift
Path Loss
Sub-Carrier Bandwidth
Sub-Carriers per Sub-Channel
Number of Users
Number of Sub-Channels
Slots per Frame
Cell Radius
BS-RS Distance
Transmit Power
Antenna Gain
Noise Figure

Value
Rician, K=10 dB ( [11])
Log-normal, variance 3 dB
4 Hz
Rayleigh ( [11])
Log-normal, variance 5 dB
37 Hz
38.4 + 2.35 log 10(d) dB
10.9375 kHz
18
M = 30
N = 50
T = 20
1000 m
500 m
40 dBm BS, 30 dBm RS
10 dB BS, 5 dB RS, 0 dB Users
2 dB RS, 2 dB Users

independent of the choice of utility function.
The algorithm’s complexity depends on the implementation
of the search in Step 3. We do not get into the specifics of
the algorithm’s implementation. However, we note that the
search step can be implemented with multiple sorted lists
holding SNRs; namely M lists for second-hop SNR measured
at users, and one list for first-hop SNR measured at RS. It
takes N log(N ) steps to sort each list. With the sorted lists,
in Step 3, we know the best available coupling for each user
without any computation so we can find the user with the best
partial derivative in M steps. Taking into account that there
are N T2 RBs in each hop, the algorithm goes through N T2
iterations. Finally the worst-case complexity of the algorithm
is O((M + 1)N log(N ) + M N T2 ).
We note the relationship between the algorithm and one
of the procedures proposed for single channel, single-hop,
networks [8]. In contrast, our algorithm is for two-hop AF
networks. The connection is not unexpected given the fact
that both our approach and [8] use the same utility functions
to achieve fairness. The difference is that our utility function
takes the instantaneous frame rate, while in [8] the utility
function takes in the current average of the rates. So, our optimization is performed in every frame for short-term fairness
among user rates, whereas the optimization in [8] is performed
in every frame to obtain long-term fairness among the rates.
IV. S IMULATION R ESULTS
We ran a Monte-Carlo simulation for a network 30 users
connected to BS through a predetermined RS. In each iteration
of the Monte-Carlo simulation we randomly “drop” the users
with a uniform density in the area around the relay. From
users’ locations, we calculate each user’s path-loss to the relay
and use a detailed channel model to find the number of bits
carried in an RB on each sub-channel for 20 frames. There
are a total of 40 drops for a total of 800 distinct inputs to
the optimization. Even this modest number of drops took

about 20 hours to run due to the time it takes to find the
upper bound values with the convex solver. Details of the
simulation parameters are shown in Table I. We have also run
our simulations with other parameters with similar results.
For each drop, we calculate user’s time allocations using
the relaxed optimization x̂ij and the heuristic x̃ij . Since the
relaxed optimization is the upper bound on the integer solution
of the heuristic, the heuristic’s gap is given by




(m)
(m)
UN (· · · , x̃ij , · · · ) − UN (· · · , x̂ij , · · · )


,
ΔH 


(m)
UN (· · · , x̂ij , · · · )
where | · | is the absolute value of its operand. Since the
relaxed optimization upper bounds the value of the integer
optimization, this is the maximum gap between the optimal
integer solution of the heuristic.
For a more detailed comparison, we also find the difference
between the individual user rates


 
N


1 N 
(m)
(m)
(m)
δm = 
(5)
x̂ij − x̃ij  ,
bij
 Tb i=1 j=1

so that we can find the similarity between the way the heuristic
and the optimal solution allocate user rates
2

M
δ
m
i=1
.
δH =  
(6)
M
2
M i=1 δm
Table II shows the heuristic’s gap (ΔH ) and the similarity of
the allocated rates (δH ). We see that the gap is relatively small.
In fact for γ = 0, there is no gap within this precision since
the heuristic finds the rates maximizing the system throughput
in this case. The similarity between the heuristic and the
optimal solution is relatively small, indicating the presence
of a large amount of multiuser diversity in the network which
causes the heuristic and the upper bound to have the same
objective rate with different rate allocations. For γ = 0.45
and γ = 1.0 the heuristic’s gap (ΔH ) is still smaller than 5%
on average. In these cases, the similarity between the rates
(δH ) increases since the rates are allocated fairly despite the
available multiuser diversity.
Figure 2 shows the portion of the system rate allocated to
users as a function of distance from the relay. We included all
rates from all drops and fitted an exponential function ke−at
through all of them. We observe that as γ decreases from 1 to
0, more system resources are assigned to users close to the RS,
increasing the system throughput. So, the heuristic scheduler
achieves generalized proportional fairness.
V. C ONCLUSION
We consider multi-user enabled AF relays, which multiplex
user data. We looked at sub-carrier pairing problem in the
multi-user case and formulated an GPF frame based scheduling problem for AF OFDMA relay networks.
The scheduler allows adjustable fair scheduling, which can
find schedules from rates maximizing throughput to propor-
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ΔH (mean)
ΔH (st. d.)
δH (mean)
δH (st. d.)

γ = 0.00
0.00%
0.00%
11.10%
5.95%

γ = 0.20
3.43%
0.68%
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tionally fair rates. Since finding the optimal schedules has
high complexity we devise a greedy heuristic scheduler. Our
simulations show that the network operator is able to adjust
the parameter of the fairness to move between throughput
optimal scheduling, which takes full advantage of multiuser
diversity, and proportionally fair scheduling which is the
result of considering both multiuser diversity and fairness. The
simulations also show that the proposed heuristic is very close
to the optimum solution.
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