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Traffic Aware Resource Allocation Schemes for

Multi-Cell MIMO-OFDM Systems

Ganesh Venkatraman Student Member, IEEE, Antti Tolli Senior Member, IEEE, Markku Juntti Senior

Member, IEEE, and Le-Nam Tran Member, IEEE

Abstract

We consider a downlink multi-cell multiple-input multiple-output (MIMO) interference broadcast channel (IBC) using orthog-
onal frequency division multiplexing (OFDM) with multiple users contending for space-frequency resources in a given scheduling
instant. The problem is to design precoders efficiently to minimize the number of backlogged packets queuing in the coordinating
base stations (BSs). Conventionally, the queue weighted sum rate maximization (Q-WSRM) formulation with the number of
backlogged packets as the corresponding weights is used to design the precoders. In contrast, we propose joint space-frequency
resource allocation (JSFRA) formulation, in which the precoders are designed jointly across the space-frequency resources for
all users by minimizing the total number of backlogged packets in each transmission instant, thereby performing user scheduling
implicitly. Since the problem is nonconvex, we use the combination of successive convex approximation (SCA) and alternating
optimization (AO) to handle nonconvex constraints in the JSFRA formulation. In the first method, we approximate the signal-
to-interference-plus-noise ratio (SINR) by convex relaxations, while in the second approach, the equivalence between the SINR
and the mean squared error (MSE) is exploited. We then discuss the distributed approaches for the centralized algorithms using
primal decomposition and alternating directions method of multipliers. Finally, we propose a more practical iterative precoder
design by solving the Karush-Kuhn-Tucker expressions for the MSE reformulation that requires minimal information exchange

for each update. Numerical results are used to compare the proposed algorithms to the existing solutions.

Index Terms

MIMO-IBC, MIMO-OFDM, precoder design, SCA, WSRM, nonconvex problem, convergence analysis.

I. INTRODUCTION

In a network with multiple base stations (BSs) serving multiple users, the driving factor for the transmission is the packets
waiting at each BS corresponding to the users in the network. We consider the problem of transmit precoder design and resource

allocation over the space-frequency resources provided by the multiple-input multiple-output (MIMO) orthogonal frequency
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division multiplexing (OFDM) framework in the downlink interference broadcast channel (IBC) to reduce the number of queued
packets in the BSs.

In general, the resource allocation problems such as admission control can be formulated by assigning a binary variable for
each user to indicate the presence or absence of a particular resource [1]. Alternatively, linear transmit precoders, which are
complex vectors, can be implicitly modeled as decision variables, thereby avoiding the use of binary decision variables. After
the design stage, the non-zero precoders are used to determine the transmission rates of users on a space-frequency resource,
and the zero transmit precoder indicates the absence of the user on a given resource. In this way, the soft decisions are used
in the optimization problem and the hard decisions are made after the algorithm convergence.

The queue minimizing precoder designs are closely related to the weighted sum rate maximization (WSRM) problem with
additional rate constraints to limit the throughput beyond the number of backlogged packets associated with the users. The
topics on MIMO IBC precoder design have been studied extensively with different performance criteria in the literature. Due
to the nonconvex nature of the MIMO IBC precoder design problems, successive convex approximation (SCA) approach has
become a powerful tool to solve these problems. For example, in [2], the nonconvex part of the objective is linearized around
a fixed operating point to solve the WSRM problem in a iterative manner. A similar approach using arithmetic-geometric
inequality was proposed in [3].

The relation between the achievable sum rate and the mean squared error (MSE) of the received symbol by using fixed
minimum mean squared error (MMSE) receivers can also be used to solve the WSRM problem [4]. In [5], [6], the WSRM
problem is reformulated via MSE, casting the problem as a convex one for fixed linearization coefficients. In this way, the
original problem is expressed in terms of the MSE weight, precoders, and receivers. Then the problem is solved using an
alternating optimization method, i.e., finding a subset of variables while the other variables are fixed. The MSE reformulation
for the WSRM problem was also studied in [7] by using SCA to solve the problem in an iterative manner. Moreover, distributed
precoder designs with quality of service (QoS) requirements as additional rate constraints are studied for the MSE reformulated
WSRM problem in [8].

The problem of precoder design for the MIMO IBC system can be solved either by using a centralized controller or by using
decentralized algorithms, where each BS handles the corresponding subproblem independently with the limited information
exchange with other BSs via back-haul. The distributed approaches are usually based on the primal, or dual decompositions or
the alternating directions method of multipliers (ADMM), as discussed in [9], [10]. In the primal decomposition, the so-called
coupling interference variables are fixed for the subproblem at each BS to find the optimal precoders. The fixed interference
is then updated using the subgradients as discussed in [11]. The dual and the ADMM approaches control the distributed
subproblems by fixing the ‘interference price’ for each BS as detailed in [12].

By adjusting the weights in the WSRM objective, we can find an arbitrary rate-tuple in the rate region that maximizes
suitable objective measures. For example, if the weight of each user is set to be inversely proportional to its average data
rate, the corresponding problem guarantees fairness on the average among the users. To reduce the number of backlogged
packets, we can assign weights based on the current queue size of the users. Specifically, the queue states can be incorporated

in the WSRM objective ), wy Ry, by replacing the weight w;, with the corresponding queue state @, or its function, which



is the outcome of minimizing the Lyapunov drift between the current and the future queue states [13], where Ry denotes the
achievable data rate of user k. In the backpressure algorithm, the differential queues between the source and the receiver nodes
are used to scale the transmission rate [13].

Earlier studies on the queue minimization problem are summarized in the survey papers [14], [15]. In particular, the problem
of power allocation to minimize the number of backlogged packets was considered in [16] using geometric programming. Since
the problem addressed in [16] assumed single antenna transmitters and receivers, the queue minimizing problem reduces to
the optimal power allocation problem. In the context of wireless networks, the backpressure algorithm mentioned above was
extended in [17] by formulating the corresponding user queues as the weights in the WSRM problem. Recently, the precoder
design for the video transmission over MIMO system was considered in [18]. In this design, the MU-MIMO precoders are
designed by the MSE reformulation as in [5] with the higher layer performance objectives such as playback interruptions and
buffer overflow probabilities.

Main Contributions: In this paper, we design precoders jointly over space-frequency resources to reduce the number of
backlogged packets waiting at each BSs. The proposed formulation also limits the allocations beyond the number of backlogged
packets without explicit rate constraints. Initially, we propose a centralized joint space-frequency resource allocation (JSFRA)
formulation, which is solved by two iterative algorithms based on the combination of SCA and alternating optimization (AO)
due to the nonconvex nature of the problem. The proposed algorithms solve a sequence of convex problems obtained by fixing
a subset of optimization variables or by approximating the nonconvex constraints by the convex ones. The first approach
is performed by directly relaxing the signal-to-interference-plus-noise ratio (SINR) expression, while in the second method,
the equivalence between the MSE and the SINR is exploited. We then discuss the distributed implementation of the JSFRA
methods using primal decomposition and the ADMM. Finally, we also propose a more practical iterative precoder design by
directly solving the Karush-Kuhn-Tucker (KKT) system of equations for the MSE reformulation that is numerically shown to
require minimal information exchange for each update. Note that the joint space-frequency channel matrix can be formed by
stacking the channel of each sub-channel in a block-diagonal form for all users.

The rest of the paper is organized as follows. Section II introduces the system model and the problem formulation. The
existing and the proposed centralized designs are presented in Section III. The distributed solutions for the proposed problem

are provided in Section IV followed by the simulation results in Section V. Finally, conclusions are drawn in Section VI.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model
We consider a downlink MIMO IBC scenario in an OFDM framework with N sub-channels and Np BSs each equipped
with Np transmit antennas, serving in total K users each with Ny receive antennas. The set of users associated with BS b is
denoted by U/, and the set I/ represents all users in the system, i.e., U = bgBZ/{b, where B is the set of indices of all coordinating
BSs. Data for user k is transmitted from only one BS which is denoted by by € B. Let N' = {1,2,..., N} be the set of all

sub-channel indices available in the system.



We adopt linear transmit beamforming technique at BSs. Specifically, the data symbols d; i, ,, for user k on the [th spatial
stream over sub-channel n is multiplied with beamformer m; i , € CN7*1 before being transmitted. In order to detect multiple
spatial streams at the user terminal, receive beamforming vector wy i, ,, is employed for each user. Consequently, the received

data estimate corresponding to the /th spatial stream over sub-channel n at user k is given by

L L
7 H H H
dien = Wik o Hoy kn E m; g ndjkn + Wi, E Hy, k.n E m;;ndjin + Wi, kn (D
=1 el (k) =1

where Hy 1, ,, € CNrXNT ig the channel between BS b and user k& on sub-channel n, and n; . ~ CN (0, Np) is the additive
noise vector for user & on the nth sub-channel and /th spatial stream. In (1), L = rank(H, 1, ,,) = min(Np, Ng) is the maximum

number of spatial streams.! Assuming independent detection of data streams, we can write the signal-to-interference-plus-noise

ratio (SINR) as )

H
Wi e Hby eyn M0 e,n
Vo = = (2)
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where NO = Ny tr(wl7k7nwfkm) denotes the equivalent noise variance. In order to avoid the overhead involved in feeding
back the user channels, we consider time division duplexing (TDD) system in which BSs can estimate the downlink channels
from uplink pilots by using channel reciprocity property.

Let @y be the number of backlogged packets destined for user k at a given scheduling instant. The queue dynamics of user
k are modeled using the Poisson arrival process with the average number of packet arrivals of A, = E;{\;} packets or bits,
where A (i) ~ Pois(Ay) represents the instantaneous number of packets arriving for user k at the ith time instant.> The total

number of queued packets at the (¢ 4+ 1)th instant for user k, denoted as Q (i + 1), is given by

Qr(i+1) = [Qk(i) — tx(1) " + Ak (4) 3)

where [2]T = max {x,0} and ¢, denotes the number of transmitted packets or bits for user k. At the ith instant, the transmission

rate of user k is given by

N
te(l) = Z Z tikon (1) 4

=1
where t; 1, , denotes the number of transmitted packets or bits over the [th spatial stream on the nth sub-channel. The maximum
rate achieved over the space-frequency resource (I,n) is given by #; . ,, < logy(1 + 71 k.n) for the SINR 7, 1 ,.> The variables
tr and @y are represented by the same units, i.e., in bits defined per channel use.
't can be easily extended for user specific streams Lj, instead of using common L streams for all users. L streams are initialized but after solving the
problem, only Ly ,, < L non-zero data streams are transmitted.

2The unit can either be packets or bits as long as the arrival and the transmission units are similar.
3The upper bound can be achieved by using Gaussian signaling.



B. Problem Formulation

In order to reduce the total number of backlogged packets, we minimize the weighted ¢,-norm of the queue deviation metric

as
N L

v = Qr —tp = Qr — Z ZIOgQ(l + Vi kn) (5)

n=11=1
where 7 ;. is given by (2) and the optimization variables are transmit precoders m; ; ,, and receive beamformers wy j ,,.
Explicitly, the objective of the problem considered is given as ), ., ax|vg|?. Thus, the formulation becomes

ninimize ¥l (6a)

N L
subject to - Yy “tr (my g pmyly ) < PraxVb (6b)
n=1kel, l=1

/ %y, is the element of vector v. Weighing factors aj are used to alter the user priority based on the QoS

where ¥, £ a,ﬁ
constraints such as packet delay requirements and packet waiting time, since they are proportional to the corresponding
number of backlogged packets. The BS specific power constraint for all sub-channels is considered in (6b).

For practical reasons, we impose a constraint on the maximum number of transmitted bits for the user k, since it is limited

by the total number of backlogged packets available at the transmitter. As a result, the number of backlogged packets v, for

user k remaining in the system is given by

N L
vk =Qr— Y Y logy(1+ k) > 0. (7)

n=11=1
The above positivity constraint needs to be satisfied by v to avoid the excessive allocation of the resources.
Before proceeding further, we show that the constraint in (7) is handled implicitly by the definition of ¢, norm in the
objective of (6). Suppose that ¢, > Q) for a certain k at the optimum, i.e., —v; = t; — Q > 0. Then there exists §; > 0

such that —vj, = t}, — Q) < —v where t, = t;, — 0. Since |||y = ||[V]|lq = ||| — V|

¢» this means that the newly created
vector t’ achieves a strictly smaller objective which contradicts with the fact that the optimal solution has been obtained. The

choice of £; norm used in the objective function [14], [16] alters the priorities for the queue deviation function as follows.

e /1 norm results in greedy allocation, i.e, emptying the queue of users with good channel states before considering the
users with worse channel conditions. As a special case, it is easy to see that (6) reduces to the WSRM problem when the
queue size is large enough for all users.

e /5 norm prioritizes users with a higher number of queued packets before considering the users with a smaller number
of backlogged packets. For example, it would be more ideal for the delay limited scenario when the packet arrival rate
of users are almost similar, since the number of queued packets waiting in the buffer is proportional to the transmission
delay, by following Little’s law [13].

e (o, norm minimizes the maximum number of queued packets among users with the current transmission, thereby providing

queue fairness by allocating resources proportional to the number of backlogged packets.



III. PROPOSED QUEUE MINIMIZING PRECODER DESIGNS

In general, the precoder design for the MIMO OFDM problem is difficult due to its nonconvex nature. In addition, the
objective of minimizing the number of the queued packets over space-frequency dimensions adds further complexity. Since the
scheduling of users in each sub-channel is achieved by allocating zero transmit power over certain sub-channels, our solutions
perform joint precoder design and user scheduling. Before discussing the proposed solutions, we consider an existing algorithm

to minimize the number of backlogged packets with additional constraints required by the problem.

A. Queue Weighted Sum Rate Maximization (Q-WSRM)

The queue minimizing algorithms have been studied extensively in the networking context to provide congestion-free routing
between any two nodes in the network. One such is the backpressure algorithm [13]. It finds an optimal control policy in the
form of rate or resource allocation by considering differential backlogged packets between any two entities.

The queue weighted sum rate maximization (Q-WSRM) formulation extends the backpressure algorithm to the downlink
MIMO-OFDM framework, in which the BSs act as the source nodes and the users as the receivers. The control policy in the
form of transmit precoders aims at minimizing the number of queued packets waiting in the BSs. To find an optimal strategy,
we resort to the Lyapunov theory, which is predominantly used in control theory to achieve system stability. Since at each time
slot, the system is described by the channel conditions and the number of backlogged packets for each user, the Lyapunov
function is used to provide a scalar measure, which grows large when the system moves towards an undesirable state [13].
The scalar measure for queue stability is given by

LM = 5 3 k) ®)

ke

where Q(7) = [Q1(i), Q2(i), . . ., QK(i)]T. It provides a scalar measure of congestion in the system [13, Ch. 3].
To minimize the total number of backlogged packets for time instant ¢, the optimal transmission rate of all users is obtained

by minimizing the Lyapunov drift expressed as

LIQG+ 1) L1 = 5 [ 3 ([Qel) — 1) + M)~ Q306)]. ©)

kel

DN | =

To eliminate the nonlinear operator [z], we bound (9) as

NAOREIAC ‘ , ,
< 3 MRS 0060) ) — ) 10)
keu keu
by using the following inequality
max(Q — ,0) + A\]* < Q% + 2 + X2 +2Q(\ — 1). (11)

The total number of backlogged packets at any given instant ¢ is reduced by minimizing the conditional expectation of the
Lyapunov drift expression (10) given the current number of queued packets Q(¢) waiting in the system. The expectation is

taken over all possible arrival and transmission rates of the users to obtain the optimal rate allocation strategy.



Now, the conditional Lyapunov drift, denoted by A(Q(i)), is given by the infimum over the transmission rate as

inf  A(Q() = Exe {L[Q(i+ 1] - L[Q(H)]Q()} (12a)
‘& PHOERAC I _ _ N, :
SExeq D) Q) o+ Y Qe A() —Exe { Y Qu(Dt()IQ() ¢ (12b)
keu keu keu
<B

where t and A are the vectors formed by stacking the transmission and the arrival rate of all users. Since they are bounded,
the second order moments on the first term in (12b) can be bounded by a constant B without affecting the optimal solution
[13]. The second term in (12b) follows the Poisson arrivals.

The expression in (12) looks similar to the WSRM formulation if the weights in the WSRM problem are replaced by the
numbers of backlogged packets of the corresponding users. The above approach was extended to the wireless networks in
[17], in which the queues were used as weights in the WSRM formulation to determine the transmit precoders. Since (12) is
minimized by maximizing the function inside expectation, the Q-WSRM formulation is given by

N L
mt%i]{nize Z Qr ( Z Z log, (1 + 'Yl,k,n)) (13a)
o n=11=1
L

Wi k,n keu

N
SUbjCCt to Z Z Z tr (ml,k,nmgkm) S PmaXVb- (13b)
n=1kel, I=1

To avoid excessive allocation of the resources, we include an additional rate constraint ¢, < Qj to address [z]* operation
in (3). The rate constrained version of the Q-WSRM, denoted by Q-WSRM extended (Q-WSRME) problem for a cellular

system, is given by with the additional constraints as

N
D logy (14 Yikn) < Qi Yk €U (14)

n=11=1
where the precoders are associated with vy, j ,, defined in (2). By using the number of queued packets as the weights, the

resources can be allocated to the user with more backlogged packets; this essentially results in greedy allocation.

B. JSFRA Scheme via SINR Relaxation

The problem defined in (13) ignores the second order term arising from the Lyapunov drift minimization objective by limiting

it to a constant value. In fact, by using £,—> norm in (5), we obtain the objective function, similar to (13) as
e 2 . e . 2 2
minimize v = minimize —2Qt t 15
n Ek k 0 Ek Q5 Qrtr + 1y, (15)

The equivalence is achieved by either removing ¢ from (15) or when the number of queued packets is large enough.

By ignoring ¢2 from (15), the Q-WSRM scheme requires an explicit rate constraint (14) to avoid over-allocation of the
resources. In the proposed queue deviation approach, explicit rate constraints are not needed, since they are handled by the
objective function (5) itself. In contrast to the WSRM formulation, the JSFRA and the Q-WSRME problems handle the

sub-channels jointly to obtain an efficient allocation by identifying the optimal space-frequency resources for the users.



We present iterative algorithms to solve (6) using alternating optimization technique in conjunction with SCA approach
presented [19]. The problem is to determine the transmit precoders my ; , and the receive beamformers w; j ,, to minimize
the total number of backlogged packets in the system. Note that the SINR expression in (2) cannot be used to formulate the
problem directly due to the equality constraint. However, by using additional variables, we can relax the SINR expression in

(2) by inequality constraints to solve the problem (6) as
minimize  ||V||, (16a)

Vi k,m sk ny
Bl k,n Wi k,n

H 2
G = O s T

subject to Vi pn < (16b)
” Bl,ke,n
Bikn > No + Z |W{I]€,ngi,k,nmj,i,n|2 (16¢)
(3,9)# (k)
N L
SN tr(mypamply,) < P V. (16d)

n=1kely =1
The SINR expression in (2) is relaxed by the inequalities (16b) and (16c¢). Note that (16b) is an under-estimator for SINR v; 1, »,
and (16c) provides an upper bound for the total interference seen by user k € U, denoted by variable 3, j ,,. Therefore, the
problem formulation in (16) is an equivalent approximation for the problem presented in (6). Note that the JSFRA formulation
in (16) can be reformulated as a WSRM problem, which is known to be NP-hard [20], and therefore it belongs to the class
of NP-hard problems.

In order to find a tractable solution for (16), we note that (16d) is the only convex constraint with the involved variables.
Thus, we need to deal with (16b) and (16¢). To this end, we resort to the AO technique by fixing the linear receivers to solve
for the transmit beamformers. For fixed receivers wy i, », i.e., by fixing the receive beamformers of all users in the system, the
problem now is to find optimal transmit precoders my j ,, which is still a challenging task. Now, by fixing w; 1 ,, (16c) can
be written as a second-order cone (SOC) constraint. Thus, the difficulty is due to the non-convexity of the constraint in (16b).

Let

)e Wi ik o g |

17
ﬂl,k,n ( )

g(ul,k,n

be the rh.s of (16b), where W, x, = {My 1, Wik n,Bikn}- Note that the function g(u; ) is convex for a fixed Wi,
since it is in fact the ratio between a quadratic form of my j ,, over an affine function of 3, , as in [21]. The nonconvex
set defined by (16b) can be decomposed as a series of convex subsets by linearizing the convex function g(uy ) with the
first order Taylor approximation around a fixed operating point u; 1 ,, [22], [23], also referred to as SCA in [19]. By using the
reduced convex subset for (16b), the problem in (16) is solved iteratively by updating the operating point in each iteration.

For this purpose, let the real and imaginary components of the complex number wii,  Hy,  ,m; j , be represented by

PLkn =R {WE}g7ngk,k,nml,k,n} (18a)

Qe 2 S {Wik o Hoy kny g} (18b)



and hence g(uk.n) = (P, + ql2k.n)/6l,k:,n~4 Let W k. = {0 4.0, Wik, Bikn} be @ minimizer from the previous SCA

iteration. Now, by using the first order Taylor approximation around the operating point 1, ,, We can approximate (16b) as

. qi,k, . Dikm v Ak, Bikn — Bik,
Pl — Pikn) + 2= (quin — Q) + - “ - = et

2]2[,1@,71 (
1k, 1kn Bikn Blkn

> Yikn- (19)

In summary, for fixed receivers w; ; , and operating point U, as in (19), obtained by using (18), the relaxed convex

subproblem for finding transmit precoders is given by

minimize v 20a
inimize 9], (200)
Vi, kBl k,n
. ] ~ H 2
subject to B k. > No + E [Wi e Hp, koM | (20b)
(4,0)#(L:k)

N L
Z Z Ztr (ml_,kynml},lkyn) < Ppax Vb (20¢)
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and (19). (20d)

Now, the optimal receivers for fixed transmit precoders my, j ,, are obtained by minimizing (16) w.r.t. wy y , as

minimize IVllq (21a)
Wi k,n,B1k,n
subject o Brxm > No + Z |Wl},Ik,ng7;,k,nIhj,i,n 2 (21b)
(d:0)7#(L:k)
and (19). 21c)

Solving (21) using the KKT conditions, we obtain the following iterative expression for an optimal receiver wy, ,. as

~ ~H H
Al,kﬂl = E :Hbi»kﬂlmj,iynmj,i,ngi,k,n + NoIng (22a)
(G:0)#1k)
5 - H H (i—1)
(4) Buknyy o Hy o n Wi -1 ~
w = — — A Hb k.nM K (22b)
I,k,n le(?’kyi,()ku,k,nml,k,n”2 lkn k,R,M R,

where Wl(l]; 711) is the receive beamformer from the previous iteration, upon which the linear relaxation is performed for the
nonconvex constraint in (16b), as used in the formulation (21). The optimal receiver w}, . is obtained by either iterating (22b)
until convergence or for a fixed number of iterations. Note that the receiver has no explicit relation with the choice of £, norm

used in the objective. The dependency is implied by the precoders my j ,,, which depends on the exponent g.

It can be seen that the optimal receiver in (22b) is in fact a scaled version of the MMSE receiver, which is given by

L
~ ~ H H
Rikn = E E Hy, gnmyinmy;  Hy o 4+ Nolng (23a)
iU j=1
-1 ~
Wik = Ry Hey kon My kn. (23b)

Note that the scaling present in the optimal receiver (22b) has no impact on the received SINRs, and therefore the MMSE
receiver in (23b) can also be used. However, the convergence speed is different between the two receiver implementations.

4Note that Di,k,n and g g, are just symbolic notations. In CVX [24], for example, we declare p; . and q; k. n With the ‘expression’ qualifier.



The proposed solution involves two nested iterations, i.e., one for the outer AO loop and the second for the inner SCA
loop. Each AO iteration involves two steps, one for finding the transmit precoders by solving (20) iteratively until convergence
for fixed receivers, and the other for updating the receive beamformers with the previously found fixed transmit precoders by
either solving (22b) recursively or by using (23b).

Let us consider the jth SCA iteration in the ith AO step to find transmit precoders by solving (20). For brevity, let us consider
m as the collection of all transmit precoders as m = {my , , }vi vk vn. Similarly, we denote w and B as {wy i » }vi vk vn and
{81 k,n }vi,vik vn Tespectively. Let {my), ﬁ;i)} be a minimizer obtained in the (j — 1)th SCA step. Since SCA is an iterative
scheme, the next operating point @; 5, for the (j + 1)th step is given as zy) £ {méi),wﬁi_l),ﬁgi)}. Note that wi' ™ is

obtained by solving either (22b) or by using (23b) in the (i — 1)th AO step.

Algorithm 1: Algorithm of JSFRA scheme

Input: ay, Qr, Hp ., Vo€ B, Vk € U,Yn e N
Output: m; 5, ,, and w; VI € {1,2,...,L}
Initialize: : = 0,5 = 0 and my, j ,, using single user beamformer satisfying power constraint (20c)
update lek,n,ffl,km using (23b) and (20b) with my , ,,
repeat
repeat
solve for the transmit precoders my j , using (20)
update the constraint set (19) with u; 1, , and m;  ,, using (18) and increment j = j + 1
until SCA convergence or j > Kyax
update the receive beamformers w; ;, , using (21) or (23b) with the updated precoders my j,
1=14+1,5=0
until Queue convergence or i > I ax

Upon convergence of the objective sequence or for some fixed K., receivers are then updated using fixed mff) found in
previous SCA step. Once the receivers are updated, transmit precoders are again evaluated using the newly found receivers by
solving (20) or (23b). The above procedure is repeated until ¢ — oo or for some fixed I, as outlined in Algorithm 1.

A feasible initial point Uy, is obtained by fixing 1m; j ,, with the respective single-user precoders satisfying total power

constraint in (20c) and W,y ,’s are updated by using the MMSE receiver in (23b). Now, for fixed transmit and receive

beamformers, Bl,k,n’s are evaluated using (20b).

C. JSFRA Scheme via MSE Reformulation

In the second method, we solve the JSFRA problem by exploiting the relation between the MSE and the achievable SINR

when the MMSE receivers are used at the user terminals [4], [5]. The MSE ¢ 1, ,, for a data symbol d; , ,, is given by

N 2 2 N
E[(dikn — dign)®] = |1 = Wik nHop enMipn|” + Z (Wi nHe, knmyin|” + No = €kn (24)
(3,0)# (LK)
where dAl, k,n 1S the estimate of the transmitted symbol. Plugging the MMSE receivers in (23b) into the MSE expression in (24)

and into the SINR expression in (2), we arrive at

€lhn = (1+pn) " (25)



The above equivalence is valid only if the receivers are based on the MMSE criterion. Using the equivalence in (25), the
WSRM objective can be reformulated as the weighted minimum mean squared error (WMMSE) to obtain the precoders for the
MU-MIMO scenario as discussed in [5]-[7]. Note that the receive beamformers based on the MMSE criterion are independent
of the choice of the £, norm used in the objective function to obtain the optimal transmit precoders my .

Before proceeding futher, let vj, = Qp — 22]:1 Zle t1.x,n denotes the queue deviation corresponding to user k and
Uy, = a,lg/ v be the corresponding weighted objective.By using the relaxed MSE expression in (24), we can reformulate (6)
as

minimize  ||v'[|, (26a)

tl,k,n M k0,
€l,k,n Wi, k,n

subject to tl,k,n < —logz(el,k’n) (26b)
2 2 N
€len > |1 — WEk,ngk,k,nmz,kﬂ + Z |WleIk,ngi,k,nmj,1l,n + No (26¢)
(3,0)# (k)
N L
SO tr(myppmpy ) < Prax V. (26d)
n=1keldy =1

The alternative MSE formulation given by (26) is nonconvex even for a fixed w; ; , due to the constraint (26b). Again
we resort to the SCA approach [19] by relaxing the constraint by a sequence of convex subsets using the first order Taylor
approximation around a fixed MSE point €; ;, ,, as

(€t,k,n — €1k,n)

> tm 27
10g(2) gl,k,n = bk ( )

—logy(€1,k,n) —

Using the above approximation for the rate constraint, the problem defined in (26) is solved for optimal transmit precoders
my j.n, MSEs € 1, and the user rates over each sub-channel ¢; ; ,, for fixed receivers. The optimization subproblem to find

transmit precoders for fixed w; ., is given by

minimize V' 1l4 (28a)
tl,k,n Mk n €l k,n
subject to (26¢), (26d), and (27). (28b)

For fixed receivers, transmit precoders are obtained by solving (28) iteratively by updating €; ., with € 3, ,, found in previous
step until termination as in Section III-B and Algorithm 1.

In all our numerical simulations, the objective sequence generated by Algorithm 1 converges. However, to provide a formal
convergence analysis, we consider using a regularized objective in (46b) instead of using (16a) and (26a). The proximal term in
(46b) ensures strong convexity, thereby enforcing the uniqueness of the minimizer in each iteration. Note that the feasible set
of problems (6) and (26) is bounded. However, for problem (16), the feasible set need not be bounded due to newly introduced
variables in (16b) and (16¢) to relax the SINR expression in (2). This follows from the fact that /3 , can take any value
by satisfying (16¢) without violating the constraints of problem (16) when ~; 1, = 0. Nevertheless, we can limit 3; ;. ,,’s by
using a maximum interference threshold depending on P, .« and the channel gains, and thus the feasible set can be bounded

without affecting the optimality of the considered problem. With the above assumptions, convergence analysis of Algorithm 1



is discussed in Appendix A.

D. Reduced Complexity Spatial Resource Allocation (SRA)

The JSFRA algorithm complexity scales with the number of sub-channels, since the complexity of interior point method,
used to solve the problem, increases with the problem size. Thus, we can use the decomposition methods in [9], [10] for
designing precoders of each sub-channel with less complexity by using additional coupling variables among the subproblems.

As an alternative sub-optimal solution, we present queue minimizing spatial resource allocation (SRA), which solves for
precoders using JSFRA formulation for a specific sub-channel ¢ with fixed transmit power Py,,,;. For each sub-channel, power
sharing can either be equal or based on some predetermined limits as in partial frequency reuse satisfying

N

Z Pmax,i = Lf'max- (29)

i=1
Even though N sub-channels are present at any given scheduling instant, precoders are computed for each sub-channel
sequentially with Pp.x,; and the residual number of backlogged packets. Let ()5 ; be the number of backlogged packets
associated with user k£ while designing the precoders for the ith sub-channel. Since the precoder design is sequential, i.e, the
precoders are designed for sub-channels [0, ¢ — 1] before the ith sub-channel, the number of queued packets for the first chosen

sub-channel is given by Q1 = Q. The queues associated with the consecutive sub-channels are updated as

% L
Quisr =max (Qx = > Y txs.0) VEeU (30)

j=1 1=1
where t; 5, ; is the kth user rate on sub-channel j.

For simplicity we use random sub-channel ordering in our paper, i.e., after finding the precoders for a current sub-channel,
we can choose any previously unselected sub-channels as the next candidate sub-channel for which the precoders are identified
using the updated backlogged packets. Alternatively, we can also use greedy ordering to select the sub-channels by sorting
the norm of the channel seen between the users and the respective serving BSs. However, it comes at the cost of increased
complexity. Nevertheless, the SRA scheme will be insensitive to the sub-channel ordering as the number of users in the system

increases, due to the available multi-user diversity in the system.

IV. DISTRIBUTED SOLUTIONS

In this section, we discuss the distributed designs for the formulations proposed in Sections III-B and III-C for problem
(16). Note that the convex subproblems in (20) or (28) requires a centralized controller to design the precoders for all users
in the system. However, the amount of channel state information (CSI) that needs to be exchanged between the BSs and the
controller grows significantly as the network size increases (e.g., the number of BSs and users, and the number of associated
antennas). The overhead involved in the CSI exchanges can be avoided, if we design the respective precoders independently

at each BS with the minimal information exchange, which is determined by the distributed schemes discussed herein.



Let us consider the convex subproblem with fixed receivers w; i , as presented in (20) based on the SINR relaxation for
the nonconvex constraint (16b). The following discussions are equally valid for the MSE based solution outlined in (28) as

well. Since the objective of (20) can be decoupled across each BS, the centralized problem can be equivalently written as

minimize v 31a
Vikyn sk ons Bk, n bezl:iH qu ( )
subject to (20b) — (20d) (31b)

where v; denotes the stacked vector of weighted queue deviations corresponding to all users in BS b as Vk € Uj,.
To begin with, let B}, be the set B\{b} and U, represent the set U/ \Uy. Following an approach similar to the one presented

in [11], [12], the coupling constraint (20b) or (26¢) can be expressed by stacking the interference from all BSs in Bbk as

L L
H 2 H 2 \
Bikn = Z|Wl,k,ngk,k,nmj,k,n + Z lel,k,ngk,k,nmj,i,n + Z Ckmnb + No (32)

j=1 i€y, \{k} j=1 bEBy,
J#l

where (; 1,5 is the total interference caused by the transmission of BS b to user k£ € U, in spatial stream [ and sub-channel

n. In order to ensure (20b), we impose

L
Clknb = Z Z (Wit Ho ki n|* Vb € By, . (33)

ielty j=1

The decentralization is achieved by decomposing the original convex problem in (31) to a parallel subproblems coordinated
by either primal or dual decomposition update. The coupling variables are updated in each iteration by exchanging limited
information among the BSs. Before proceeding further, let ¢, be the vector formed by stacking interference terms (33) from the
neighboring BSs to the users of BS b and é’ , be the stacked interference terms caused by BS b to all users in the neighboring

BSs B, represented for each b € B as

T

Co = [Cah )18, CLU (1), V.51 (15 (34a)
o T
Cp = [Cl,l]b(l),l,bv ) CL,ab(‘ab‘)7N7b] (34b)
Let us define the vector ¢;, formed by stacking the interference terms corresponding to the BS b as
~T —-T T
¢ =86 (35)

Since the decentralization solution is an iterative procedure, we represent the jth iteration index as (7). Let ¢, (b;) denote the

interference terms corresponding to BS by in BS b as

Cobr) = [C1uty (1), 1,055 - -+ CLU (s 1), N b > C1 Uy, (1),1,05 - - 5 CL 2y, ([t 1), N b (36)

To decentralize (31), the BS specific vector ¢;, in (35), which are relevant for the BS b, can either be fixed or treated as
a variable in accordance to the decomposition method. To decouple the precoder design across BSs, the equivalent downlink

channels WEkvng’k’ka € U are to be known at each BS b through the precoded uplink pilots from all the users in the



system, where the linear precoders are evaluated at the user using MMSE formulation in (28). Similarly, to update the MMSE
receivers at each user k, the equivalent channels Hy, i, ,my i, VK’ € Uy, Vb € B need to be known. It is obtained through the
user specific downlink pilots precoded with the newly obtained transmit beamformers m; . ,,, Vk € B evaluated at the BS b

using equivalent downlink channels [25].

A. Primal Decomposition

In the primal decomposition, the convex problem in (31) is solved for the transmit precoders in an iterative manner by fixing
the BS specific interference terms ¢, using master-slave model [11]. The slave subproblem is solved in each BS for the optimal
transmit precoders only for the associated users by assuming fixed interference terms Céi) in each sth iteration. Upon finding
the associated transmit precoders by each slave subproblems, the master problem is used to update the BS specific interference
terms Cl()iﬂ) for the next iteration by using dual variables corresponding to the interference constraint (32) as discussed in
[11]. In this manner, the interference variables are updated until the global consensus is reached. The master problem treats ¢,
as a variable and the slave subproblems assumes it to be a constant in each iteration. Convergence discussions are presented

in Appendix B.

B. Alternating Directions Method of Multipliers (ADMM)

The ADMM approach can also be used to decouple the precoder design across multiple BSs to solve the convex subproblem
in (31). Generally, the ADMM is preferred over the dual decomposition in [12] for its robustness and improved convergence
behavior [10]. In contrast to the primal decomposition, the ADMM relaxes the interference constraints by including in the
objective function of each subproblem with a penalty pricing [9], [10]. Similar approach for the precoder design in the minimum
power context was considered in [26].

Using the formulation presented in [10], [26], we can write the BS b specific ADMM subproblem for the jth iteration as

. . (12
minigize ¥l 7" (6 6) + 5l <7 672
Bi,k,n:Cp
N L
subject to > > "t (myppmy’y ) < Panax (37b)
n=1kely, I=1
> CGrms+ D Wik Hyknmy g * + No < Brim (37¢)
beB, {Lk}#{1,k}
L
Z Z \Wfl;;,ng,ze,nml,k,nIQ < Cknp Yk €U V0 (37d)
ke, =1
and (19) (37¢)

where ¢ z(;j ) denotes the interference vector updated from the earlier iteration and ul()j ) represents the dual vector corresponding
to the equality constraint at the jth iteration as

¢, = ¢, (38)



Upon solving (37) for ¢, Vb in the jth iteration, the next iterate is updated by exchanging the corresponding interference

terms between two BSs b and by, as

Gy _ Solbr) + Gy, (0)

Co (0 = ¢ (0) 5 (39)
The dual vector for the next iteration is updated by using the subgradient search to maximize the dual objective as
i , oy
v ™ = v (¢ - ¢ (40)

where step size parameter p is chosen in accordance with [10] to depend on the system model. The convergence rate is
susceptible to the choice of step size parameter p. In numerical simulations, we consider step size p = 2. The above iterative
procedure is performed until convergence or terminated when exceeding a predetermined number of steps, say, Jmax. Algorithm

2 outlines a practical way of implementing the ADMM based precoder design with minimal signaling overhead.

Algorithm 2: Distributed JSFRA scheme using ADMM

Input: ay, Q, Hb,k,n; Vbe B, Vk e U,Vn € N
Output: m; 1, and wy . VI, k,n

Initialize: i = 0, j = 0 and my, j ,, satisfying (37b)
update wy i, with (23b) and ;1 5, using (16¢) and (18)
initialize the vectors V[()O) =07, CI()O) =0t VbeB
foreach BS b € B do

repeat

repeat

solve for my j ,, and ¢, with (37) using Cl(f)
exchange ¢, among BSs in B
update Céﬁ'l) and V,EJH) using (39) and (40)
update j =5+ 1
until convergence or j > Jpax, Y0 € B
evaluate w; 1 ,, using (23b) at each user
update 1y, using (16¢) and (18) for SCA point or €, ,, using (26¢c) for MSE operating point
1=14+1,57=0
until convergence or i > I ax

end

Assuming that the following conditions are satisfied by the distributed schemes in each SCA step, i.e., (i) by ensuring
the uniqueness of the minimizer, and (ii) the distributed methods are carried out until convergence or for j — oo, then the
convergence analysis follows the discussions presented in Appendices A and B. Moreover, it is still valid even if the receivers
are updated together with the transmit precoders as in Algorithm 2, since the strict monotonic decrease in the objective sequence
can still be ensured. The reason is that the MMSE receiver is optimal for the fixed transmit precoders obtained after each
SCA update. However, in practice, to reduce the amount of information exchange between the coupling BSs, the distributed
schemes are often iterated for a limited number of iterations, say, for J,.x only. In such a case, convergence of the distributed
algorithms cannot be ensured, since it is impossible to show that the objective value is monotonically decreasing in each
SCA update step. We recall that in each primal or ADMM iteration, the global objective cannot be guaranteed to decrease

monotonically.



C. Decomposition via KKT Conditions for MSE Formulation

In this section, we discuss an alternative way to decentralize the precoder design across the coordinating BSs in B based
on the MSE reformulation method discussed in Section III-C. In contrast to Sections IV-A and IV-B, the problem is solved
using the KKT conditions in which the transmit precoders, receive beamformers and the subgradient updates are performed
at the same time to minimize the queue deviation with few number of iterations. The alternative way is motivated by the fact
that distributed approaches presented in the preceding sections may not be efficient for large systems in terms of signaling
overhead involved in exchanging the coupling variables and the receivers.

In this section, we provide an algorithm that can be of practical importance owing to lower signaling requirements. We
consider an idealized TDD system due to the knowledge of local CSI at the transmitter that includes channel between BS b
and all interfering users in the system. Similar work has been considered for the WSRM problem with minimum guaranteed
rate constraints in [8]. However, in the proposed scheme, the maximum rate constraints are implicitly handled by the objective
function without any need for explicit constraints. However, due to the non-differentiability of objective, the KKT conditions
are not computationally useful to find the optimization variables. In order to make the objective function differentiable, we
consider the following two conditions in which the absolute operator can be ignored without affecting the problem, namely,

« when the exponent ¢ is even, or

« when the number of backlogged packets waiting to be transmitted for each user is large enough, i.e, Q, > ZRN: 1 Zle tikn

to ignore the absolute operator in the objective and queues in the first place as well.

Assuming that either one of the above conditions is satisfied, the problem in (28) can be written as

N L
minimize Z Z ag (Qk — Z Ztl & n) (41a)

i, k,n M k0,

€l,k,n Wi, k,n beB kel n=11=1
subject to
H 2 N H 2
vt 1w 4 N 3 P B el < o
(z,y)#(L k)
- (€Lkn — €Lk,n)
Orkm:  10g8(E k) + o < ~l k0 log(2) (41c)
€l,kn
N L

H

S YYD tr(mygampy ) < Puax Vb, (41d)

n=1kel, 1=1
where «; k. n, 01k, and 0, are the dual variables corresponding to the constraints defined in (41b), (41c) and (41d).

The problem in (41) is solved using the KKT conditions which include stationarity, complementary slackness, and primal
and dual feasibility requirement as shown in Appendix C. In particular, we propose an iterative algorithm to compute a solution

to the system of equations (61) in Appendix C as

( Z Z ag,wln) bi,z,n g(/lxln) y éznl)kuﬂan + 5bINT) al(lk '}L)ch,k,nwl(,llz,'rll) (428’)
xGUTI 1
wit.= (2 S Ho m il OB+ Nolwg)  Hopn mii, (420)

zeU y=1



) ) N2 . ) 2 N
il = [ = W omll) |+ D (Wi, k), [ N (420)

Y T,y,n
(z,y)#(k)
(4) (i—1)
(i) (i-1) (fh = b))
tipn = —loga(e s, ) — A (424d)
log(2) €l km
N oL (g—1) "
(1 _|.a (i)
Ol kn = [10&3) (Qk - Z Ztl,k,n> ] (42¢)
n=1[]=1
, , ) ,
% i—1 7 9 ko i—1
i = e + 9 (Efé,ij - a?,k,n)) 20

Since the dual variables (¥ and ¢® are interdependent in (42), one has to be fixed to optimize for the other. So, a® is

fixed to evaluate o(*) using (42e). At iteration ¢, the dual variable a is a point in the line segment between ali=1 and O

determined by using a diminishing or a fixed step size p(*) € (0,1). The choice of p(*), which depends on the system, affects
the convergence behavior and also controls the oscillations in the users’ rate when o(?) is negative (before projection) due to

over-allocation. However, in all numerical simulations, the step size p(*) is fixed to 0.1 irrespectively.

)

For a physical interpretation, when the allocated rate t,(j_l is greater than @y for a user k, the corresponding dual variable

o will be negative and due to the projection operator [#]T in (42e), it will be zero, thereby forcing oz,(:) < ag_l

is reduced, the precoder weight in (42a) is lowered to make the rate t,(;) < t,(f_l)

) as in (42).

Once o eventually.

g

The KKT expressions in (42) are solved in an iterative manner by initializing the transmit and the receive beamformers
my i n, Wi k,n With the single user beamforming and the MMSE vectors. The dual variable o’s are initialized with ones to
have equal priorities to all the users in the system. Then the transmit and the receive beamformers are evaluated using the
expressions in (42). The transmit precoder in (42a) depends on the BS specific dual variable ¢, which can be found by bisection

) which

search satisfying the total power constraint (41d). Note that the fixed SCA operating point is given by € 3, = el(l,; }L
is considered in the expression (42).

To obtain a practical distributed precoder design, we assume that each BS b knows the corresponding equivalent channels
w}fk7ng7k7n,Vk € U, which embeds the receivers w; j ,,, through precoded uplink pilot signaling. We extend the decentral-
ization methods discussed in [25], for the current problem as follows. Upon receiving the updated transmit precoders from all

BSs in 3, each user will evaluate the MMSE receiver (42b) and notify to all BSs by using precoded uplink pilots. On receiving

the pilots, each BS updates the MSE in (24) as

) =1-wi"Hy, pm) . 43)

Using el(lll ,,» the variables tl(i])C B 01(2 e and al(ili ,, are updated using (42d), (42e) and (42f) respectively, and the obtained dual

variables oy ,, are exchanged between the BSs to evaluate the transmit precoders ml(l]j TIL) for the next iteration. The SCA
operating point is also updated with the current MSE value.

To avoid the backhaul exchanges between the BSs, as an alternative approach, users can perform all the required processing
and BSs will update the precoders based on the feedback from all the users. Upon receiving the transmit precoders from the

BSs, each user will update the receive beamformer w; ;. ,,, the MSE ¢; 1 ,,, and the dual variables oy, and oy i . Then, the

updated oy x,, and w; ., are notified to the BSs using two separate precoded uplink pilots with vNVI(Z,in = (al(f,z’n)l/ 2 w;kgc’)n



Algorithm 3: KKT approach for the JSFRA scheme

Input: ay, Q, Hb,k,n; Vbe B,Vk e U,Vn € N

Output: my j, ,, and w; i , VI, k,n

Initialize: i = 1, wl((;g s €1,k,n randomly, dual variables al(?lg » = 1, and Ijyax for certain value
foreach BS b € B do o

repeat

update ml(’,zn using (42a), and perform precoded downlink pilot transmission

find Wl(llln using (42b) at each user

evaluate el(l,z n tl(i,)C n al(ilg ,, and ozl(l,z ,, using (42¢) and (42d), (42e) and (42f) at each user with the updated wl(ili n
using precoded uplink pilots, wl(z,zn and al(l;,n are notified to all BSs in B
t=14+1

until until convergence or i > Iy ax

end

TABLE 1
SUB-CHANNEL-WISE LISTING OF CHANNEL GAINS AND RATE ALLOCATIONS BY DIFFERENT ALGORITHMS FOR A SCHEDULING INSTANT
Users Queued Channel Gains Q_WSRME approach JSFRA Scheme Q-WSRM band
Packets (modified backpressure) Alloc Scheme
SC-1 SC-2 | SC-3 | SC-1 SC-2 | SC-3 | SC-1 SC-2 | SC-3 | SC-1 SC-2 | SC-3
1 4 1.71 0.53 0.56 0 0 0 4.0 0 0 0 0 0
2 8 0.39 1.41 1.03 0 4.88 3.11 0 5.49 0 0 4.39 3.53
3 4 2.34 1.26 2.32 4.0 0 0 0 0 4.0 5.81 0 0
Remaining backlogged packets (x) 3.92 bits 2.51 bits 5.89 bits

= ()

N
and w5, = q

knw?(,:)n as the precoders, where x* is the complex conjugate of x. Upon receiving the precoded uplink

pilots, each BS evaluates the equivalent channels HE knvvfl,in and HbT knv’vl(zlzn to update the transmit precoders using (42a).
The algorithmic description of the above scheme is presented in Algorithm 3.

We conclude this section by providing some remarks on selecting an algorithm within centralized and distributed approaches
for certain scenarios. Among the centralized algorithms proposed in Section III, both the SINR relaxation and the MSE
reformulation schemes are equally attractive when Nr > 1. However, when Np = 1 the SINR relaxation is preferable, since
the receiver update is not needed, unlike the MSE reformulation which requires the scalar MMSE receiver update. Similarly,
for the distributed approaches with Nyp = 1, the SINR relaxation is preferred to the MSE reformulation schemes, since the
variables to be exchanged among BSs are only the scalar interference values. However, when N > 1 the KKT scheme in
Section I'V-C is favorable, since the overhead required to achieve a certain throughput improvement is less, as compared to the

primal decomposition or ADMM.

V. SIMULATION RESULTS

The simulations carried out in this work consider the path loss (PL) varying uniformly across all users in the system with
the small-scale fading drawn from the i.i.d. samples. The queues are generated based on the Poisson process with the average

values specified for each numerical experiments.

A. Centralized Solutions

We discuss the performance of the centralized algorithms in Section III for some system configurations. To begin with, we

consider a single cell single-input single-output (SISO) model operating at 10 dB signal-to-noise ratio (SNR) with K = 3
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(a). System model {N,Ng,K,N1,Nr} = {4,3,9,4,1}, number of
backlogged bits for each user Qx = [14,15,14,8,12,9,12,11,11] bits

(b). System model {N,Np, K, Ny, Nr} = {2,3,9,4,2}, number of
backlogged bits for each user Qx = [9,12,8,12,5,4, 10, 8, 5] bits

Fig. 1. Total number of backlogged packets x present in the system after each SCA updates using ¢1 (¢ = 1) norm for JSFRA schemes

TABLE II
NUMBER OF BACKLOGGED BITS ASSOCIATED WITH EACH USER FOR A SYSTEM {N, Np, K, Nr} = {5,2,8,1}.

user indices

a I 2 3 3 5 6 7 8 X

T | 150 395 526 895 70 119 120 97 | 25.15
2 | 112 39 1076 1065 1027 968 877 59 | 27.77
oo | 114 44 104 104 104 84 84 64 | 2868
On | 150 80 140 140 140 120 120 100

users sharing N = 3 sub-channel resources. The total number of backlogged packets waiting at the transmitter for each user
is given by Q1 = 4, Q2 = 8 and Q3 = 4 bits, respectively.

Table I tabulates the channels of the users over each sub-channel followed by the rates assigned by three different algorithms,
Q-WSRME allocation, JSFRA approach and the sub-channel wise Q-WSRM scheme using the MSE reformulation for all cases
[5]. The metric used for the comparison is the total number of backlogged bits left over after each transmission, which is
denoted as y = Zszl [Qk — tr]T. Even though U(1) and U(3) have equal number of backlogged packets of Q; = Q3 = 4
bits, user U/(3) is scheduled in the first sub-channel due to the better channel condition. In contrast, the JSFRA approach
assigns the first user on the first sub-channel, which reduces the total number of backlogged packets. The rate allocated for
U(2) on the second sub-channel is higher in JSFRA scheme compared to the others. It is due to the efficient allocation of the
total power shared across the sub-channels.

For a MIMO setup, we consider a system with N = 4 and N = 2 sub-channels with Np = 3 BSs, each equipped with
Np = 4 transmit antennas operating at 10dB SNR, serving || = 3 users each. The PL difference between the BSs and the
users are uniformly generated from [0, —3] dB and the BS-user associations are made by selecting the BS with the lowest PL
component. Fig. 1(a) and Fig. 1(b) compares the performance of the centralized schemes for Np = 1 and Np = 2 receive
antenna cases respectively.

The comparison in Fig. 1 is made in terms of the total number of residual bits remaining in the system after each SCA update.
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Fig. 2. Convergence of the centralized and the distributed algorithms for {N, N, K, Ny, Ng} = {3,2,8,4,1} using ¢; norm for JSFRA schemes with
Qr = [5,7,9,11,8,12,5, 4] bits

The Q-WSRM scheme is not optimal due to the problem of over-allocation when the number of queued packets is small. In
contrast, the Q-WSRME algorithm provides better allocation with the explicit rate constraint to avoid the over-allocation. For
both scenarios in Fig. 1, the Q-WSRME performs marginally inferior to the JSFRA algorithms due to the weights used in
the algorithm, since the Q-WSRME scheme favors the users with the large number of backlogged packets as compared to the
users with better channel conditions. Note that the receivers are updated along with the SCA update instants i.e, Kyax = 1
for both Fig. 1(a) and Fig. 1(b). However, the performance loss incurred by the combined update of the SCA operating point
and the receiver is marginal.

The behavior of the JSFRA algorithm for different exponents g is outlined in the Table II for the users located at the cell-edge
of the system employing N = 4 transmit antennas. It is evident that the JSFRA algorithm minimizes the total number of
queued bits for the ¢; norm compared to the /5 norm, which is shown in the column displaying the total number of left over
packets x in bits. The ¢, norm provides fair allocation of the resources by making the leftover packets to be equal for all

users to xx = 3.58 bits.
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B. Distributed Solutions

The distributed algorithms are compared using the total number of backlogged packets after each SCA update. Fig. 2
compares the performances of the algorithms with the PL varies uniformly between [0, —6] dB and each BS serves |U;| = 4
users. As discussed in Section IV, the performance and the convergence speed of the distributed algorithms are susceptible to
the step size p(¥). Due to the fixed interference levels in the primal approach, it may lead to infeasible solutions if the initial
or any intermediate update is not feasible.

Fig. 2 compares the performance of the JSFRA schemes discussed in Sections III-B and III-C using primal and ADMM
approaches. For each SCA update, the primal or the ADMM scheme is performed for Jy,x = 20 iterations to exchange
the respective coupling variables. The number of backlogged packets only at the SCA points are marked in the figure. The
performance of the distributed approaches is similar to that of the centralized schemes if the distributed algorithms are allowed
converge. However, in our simulations, we observe that Jy,,x = 20 is sufficient for the ADMM to converge.

Fig. 3 compares the performance of the centralized and the KKT algorithm in Section IV-C for different exponents with
PL chosen uniformly between [0, —3] dB. The ¢; norm JSFRA scheme performs better over other ¢, norms due to the greedy
nature of the objective. The KKT approach for ¢; norm is not defined due to the non-differentiability of the objective as
discussed in Section I'V-C. If used for ¢; norm, the over-allocation will not affect the dual variables oy 1, and oy, since the
queue deviation is raised to the power zero in (42¢). A heuristic method is proposed in Fig. 3 by assigning zero for oy ,, when
Qr — tr < 0 to addresses the over-allocation. The heuristic approach oscillates near the converging point with the deviation
determined by the factor p used in (42f). The objective values are mentioned in the legend for all the schemes and the /; norm

is used for comparison.

C. Queuing Analysis over Multiple Transmission Slots

In this section, we numerically study the performance of the centralized algorithms with different £, values over multiple
transmission slots. The system model examined for the illustrations is provided in Fig. 4. For all users in the system, the
average arrivals Ay’s are fixed and varied equally for the model considered in Fig. 4(a), and for Fig. 4(b), the average arrival
is fixed to be Aj = 6 bits. Note that the instantaneous arrivals A\ (¢) are all different and it follows the Poisson process. The
PL is modeled as a uniform random variable [0, —6] dB.

Fig. 4(a) plots the average of the total number of backlogged packets left out in the system after each transmission instant, i.e,
E; >k [Qr(i) — t%(7)] 7). Unlike the Q-WSRM scheme, the average backlogged packets of the /5 JSFRA scheme is comparable
to the Q-WSRME approach for all average arrival rates due to the explicit rate constraints (14). However, when Aj > 7 bits
in Fig. 4(a), both Q-WSRM and Q-WSRME schemes perform the same since the problem of over-allocation is negligible. The
performance of the ¢; JSFRA scheme outperforms all other schemes in terms of the average number of residual packets due
to the greedy allocation at each instant.

Fig. 4(a) also includes the uncoordinated ¢; JSFRA scheme and the time division multiplexing (TDM) mode, which ignores
the inter-cell interference terms in the SINR expressions while designing the precoders. The performance of the TDM scheme

with the total power constraint is inferior to the uncoordinated transmission due to the diverse user PL variations in the system
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Fig. 3. Impact of varying ¢ on the total number of backlogged packets after each SCA update for a system {N, Ng, K, Ny, Np} = {5,2,8,4,1} and
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model. Fig. 4(b) compares the number of backlogged packets left in the system after each transmission slot by different
centralized algorithms. The total number of residual packets for the Q-WSRM scheme is noticeably large in comparison with
the other schemes in Fig. 4(b). This performance loss is due to the inability in controlling the over-allocations at each instant.
The instantaneous fairness constraint imposed by the ¢, JSFRA scheme is effective in reducing the number of backlogged
packets for the average arrival rate considered in Fig. 4(b). However, in Fig. 4(a), the performance of the /., JSFRA is inferior
to the Q-WSRM scheme, since the fairness is not effective when the system is unstable, i.e, when Ay > 7 in the current

model.

VI. CONCLUSIONS

In this paper, we have addressed the problem of allocating downlink space-frequency resources to the users in a multi-cell
MIMO IBC system using OFDM. The resource allocation is considered as a joint space-frequency precoder design problem
since the allocation of a resource to a user is obtained by a non-zero precoding vector. We have proposed the JSFRA scheme
by relaxing the nonconvex constraint by a sequence of convex subsets using the SCA for designing the precoders to minimize
the total number of user queued packets. Additionally, an alternative MSE reformulation approach has been proposed by using
the SCA to address the nonconvex constraints for a fixed MMSE receivers. We also proposed various methods to decentralize
the precoder designs for the JSFRA problem using primal and ADMM methods. Finally, we proposed a practical iterative
algorithm to obtain the precoders in a decentralized manner by solving the KKT expressions of the MSE reformulated problem.
The proposed iterative algorithm requires few iterations and limited signaling exchange between the coordinating BSs to obtain
the efficient precoders for a given number of iterations. Numerical results are used to compare the performance of the proposed

schemes.

APPENDIX A

CONVERGENCE PROOF FOR CENTRALIZED ALGORITHM

The following conditions are required to show the convergence of Algorithm 1, which is used to solve problems (16) and
(26) in an iterative manner.
(a) Uniqueness of the minimizer in each step
(b) Objective function should be bounded below
(c) Feasible set should be compact
(d) Sequence of objective values should be strictly decreasing
The uniqueness condition in (a) is required to ensure strict monotonicity in the objective sequence. Therefore, upon satisfying
the conditions (a)-(d), we can show that the objective sequence generated by Algorithm 1 converges by using [27, Th. 3.14].
Then, by following the discussions in [19], [22], [23], we can show that every limit point of sequence of iterates is a stationary
point of nonconvex problems in (16) and (26).

Before discussing further on the analysis, let us consider a generalized formulation for the problems in (16) and (26) as

minimize f (m, w,~) (44a)
m,w,vy
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subject to  h(y) — go(m,w) <0 (44b)
g1(m,w) <0 (44¢)

g2(m) <0 (44d)

where g5 and f are convex, h is linear, and gy and g; are convex w.r.t either m or w, but not jointly convex on both
variables. The constraint (44b) corresponds to either (16b) or (26b) and the constraint (44c) represents to either (16c) or (26¢)

correspondingly. Other convex constraints are handled by (44d) and the feasible set of (44) is given by
F={m,w,5 |h(y) — go(m, w) <0,91(m,w) <0,g2(m) < 0}. 45)

We use the following notations to discuss the convergence of Algorithm 1. Since it involves two nested loops, i.e., one for
SCA and another for AO, we denote the AO step by a superscript (i) and the SCA iteration by a subscript k. Let m, w, and
~ be the vector stacking all transmit precoders, receive beamformers, and other optimization variables used in (16) and (26),

respectively. Now, let us consider AO step ¢ with fixed w. The solution obtained in the kth SCA step is given by m = m,(f)

and v = 'yfj). As k — oo, objective sequence converges, and the respective solution is denoted by m&i) and ’ygfllv Similarly,
while alternating the optimization variables for fixed m, as kK — oo, the solution obtained is represented as w = W>(,<i) and
v = 'yff‘)m In the following discussion we will show that the conditions listed in (a)-(d) are satisfied by Algorithm 1 using the

above notations.

A. Uniqueness of the Iterates and Strong Convexity
The uniqueness of the iterates {m,(f),wg_l),'y](fl)w} can be ensured for the MSE reformulated problem in (28) when all

the constraints are active. However, if f (m,(f), wff_l), 'y](;‘)w) = 0 after some iteration, say k and ¢, then the uniqueness is not
ensured as there can be multiple solutions in the feasible set.
To ensure the uniqueness of transmit and receive beamformers in each iteration, the objective function of subproblems (20)

and (28) is regularized by a strongly convex function in each SCA iteration k and AO update step 7 as

f(z)=11¥llq (462)
f(z) = f(2) + 7 12— 2 I3 (46b)
where z is a vector formed by stacking all the optimization variables, i.e., [m7wg_1),'y} or [m,(f),w,'y} depending on the
variables being optimized, and z](f) £ [mff), wgf'_l), ’yg)] is a vector formed by stacking the solution obtained from SCA step

k — 1 and AO iteration i, respectively. The positive constant T,gi) > 0 ensures strong convexity of f(z) in each step [28, Sec.

3.4.3]. Thus, due to strong convexity in f(z), uniqueness of the minimizer is ensured in each iteration [29], [30].

B. Bounded Objective Function and Compact Feasible Set

The feasible set of (16) and (26) is bounded and closed due to the total transmit power constraint given by (16d) and (26d),

respectively. Therefore, the feasible region is compact.
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Note that the norm function present in the objective satisfies ||V||, > 0 for all exponents ¢ used in ¢, norm, therefore, it is

bounded from below. Moreover, due to the compactness of the feasible set, it is bounded from above as well.

C. Strict Monotonicity of the Objective Sequence

In the following discussions, we consider the modified objective f(z) in (46b) instead of f(z) to exploit the uniqueness of
the minimizer at each iteration. However, note that upon convergence f(z) is equal to f (z). Therefore, the discussions are
valid for the JSFRA problems in (16) and (26) by regularizing the objective functions (16a) and (26a) as (46b).

To begin with, let us consider the variable w begin fixed for the ith AO with the optimal value found in previous iteration

i—1as w,(ﬁ%l). In order to solve for m in SCA iteration k, we linearize the nonconvex function g using previous SCA iterate

m,(f) of m as

Jo(m, W,(f*l);mg)) £ gO(m() wa 1)) + Vgo (mk),wi2 1))T(m m,(;)). 47

Let & ,Ei) be the feasible set for the ith AO iteration and the kth SCA point for a fixed wff_l) and m,(j). Similarly, y,g“ denotes

the feasible set for a fixed me') and W,(f). Using (47), the convex subproblem for the ith AO iteration and the kth SCA point

for variables m and = is given by

minimize f(m, wii™ 1),7) (48a)
m,y

subject to () — go(m, w' V;m{”) <0 (48b)

g1(m,w™ V) <0, go(m) <0 (48¢)

The feasible set defined by the problem (48) is denoted by X C F. To prove the convergence of the SCA updates in the ith

AO iteration, let us consider that (48) yields mk 4, and 71&4)-1 as the solution in the kth iteration. The point m,SJ)rl and 'ygﬂ)_l,

which minimize the objective function satisfy

B = go(mill, wi ™) < h(vild) = do(milly, wi™im) < 0. “9)

(z 1) (i—1)

Using (49), we can show that {m,c LW ,'7,(;11} is feasible, since the initial SCA operating point m; was chosen to

be feasible from the (i — 1)th AQ iteration. In each SCA step, the feasible set includes the solution from the previous iteration

as {m,(jil,w&i*”,ykﬂ} € X1£421 C F, therefore, it decreases the objective as [22], [23], [31]

Fm? wi ™ ) > fm?, wi Y 40) > fmf w40 ) > ) w40, (50)

>(kL 1)

Thus, the sequence {f (m )} is nonincreasing. Using strong convexity of the objective, we can show that the

inequalities in (50) are strict, i.e., the sequence of objectives returned by Algorithm 1 is strictly decreasing. To this end, let us

consider zfj) = [m,(;), wi™ 1),7(2)] as the minimizer for (48) in the (k — 1)th SCA step and let z,(j}rl be the minimizer in the

kth step. At the kth SCA iteration, Vz € X (i), it follows

Vizd) ) (2 -2 ,) >0 (51a)
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f(z) — f(z)) > cllz— 2], |12 (51b)

(@

where ¢ > 0 be the constant of strong convexity, defined as ¢ = mink{r,gi)}, and z; |,

is the solution. Therefore, by using

(51) and z,(:) € X,gi), we can show that f(z,(f)) > f(zkH) holds strictly in each SCA step unless z,(f) — 2" as k — oo. Now,

by utilizing the facts that (i) {f (z,(;))} is monotonic, and (ii) the uniqueness of the minimizer (see (51)), strict monotonicity

of {f(z } is ensured in each SCA step [32]. Furthermore, by using the fact that {f(z )} is also bounded, we can show

(Z):[ () (=1 @)

that the objective sequence converges as k — oo in AO step ¢, and let z m.,Wa Yy | be a stacked vector of the

corresponding minimizer of (48) when k — oo in AO step <.

Once mi) is obtained for fixed w, then (44) is solved for w with fixed m. However, after fixing m as m* in (44), the

problem is still nonconvex due to (44b). Following similar approach as above, the minimizer {m* 7W1(<:)-17 'ykl 1} can be found
in each SCA step k by solving (48) iteratively. Note that 'yk 41 s reused since the variable m is fixed in the ith AO iteration.
The convergence and the nonincreasing behavior of the objective follow similar arguments as above.’ The solution obtained

reyW e F

by solving (48) iteratively until convergence of the objective value is given as {miZ ,w£ )7 7*|m

Finally, to prove the global convergence of the objective sequence, we need to show that the AO updates also produce a

nonincreasing sequence of objectives, i.e.,

fl Wi A9) < faml w0 40, (52)

Let me') and ’Yii)w be the solution obtained by solving (48) with respect to m and ~ by performing SCA update as k£ — oo in

the ith AO step with fixed w = w,(f*l). In order to find w(()i), we fix m as mff) and solve problem (48) for w and ~y. Since

the constraint (48b) is linearized around zgi), the fixed operating point is also included in the feasible set by following (49) as

{m* ,wa 1),7*“”} c yo , therefore, we have

Fm wi? ") < fm w410, (53)

Now, by using (48b), we can ensure that z(z) € { X 20 R ’)} in each AO update ¢ while alternating the optimization variables
from m,~ to w,~y. Moreover, due to strong convexity of the objective function (46b), by following (51), we can show that
(53) holds with strict inequality in each AO update unless the overall objective sequence converges. Now, by combining (50),

(51) and (53), we can ensure strictly nonincreasing nature of the objective sequence { f (zg))} in each SCA and AO step.

D. Stationarity of Limit Points

We now discuss the convergence properties of sequence of iterates. For convenience, let us consider a unified superscript
t to refer to the index of both SCA and AO procedures (i.e., index ¢ denotes SCA step k£ and AO step ¢). Then, we denote
iterate x* as a vector formed by stacking the minimizer of (48) at iteration ¢ as x* = z,(f), and let {x'} be the sequence formed
by collecting the minimizers of (48) from each iteration.

SNote that the receive beamformers can also be designed by the MMSE receiver using closed-form (23b) instead designing recursively by updating the
SCA operating point as in optimal receiver (22b).
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Note that the objective sequence { f(x*)} is bounded and nonincreasing (see Appendices A-B and A-C). Therefore, by using
[33, Prop. A.3], we can ensure the convergence of {f(x')}. Unfortunately, such a claim cannot be made on the convergence
of sequence of iterates {x'}. However, due to compactness of the feasible set, the sequence of iterates {x'} C F is bounded.
Therefore, the sequence {x'} has at least one limit such that there exists a subsequence of {x'} that converges to it by following
[33, Prop. A.5].

We now show that every limit point of the sequence {x'} is a stationary point, i.e., the limit point of every convergent
subsequence is a stationary point. To do this, let us consider a subsequence {x'/|j = 0,1,...} of {x'} that converges to X,
where X = lim;_,, x% is a limit point of {x'}. Since {x"/} C {x'} and {f(x%)} C {f(x")}, we have from Appendix A-C
that f(x%+1) < f(x%). Now, by taking the limit as j — oo and by using the continuity of objective function f, we obtain

lim f(x') = lim f(x"%) = f(lim x") = f(x). (54)

t—o0 j—o0 j—00

Let us prove the stationarity of X by contradiction. Assume that X is not a stationary point. Then there exists some other
point x’ € {x'}, such that Vf(x)T(x’ — %) < 0 and f(X) > f(x'). Since x’ is a point in {x'}, there exists a subsequence
that converges to x’, for which x’ is a limit point. However, by using (54), we have f(x) = f(x') for all limit points of {x'},
which is a contradiction to our initial assumption.

Now, by using the strict monotonicity of {f(x'/)}, it follows that as j — oo, x'7 — x and f(x%) — f(x'+1) — 0.
Furthermore, since X is the solution of (48), it satisfies (51) over convex subset Q, which can either be X,ﬁi) or y,gi) as

k — 00,7 — 00. Using the above statements, we can show that X satisfies the optimality condition [33, Prop. 2.1.2] as
ViIx)T(x—%)>0 ¥x€QCF (55)

thus, X is a stationary point. Moreover, by using (54), we can show that every limit point of {x'} is a stationary point of (48).

Before proceeding further, we also ensure the convergence of {f(x')} by showing that the original objective function in
(46a) also decreases at each iteration. To do so, let us consider the minimizers x’ and x'*! of problem (48) in iterations t — 1
t || 2

1

and ¢, respectively. Since ||x — x!||? is the proximal term in (46b) at iteration ¢, the relation between x' and x'*? satisfies

S 4t x T = xt 2 < )+ xt - )2 (56)

where ¢ denotes Tl(:) in (46b) and |x'*! — x!||> > 0. Thus, by extending (56) for each update and by using Appendix A-B,
convergence of {f(x*)} can be shown using [33, Prop. A.3].
Now to prove that X is also a stationary point of the original problem (44), we show the equivalence between the gradients

of (48) and (44) at x. In order to ensure that X is a KKT point of (44), it must satisfy the gradient condition of (44) as
V(%) + 1o [VA(X) = Vgo(x)] + 37, 1iVgi(x) =0 (57)

for some Lagrange multipliers ;; > 0 and feasible as X € F.

Using (49), we have X,gi) C F and ;)/,gi) C F, therefore, x is a feasible point for (44). Moreover, the interiors of Xéi) and
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y}ﬂ are non-empty. Thus, the Slater’s constraint qualification holds for (48). Since X is the solution for (48) as k — 00,7 — o0,

there exist Lagrange multipliers p; > 0 which satisfy
V(%) + po[Vh(X) — Vio(x;%)] + 2?21 piVgi(x) = 0. (58)

The relation between (57) and (58) is evident by the following facts: (i) The quadratic term in (46b) ||x%i+1 — x% |2 — 0

ti — x, since we assume that % is the limit point of a convergent subsequence {x!/}. Therefore, the gradient

as j — 00,X
evaluated at X satisfies V f(X) = V f(%). (ii) Additionally, by using the continuity of function g, and (47), equivalence between

the gradient of (44b) and (48b) is obtained as x% — x
Vh(R) — V§o(%: %) = VA(X) — Vg,(%). (59)

Now, by applying the relation (59) and Vf(X) = Vf(X) in (58), we can show that limit point X satisfies (57). Finally, by
following [22, Thm. 2] and [31, Prop. 3.2], we can show that every limit point of sequence of iterates {x’} generated by the

iterative method is a stationary point of problem (44).

APPENDIX B

CONVERGENCE PROOF FOR DISTRIBUTED ALGORITHMS

Convergence of the primal decomposition and the ADMM follow the same discussions as in Appendix A, if in each
SCA step, the distributed schemes converge to the centralized solution. To show that, let us consider subproblem (31) in
the kth SCA step, solved by distributed method using a regularized objective as in (46b). At first, the convergence of the
primal decomposition method is discussed by using the following properties. (i) The feasible set is non-empty and bounded.
Therefore, each subproblem satisfies the Slater’s constraint qualifications. (ii) Due to the strong convexity of the objective (46b)
in subproblem, the minimizer is unique. Therefore, by using the above facts and as j — oo, the convergence of the primal
decomposition method follows [34, Prop. 8.2.6] by using a diminishing step size in each subgradient update.

Now, to show the convergence of ADMM, we use the discussion in [28, Prop. 4.2] and [10] by writing (37) as

migimize G(x) + H(z) (602)
subject to Ax =12z (60b)

where the constraint in (60b) is identical to that of (38) used in the ADMM subproblem (37). To show the convergence, we
rely on the following conditions. (i) G, H should be convex. (ii) C;,Co should be a convex set and bounded. (iii) AT A should
be invertible. It is evident from the equality constraints (60b) and (38) that A = I, and therefore it is invertible. Note that the
objective functions G, H include ¢; norm and an additional quadratic term as in (46b), thereby exhibiting strong convexity.
Moreover, the feasible set defined by the constraints of (31) is convex and has a nonempty interior. Now, by using [28, Prop.
4.2], we can show that the ADMM algorithm converges to the centralized solution as 7 — oo by using diminishing step size

in each ADMM update as discussed in [10]. Therefore, if both the primal and the ADMM methods are allowed to converge to
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the centralized solution in each SCA step, then every limit point of the whole sequence of iterates generated by the distributed
algorithms is a stationary point of (44) by following the discussions in Appendix A.

Unlike the primal or the ADMM approaches, decomposition via KKT conditions, presented in Section IV-C, updates all the
optimization variables at once, i.e, the SCA update of e“~1), the AO update of Wy k,n» and the dual variable update of o using
subgradient method. Therefore, it is difficult to theoretically prove the convergence of the algorithm to a stationary point of
the nonconvex problem in (16).

The algorithm in (42) is identical to (28), if the receivers w; j ,, and the MSE operating point el(lk_ TlL) are fixed to find the
optimal transmit precoders my ; , and the dual variable oy 1, ,,. Note that it requires four nested loops to obtain the centralized
solution, namely, the receive beamformer loop, MSE operating point loop, the dual variable update loop and the bisection
method to find the transmit precoders.

However, to avoid the nested iterations, the proposed method performs block update of all variables at once to obtain
transmit and receive beamformers for limited number of iterations, thus, achieving improved speed of convergence. Since
the optimization variables are updated together, it is theoretically difficult to prove the monotonicity of the objective in each
block update. Moreover, the objective function used to obtain the iterative algorithm is not strongly convex, and therefore

the uniqueness of the iterates is also not guaranteed in each update. Thus, the convergence of iterative scheme outlined in

Algorithm 3 cannot be guaranteed.

APPENDIX C

KKT CONDITIONS FOR MSE APPROACH

To design transmit precoders iteratively, we solve the KKT conditions of problem (41) by assuming the constraints (41b)
and (41c) are tight. Hence, we obtain the following equations.

(¢—1)

N L
Viiim - —q |ar | Qr — E E tikon + 01 kn log(2) =0 (61a)
n=11[1=1
Ol,k,n
Ve — g+ =0 (61b)
€l,k,n
L
v : H!! H H + 0, = H!! (61c)
my gon * Qg yntly nWz,ynWg y ntlb,,y,n M kn bIN kn = ALk ntly Wik n, ¢
sk, kY, sYs kR,
yeU =1
Vewiim ' E Hby,k,nmm,y,nmla_;l,ymHg/7k7nwl,k,n + Nolnpywikn = Hpp goon My g (61d)
(z,y)# (k)

In addition to the primal constraints (41b), (41c) and (41d), the complementary slackness criterion must also be satisfied
for the optimality of solution. Upon solving the above expressions in (61) with the complementary slackness conditions, we

formulate an algorithm to determine transmit and receive beamformers iteratively as shown in formulation (42).
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