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Abstract

When the joint processing technique is applied in the coordinated multipoint (CoMP) downlink trans-
mission, the user data for each mobile station needs to be shared among multiple base stations (BSs)
via backhaul. If the number of users is large, this data exchange can lead to a huge backhaul signaling
overhead. In this paper, we consider a multi-cell CoMP network with multi-antenna BSs and single antenna
users. The problem that involves the joint design of transmit beamformers and user data allocation at BSs
to minimize the backhaul user data transfer is addressed, which is subject to given quality-of-service and
per-BS power constraints. We show that this problem can be cast into an {p-norm minimization problem,
which is NP-hard. Inspired by recent results in compressive sensing, we propose two algorithms to tackle
it. The first algorithm is based on reweighted ¢;-norm minimization, which solves a series of convex ¢;-
norm minimization problems. In the second algorithm, we first solve the ¢2-norm relaxation of the joint
clustering and beamforming problem and then iteratively remove the links that correspond to the smallest
transmit power. The second algorithm enjoys a faster solution speed and can also be implemented in a
semi-distributed manner under certain assumptions. Simulations show that both algorithms can significantly

reduce the user data transfer in the backhaul.
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I. INTRODUCTION

Coordinated multipoint (CoMP) transmission has been incorporated into the latest 3GPP LTE-
Advanced Releases for combating the inter-cell interference (ICI) in cellular wireless systems [1].
The idea is to aggregate neighboring base stations (BSs) and form the CoMP cooperating set.
Transmission strategies for the BSs within this set are coordinated to effectively mitigate the
interference at the mobile stations (MSs). Two major approaches are available in CoMP: coordinated
beamforming (CB) and joint processing (JP) [2]. The difference is that the data stream for each
MS is only available at and transmitted from a single BS in CB, while the data for each MS in JP
is distributed among multiple cooperating BSs and can be transmitted simultaneously from them.

In terms of system throughput improvement, the JP approach is attractive since it simply forms
a virtual large antenna array for each MS at the expense of high signaling overhead through the
backhaul. This high signaling overhead is incurred by distributing each user’s data to multiple BSs
in the cooperating set. In a low-mobility environment, the amount of user data to be transported
in the backhaul significantly outweighs that of the channel state information (CSI). In order to
alleviate the backhaul requirement, it is desirable to distribute the user data only to a subset of the
cooperating BSs. This is termed BS clustering.

Different distributed beamformer design methods for the CB approach under various performance
criteria have been proposed in [3]-[6]. Ref. [3] discusses coordinated beamformer design to min-
imize the maximum BS antenna power without user data exchange between BSs. A decentralized
method to minimize the sum transmit power under given quality-of-service (QoS) requirements has
been proposed in [4] for both CB and JP approaches. In [5], each BS maximizes the rate for intra-
cell users and cancels inter-cell interference in a decentralized manner. Fast iterative algorithms
to maximize the minimum user rate have been proposed in [6]. The optimal assignment of one
BS for each user has been addressed in [7]. The JP approach has been considered in [8]-[11].
Ref. [8] considers fully synchronous transmission from cooperating BSs. Forming clusters in multi-
cell networks and performing inter-cluster coordination have been considered in [9] to mitigate
interference to cluster edge users. In [10], a zero-forcing scheme has been proposed, which requires
all the users’ data to be distributed on all the BSs. BS clustering has been considered in [11] using

heuristic methods. All those works assign the BSs to each MS in a predefined manner.



Weighted sum-rate maximization (WSRM) in multi-cell CoMP networks has been discussed
in [12]-[14]. Ref. [12] has designed distributed WSRM algorithms that iteratively update the
transmit power and the user assignment at each BS using local information and limited BS data
exchange. Algorithms with co-channel user selection and power allocation across tones have been
presented in [13] for WSRM in multi-cell multi-carrier networks. Both works [12], [13] assume
no user data exchange between BSs. Centralized and distributed WSRM algorithms can be found
in [14] for multi-cell networks, where all the users data are available at all the transmitting BSs.

A number of recent research efforts have considered CoMP networks with finite-capacity back-
haul [15]-[19]. The information-theoretic analysis for uplink CoMP cellular networks using a linear
Wyner-type cellular model with no fading has been presented in [15], where cooperative decoding at
the BSs is enabled by local and finite-capacity backhaul links. This work has been extended in [16]
to consider Rayleigh-fading channels, where a joint decoding scheme based on distributed Wyner-
Ziv compression [20] is compared with a partial local decoding scheme at the BSs. An analysis
of various uplink CoMP schemes under a constrained backhaul infrastructure and imperfect CSI
has been performed in [17]. The optimal training length impacted by the finite backhaul capacity
in an uplink CoMP network has been studied in [18] using large system analysis. A two-cell
downlink CoMP transmission scenario with a finite-capacity backhaul has been considered in [19],
where a rate-splitting approach has been proposed, i.e., the data symbols transmitted at each BS
are composed of private messages that are only available to the BS itself and shared messages
that are available at both BSs. A corresponding achievable rate region with respect to the backhaul
constraints has been characterized. Those works [15]—[19] focus on the derivation and analysis of
achievable rate regions for cellular COMP networks under finite-capacity backhaul constraints.

In this paper, we address the following problem for the JP approach: which BSs should be as-
signed with which MS’s data and how to design the corresponding beamformers in order to minimize
the user data transfer from the data center to the BSs in the backhaul? Specifically, we formulate
the problem of minimizing backhaul user data transfer, which jointly determines the optimal BS
clustering and the transmit beamformers, into an ¢y)-norm minimization problem. Unfortunately,
this problem is NP-hard. Inspired by recent developments in compressive sensing [21], [22], we
propose two algorithms to tackle the problem. The first algorithm is based on the /;-relaxation

and the reweighted ¢;-norm minimization, which requires to solve a series of convex ¢;-norm



minimization problems using, e.g., the interior-point method. The second algorithm is based on
iterative link removal. The idea is that we first solve the /5-norm relaxation of the joint clustering
and beamforming problem and then iteratively remove the links that correspond to the smallest
link transmit power. This algorithm utilizes the uplink-downlink duality [3], [6], [23] in multi-cell
systems and it employs projected subgradient algorithm with fast iterative function evaluation to
find the results in each intermediate step. Furthermore, this algorithm can also be implemented in
a semi-distributed manner under certain assumptions. Simulation results show that the proposed
algorithms can significantly reduce the user data transfer in the backhaul, as well as design the
transmit beamformers to satisfy the per-BS power constraints at the BSs and the QoS requirements
at the MSs. To the best of our knowledge, formalized discussions and solutions on how to minimize
the backhaul data exchange between BSs under given QoS constraints cannot be found in existing
literature. Our main contributions are therefore two-fold: one is the generic formulation of the
problem and the other is the proposal of analytical near-optimum solution algorithms.

The remainder of the paper is organized as follows: in Section II, we introduce the system model
and formulate our joint clustering and beamforming problem into an ¢,-norm minimization problem.
The reweighted ¢;-norm minimization based method is presented in Section III. The iterative link
removal based method is presented in Section IV. Section V provides the convergence behavior
and the simulation results in a multi-cell scenario. Finally, conclusions are drawn in Section VI.

Notation: we use bold uppercase letters to denote matrices and bold lowercase letters to denote
vectors. CN'(0, o%) denotes a circularly symmetric complex normal zero mean random variable with
variance o2. (-)7 and (-)¥ stand for the transpose and conjugate transpose, respectively. vec(A)
is a column vector composed of the entries of A taken column-wise. C, R and Z stand for the
complex, the real and the integer numbers, respectively. {w;;} denotes the set made of w;;, Vi, .
|z] is the largest integer not greater than x. [X];; denotes the (i, j)-th element of X. diag({A;})

denotes a block diagonal matrix formed by A;, V.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

We consider the CoMP downlink transmission as shown in Fig. 1. There are B BSs cooperating

to transmit to K MSs using the same time and frequency channel. Here x; € C denotes the complex



data symbol for the ith MS, where : € {1,--- | K}, and E {|xz|2} = 1. The data center has access
to the data of all the MSs. The backhaul is the channel connecting the data center to the BSs,
which can be optical fiber or out-of-band microwave links. The control information and user data
at each BS is obtained directly from the data center via the backhaul [24], [25].

We assume that each BS is equipped with M transmit antennas and each MS has a single receive
antenna, where w;; € CM denotes the transmit beamformer for the ith MS on the jth BS, such
that j € {1,---, B} and the transmit power constraint at the jth BS is S, wllw;; < P;. The
channel from the jth BS to the ith MS is denoted as hg , where h;; € CM. The received signal y;

at the ith MS can be expressed as

B K B
j=1 ki j=1
The first term on the right-hand side of (1) represents the received useful signal, the second term

represents the interference, and n; ~ CA(0,0?) is the additive white Gaussian noise (AWGN) at

the ith MS. The signal-to-interference-plus-noise ratio (SINR) at the sth MS can then be written as
2
B
‘Z j=1 hg Wij

2 K B vH 2
0%+ D ks |2 j=1 i Wiy

The SINR is an important QoS metric. SINR requirements have to be satisfied for the successful

SINR; = 2)

transmission of data. We denote the SINR requirement for the ith MS as ;. For ease of discussion,
we only consider fixed and feasible target SINR requirements. In a commercial cellular network,
the actual transmission rate will usually be adjusted with dynamic link adaptation.

To minimize the signaling overhead in the backhaul, we want to distribute the user data only to
the minimum number of cooperating BSs, while satisfying the SINR constraint of each MS. We
denote the set of BS indices that the user data z; is distributed to as B;, where B; C {1,---, B}.
We assume the data rate to transfer the data z;, Vi € {1,---, K}, through the backhaul to each of
the BS in B; to be equal and denote it as R. Thus, the sum of user data rate Ry, transferred from

the data center through the backhaul is given by
K
Rum =R-Y_|Bj| 3)
i=1

where |B;| denotes the cardinality of the set BB;. For the given SINR requirement, we obtain that

minimizing R, is equivalent to minimizing » ", |B;].



B. Problem Formulation

We define a data routing matrix P € RX*? to capture the data transfer in the backhaul, where

the (7, j)-th element of P is given by

[P],, = wiiw “4)

ij
and it represents the power allocated at the jth BS for the data x;. The matrix P also shows which
MS’s data are routed from the data center to each of the BSs. When [P] ;; = 0, the data z; is not
routed to BS j. When [P];; > 0, we say there exists a link between the jth BS and the ith MS,
and the data center needs to distribute z; to the BSs with [P], ;> 0 before the BSs transmit to the
MSs. Therefore, B; corresponds to the indices of the nonzero elements of the ith row in P and
Zfil |B;| is equivalent to counting the number of nonzero elements in P. Since the size of P is
fixed and equals K x B, minimizing Zfil |B;| is equivalent to maximizing the number of zero
elements, i.e., the sparsity, in P. We can mathematically formulate the Ry,,, minimization problem

in (3) as

min [lvee (P,
subject to SINR; > ~;, Vi€ {1,...,K} ®)

S whw, <Py, Vje{l,...,B}
where |[|-||, represents the fy-norm, which denotes the number of nonzero elements of a vector.
Note that the optimization problem (5) needs to jointly determine the BS subsets for the routing
of each user’s data, as well as to design the transmit beamformers at the BSs.

Remark 1: The problem (5) is a combinatorial optimization problem and is NP-hard.

The proof for a related problem where all the constraints are linear can be found in [26].
Using similar arguments as in [26], [27], the problem (5) is NP-hard. A brute-force solution to
a combinatorial optimization problem like (5) is by exhaustive search. That is, for each number
S € Z, where 0 < S < KB, we must check all the (KSB ) possible assignments of zero elements in
P. For each assignment, we must search for the {w;;} satisfying the constraints of (5). In the end,
we pick out the maximum S with feasible {w;;}. However, the complexity of exhaustive search
grows exponentially with the size of P, which is not applicable in real-world applications.

The difficulty to solve (5) lies in the combinatorial non-convex objective function involving the

{y-norm. One approach to obtain approximate solutions for non-convex optimization problems is



convex relaxation [28], i.e., replacing the non-convex objective function with its convex envelop. The
convex envelope of the /y-norm is the ¢;-norm. Optimization based on the ¢;-norm has been shown
to exactly recover sparse signals in {y-norm problems and closely approximate compressible signals
with high probability using relatively few measurements if certain property is satisfied [21], [29].
This is known as basis pursuit [21], [29] that conveniently reduces a sparse estimation problem
to a linear program in signal detection, which is the essence of compressive sensing. However,
simply substituting the objective function of (5) by ||vec (P)||; does not produce sparse solutions in
general and such a relaxation is not useful at first glance. Therefore, we provide in the next section

an equivalent formulation of (5), where sparse solutions can be obtained.

III. REWEIGHTED /;-NORM MINIMIZATION BASED METHOD

We observe that [P];; > 0 or = 0 is equivalent to ||w;;||, > 0 or = 0, respectively. By introducing

slack variables s;;, the problem (5) can be equivalently reformulated as

min vec (S

subject to SINR; > ;, Vie {1,..., K} ©)
[wijlly < sij, Vi, j
SK.si <P, Vied{l,...,B}
where [S];; = s;;. The first and second constraints are second-order cone (SOC) constraints, the
third constraint is a sum-of-squares constraint, and all those constraints are convex. The problem

(6) is equivalent to (5). Applying the ¢;-norm relaxation to (6), we obtain

{Wirj%}??ij} Z” 7 (7)
subject to Constraints of (6).
Now the objective function becomes linear and the problem (7) is a convex optimization problem.
Furthermore, sparse solutions of {s;;} can be obtained. Note only this formulation of the ¢;-
relaxation directly produces sparse solutions and other types of convex relaxations do not produce
sparse solutions in general [21], [22]. The following proposition states which s;; is obtained with
zero value solution in (7).
Proposition 1: The solutions of {s;;} in (7) is obtained at s7; = 0 if p;; < 1, where p;; is the dual

variable associated with the constraint “||w;;||, < s;;”in (7),Vi € {1,--- K} and j € {1,---, B}.




Proof: See Appendix A. O

The solutions obtained from (7) are suboptimal solutions of (6) due to convex relaxation. Im-
proved solutions can be obtained by applying a weighting factor on each s;; in the objective function
of (7). This is called reweighted (1-norm minimization methods [30], originally proposed to enhance
the data acquisition in compressive sensing. The weighting factors should be chosen such that the
solutions with large s;; values are penalized. A good choice of the weighting factor 3;; in the (n+1)-
th iteration is 8" = 1/ <5 + SE;L) ()

B ;;~ is the solution of s;; in the nth iteration, and 9 is

), where s
a small nonnegative parameter to ensure numerical stability. Applying this method to our problem,
the resulting sparsity of {s;;} typically converges within 10 iterations and the largest improvement
in sparsity is obtained in the first few iterations. Although still suboptimal, this algorithm produces

a better approximate solution of the original problem (6) and it is summarized in Algorithm 1.

Algorithm 1 Reweighted ¢;-norm minimization based method
1: Set the iteration counter n = 0 and BZ-(JQ) =1,vVie{l,--- K} and j € {1,---,B}.

2: Solve the weighted ¢;-norm minimization problem
{wg;”l), sg‘H)} = arg minz ﬁi(f)sij, subject to: Constraints of (6).
0,

3. Update the weighting factor: ﬂi(;”rl) =1/ (5 +

sg;v\) i .

4: Calculate the relative error r = Hvec (S(") — S("_l)) H o/ Hvec (S(")) Terminate if » < € or

I

n > Npax, Where € is a predefined threshold and N, is the specified maximum number of

iterations. Otherwise, set n =n + 1 and go to step 2.

Furthermore, we have the following proposition for Algorithm 1:
Proposition 2: Algorithm 1 converges to a local optimal solution.
Proof: See Appendix B. O
The reweighted ¢;-norm minimization based method achieves better sparsity results than (7)
because although the ¢;-norm is the best convex relaxation of the {y-norm, some concave functions
can offer tighter approximations [21], [28]. In the proof, the choice of the weighting factors is
explained using the log-sum surrogate function of the /y-norm [30], [31]. Because the log-sum

penalty function is concave, the global minimum solution may not always be attained. Choosing a



suitable starting point is important for the final result. It is suggested in [30], [32] to initialize the

algorithm by the solution of the unweighted /;-norm minimization.

IV. ITERATIVE LINK REMOVAL BASED METHOD

The reweighted ¢;-norm minimization based method needs to solve a series of convex optimiza-
tion problems using, e.g., interior-point methods, which can be computationally intensive. In this
section, we propose another approach. The basic idea is that we first solve the ¢5-norm relaxation
of the joint clustering and beamforming problem (6) and then iteratively remove the links that
correspond to the smallest link transmit power. Methods employing fixed-point iterations [6], [33]
are utilized to find the solution in each intermediate step, which enjoy low complexity and are
usually faster than the interior-point methods. We show that the iterative link removal based method
can also be implemented in a semi-distributed manner with a lightweight central controller under
certain assumptions. The computational complexity analysis will be presented at the end of this

section.

A. l5-Norm Relaxation of Joint Clustering and Beamforming

We first consider the ¢;-norm relaxation of the joint clustering and beamforming problem (6)

subject to SINR and per-BS power constraints, which can be expressed as

AL
subject to SINR; > ~;, Vi€ {1,..., K} @®)

> wlhwy; < P, Vje{l,...,B}.
Note that the power constraints P;, Vj € {1,..., B}, in (8) are constants. The problem (8) is
different from the min-max BS antenna power problem considered in [3], [23], where the per-BS
transmit power constraints are variables to be optimized. The problem (8) is a SOC programming
problem that is convex and it can be solved using the interior-point methods. However, that may
be computationally intensive. Therefore, we exploit the special structure of (8) and propose a low-
complexity approach that employs the fixed-point methods. Our proposed approach is based on the
following theorem, which generalizes the uplink-downlink duality to multi-cell environment under

explicitly given per-BS power constraints.
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Theorem 1: The dual problem of the downlink transmit optimization problem (8) is

i K 2 B
max 1min Cqot =" v P
{vi} {ai}{Wij} Z’—l 4 Zg—l Jt
subject to SINRZU >, ¢; >0, Vie{l,... K} 9)
v; >0, Vje{l,...,B}

where )

B A
Zj:l Wz'lg{'hij

K B s
Zk;&i 4k ’Zj:l Wghkj

This is an uplink multiuser receive beamforming problem in the dual uplink channel with the same

qi
SINRY =

5 . " (10)
+ Zj:l(l + v5) [[ Wil

SINR constraints and uncertain noise variances, where v; is the dual variable associated with the
Jth BS power constraint in (8), and 1 + v; can be interpreted as the dual uplink noise variance
at the jth BS in (9). Here ¢; is the dual variable associated with the ith SINR constraint in (8)
and it can be interpreted as the dual uplink transmit power of the sth MS. Here w;; represents the
uplink receive beamformer at the jth BS for the data of MS . Note that the optimal W;; is a scaled
version of the optimal w;; for the downlink.
Proof: See Appendix C. O
The problem (9) consists of an outer maximization with regard to the dual uplink noise variances
{v;} and an inner minimization with regard to the uplink power {¢;} and beamformers {W;;}. The

optimal objective value of the inner minimization is a function of {I/j}, 1.e.,

¢({v;}) = min > 40 — Zj v; P
{ai}{Wis} (11)
subject to SINRY >, ¢ >0, Vie{l,...,K}.
For given {v;}, the term >, v;P; is a fixed constant. Evaluating ¢({v;}) for given {v;} is a uplink
joint sum power minimization and beamforming problem with fixed BS noise variances [34]. In

the following, we apply a fixed-point algorithm to solve (11).

Denoting all the BSs as a BS group, we define h; = [hf hff .- hﬁg}H

,where i € {1,... K}.
That is the dual uplink channel vector from the ¢th MS to the BS group. Concatenating the BS
downlink transmit beamformers together, we obtain w; = [wH,wi .- ,wﬁg}H which is the BS
group downlink beamformer to the :th MS. Likewise, we concatenate the BS receive beamformers

. A H o ~g1H .
together as W, = [Wﬁ WH W B} . Define Q; as an all-zero M B x M B matrix, except that
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the (jM — M + 1)-th to the jM-th diagonal elements are all 1’s, and we can express SINR! as

~H Ho

A H ~

SINRU — (12)

where

K B
3= Z Qkhkth + <I + Z Vij) . (13)
j=1

kit
Since the optimal receive beamformer W, that maximizes SINR} is the minimum mean square

error (MMSE) receiver [33], [35], we have
W, = X 'h; (14)
and the corresponding SINR is then given by
SINRY ™ = ¢;h# > 'h;. (15)

At the optimal solution, it is necessary that the SINR constraints in (11) are satisfied with
equality [36], i.e., SINR ™ = ~, Therefore the optimal uplink transmit power satisfies the

following set of equations

* Vi A * .

Qi:m:fi((l)> Vie{l,--, K} (16)
where q* = (¢}, ¢, - ,q’}(]T. Using fixed-point methods, we can determine the optimal uplink
transmit power as follows:

qi(l+1) :fl(q(l))7 Vi € {17 7K} (17)

Starting from some initial value of q(), the fixed-point equation (17) is guaranteed to converge
to a unique fixed-point because f;(q) is a standard function [33], [37]. Note the f;(q) in (16) is
different from that of [3, Eq. (29)] in the expressions of the covariance matrix and the coefficient,
and a faster convergence speed by our formulation is observed in simulations.

After the optimal q* is obtained, the optimal receive beamformer W, can be calculated according
to (14). The optimal downlink beamformer w; is a scaled version of W;, i.e., W; = /p;w;, Vi €
{1,---, K}. The scaling factor p; can be calculated using the fact that the downlink SINR constraints
in (8) must be satisfied with equality for the optimal solution, i.e.,

K
2 :az—i-Zpk ‘hf{ﬁ/k 2
k#i

1
S bW, . Vie{l,...,K}. (18)
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Denoting p = [p1,- - - ,pK]T, we can rewrite (18) as Fp = 102, where 1 is a K x 1 all-one vector

and the elements of F are defined as
2

7 Lt =k (19)
ik = '
— [nfw®, ik
So the scaling vector p can be obtained as
p=F 1102 (20)
The downlink transmit power at the jth BS for the ith MS data stream is
pis = willy = pi [1Wis]13 21

where W;; is the M x 1 vector formed by the (jM — M + 1)-th to the jM-th elements of the W,

obtained from (14) and the downlink transmit power at the jth BS is

K
bj = sz‘j- (22)
=1

Hence, this solves the inner minimization for given {v;}.

The outer maximization can be solved using the projected subgradient method [38]-[40]. Pro-
jected subgradient methods following, e.g., the square summable but not summable step size rule,
have been proved to converge to the optimal value [38]-[40]. Similar to [23], it can be shown that
©({v;}) is concave in {v;}, and a subgradient of ¢({v;}) with respect to v; is p; — P;. With a step

size t,,, the dual uplink noise variance {v;} can be updated as

1/](-"“) = max{l/(n) +ta(pj — Pj)vo}v vj=A{L---,B}. (23)

J
Since (8) is convex and Slater’s condition holds, the respective primal and dual objective values in

(8) and (9) must be equal at the global optimum point. A stopping criterion for updating (23) can

be that ‘gp ({VJ(")}> -2 pj")

maximum number NV, iterations, the iteration can be aborted and it indicates that (8) is infeasible.

< e. If the stopping criterion cannot be satisfied after a predefined

B. Iterative Link Removal

The solutions obtained from (8) is not sparse in general. Therefore, we propose to trim the links,

which correspond to the entries of P, to obtain sparse solutions. We call this process iterative link
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removal. After the problem (8) is solved, the data streams can be sorted according to the p;; in (21)
from the lowest to the highest. We use (7, 7)" to denote the position of the (7,7)-th data stream
in the sorted list, and we propose to gradually “remove” the data streams according to their p;;
from the lowest to the highest. That is, for each 0 < § < KB, S € Z, we set the corresponding
transmission power for data streams (i,7)" < S to zero, i.e., w;; = 0,V (i,7)" < S. Here S =0
corresponds to full BS cooperation, i.e., no removal. Meanwhile, we solve the following problem

to see if the SINR and power constraints are still feasible.

{rg:g Zi,ngwij
subject to SINR; > ~;, Vi € {1,..., K}
Zzwgwm S ij v] S {1773}

w;; =0, V(i,5)" < S, except that (i, ) is the last link for MS .

(24)

This problem is same to (8) except for the last constraint. Here, S corresponds to the sparsity of
the routing matrix P in (4). By increasing .S, we can find the largest .S that satisfies the constraints
of (24). For each user index 7, we must keep at least one w;; # 0 within the removal process, i.e, we
always skip the last transmission link to MS ¢, which corresponds to the link from its serving cell.
The problem (24) is also a SOC programming problem and its feasibility can be determined using,
e.g., the interior-point methods. However, by exploiting the similarity between (24) and (8), we can
also determine the feasibility of (24) with slight modification of the algorithm in Section IV-A.
As mentioned previously, we denote the set of BS indices that have the data stream for MS ¢
as B; for the given value of S. Following the same discussion as in Section I'V-A, the dual uplink

SINR for the data stream of MS 7 can be expressed as
2
> e Wiihi;

2 .
K ~ ~ 2
St O | e, Wi |+ 3 e, (14 15) [

Note the dual uplink SINR for MS i only depends on the dual uplink channel to those BS j € B;.

q;
SINR} =

(25)

Form =1,--- K, let flmj = h,,;,Vj € B;, and flmj = 0,Vj ¢ B;. We introduce the equivalent

channel h,, = [h#

H ... hH_ ¥ and use h,, instead of h,,,¥m € {1,---, K} when calculating

w; and ¢; according to (13), (14) and (16). It only affects the inner minimization, and the outer
maximization process remains unchanged. Whether (24) is feasible is indicated by whether the

algorithm converges, e.g., whether the stopping criterion can be satisfied within [V, iterations.
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The iterative link removal based method is summarized in Algorithm 2. The bisection method [40],

[41] is applied to speed up the link removal process.

Algorithm 2 Iterative link removal based method
Start: Solve the problem (8) using the fixed-point iteration (17) and subgradient update (23);

if not convergent then
The problem (8) is infeasible. Exit to link adaptation;
else
Sort the data streams according to their power p;;;
Initialize: S, = 0, Spax = KB, and S = [ (Swin + Smax)/2]-
while S,,.x — Shin > 2 do
Solve problem (24) for S using the fixed-point iteration (17) and subgradient update (23)
with equivalent channel flm, Vm =1,---, K, for calculating ¢;, W; and wy;
if infeasible then
Smax = 9,5 = [ (Swin + Smax) /2]5
else
Smin = 5,5 = [ (Smin + Smax)/2];
end if
end while
return S and its corresponding {w;; }.

end if

C. Implementation Issues

Similar to the reweighted ¢;-norm minimization based method, the iterative link removal based
method can be implemented at a centralized controller that performs all the computations. However,
if the cross-covariance terms between the channel vectors of different BSs are small for each user
compared to the auto-covariance terms and thus can be neglected, i.e., hkjthj, ~ 0,Vj # j', which
is usually valid for multi-cell networks due to the distance between different BSs, the iterative
link removal based method can also be implemented in a semi-distributed manner in time-division

duplexing (TDD) mode, where the downlink channels can be estimated from the uplink transmission.
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Consider the calculation of 3; in (13). Since the cross-covariance terms between the chan-
nels of different BSs are small for each user k, we have hkh{j ~ diag ({hkjh,ljj ) and X, ~
diag <{ZkK# gehiihyl + (14 Vj)I}) £ diag ({X;;}), where the set of matrices inside diag(-) are
indexed by j = 1,--- , B. That means, the matrix 3; becomes block-diagonal. Moreover, the jth
component block, i.e., the covariance matrix 3J;;, only involves the channel vector hy; and thus it
can be estimated locally at the jth BS. Therefore, the calculation of W; in (14) can be divided into
the calculation of w;; at the jth BS, where

Wi~ % 'hy, Vi=1,---,B. (26)
Furthermore, in the fixed-point iteration (16), we have
i Vi
I @7)
Hy—1 B -
hi" % h; Zj:l hgzzjlhij
where the term hg Ei_jlhij can be computed locally at the jth BS.

As a result, the semi-distributed implementation of the iterative link removal based method in
TDD mode can be described as follows: i) Each MS-i chooses an initial uplink transmit power
qi(o). ii) Each BS-j estimates the channels h;; from all the MSs and calculates 3;; locally. iii)
Each BS-j calculates and sends the value of h/f Ei_jlh,-j to the central controller. iv) The controller
sums up the values of hg Ei_jlhij from all the BSs and updates ¢; according to (17), (27) using
fixed-point iterations. v) With the w;; computed locally at the BS-j using (26) corresponding to
the final ¢;, the scaling factor p; can be obtained using the well-known distributed downlink power
control algorithm [42] with the fixed effective channel for achieving the given SINR requirements
~i. Therefore, the downlink transmit power p;; in (21) can also be obtained at the BS-j. vi) The
update of v; in (23) can be done on a per-BS basis. vii) The BSs send the calculated p;; to the
controller and the controller sorts them to decide the removal sequence.

In the semi-distributed implementation process, only scalars, e.g., the value of hg Ei_jlhij, need
to be communicated from the BSs to the central controller. Full knowledge of the channel vectors
are not required therein. Moreover, the central controller only performs simple calculations like
summation, scalar division and sorting. Most of the computation loads, e.g., the matrix inversion, are
distributed among the BSs. Therefore, the central controller can be “lightweight”. The drawback of
the semi-distributed implementation may be the delay induced in the iterations, which also depends

on the convergence speed of the subgradient updates.
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D. Complexity Analysis

Algorithm 1 needs to solve a series of SOC program. For each of the SOC program, the
computational complexity using the interior-point algorithm is O((K B)>°M?®loge; "), where €
is the required accuracy of the duality gap termination [43]. In the worst case, Ny, iterations must
be performed. Therefore the worst case complexity for Algorithm 1 is O( Nya (K B)*°M?loge; ).
In Algorithm 2, the most computation-intensive step in the inner-minimization is the matrix inver-
sion in (14) for all the K users. Each matrix inversion has the complexity of O((BM)3?) [44].
Using the convergence results of the fixed-point algorithm in [6], [33], [45] and considering NV,
subgradient updates required in the worst case, the complexity of of solving (9) is obtained as
O(NnK(BM)?logc™'), where ¢! is a constant that determines the convergence rate of the fixed-
point iterations. By applying the bisection method [28] to remove the links, the complexity of
Algorithm 2 is therefore obtained as O(N, K (BM )3 log(K B)loge™!). Compared to the complexity
of O(25B(KBM)*VK + Bloge;!') required by the exhaustive search method [46], both of the

two algorithms save a lot of computational complexity.

V. SIMULATION RESULTS

A. Convergence Behavior

We consider the case that the number of BSs and the number of MSs are B = K = 5. Each BS
has M = 3 transmit antennas and each MS has a single receive antenna. The SINR requirement
for each MS receiver is set to v; = 6.02dB, Vi € {1,---, K}. The noise variances at the MSs

are normalized to 1, i.e., o

= 1. Furthermore, the per-BS transmit power constraint P; is set
according to P;/o? = 10dB, Vj € {1,---, B}. A randomly generated channel is used to simulate
the convergence results.

The convergence behavior for the reweighted ¢;-norm minimization based method, i.e., Algo-
rithm 1, is shown in Fig. 2, where the parameter ¢ is set to be 1072, 1072 and 10, respectively.
The number of active links corresponds to Zfil |B;| in (3). Fig. 2 shows that it decreases with
the number of iterations. The first several iterations lead to the biggest improvement. As iterations
go on, there is no further improvement after the tenth iteration. In the first iteration, i.e., in the

unweighted case (7), twenty links are required to be active. That means K B —20 = 5 entries in the

data routing matrix P are zeros, which shows a sparse solution is obtained. In the final iteration,
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only six links are required to be active. Compared to full cooperation, which requires all the links
to be active, we save 1 —6/25 = 76% of the user data transfer in the backhaul. In general, a smaller
0 leads to better convergence behavior. This is because a small § approximates the ¢,-norm better.
However, the convergence for the different § values does not differ much in Fig. 2. When § = 1072,
only one more active link is required at the sixth iteration compared to the cases of 6 = 1072 and
1074,

When the iterative link removal based method, i.e., Algorithm 2, is applied to the considered
system, the stopping term is chosen to be ¢ = 10~* and the maximum number of subgradient updates
is set to be NV, = 80. The bisection method is not applied here to better show the convergence
results. Only one active link is removed here in each iteration. We choose the step size ¢, in (23)
to be ¢, = 0.01,0.1 and 1, respectively. Starting from K B = 25 links, seventeen links are removed
and only eight links remain active in the end for the considered choices of the step size ¢,. This
result is slightly worse than the final result obtained by Algorithm 1. Fig. 3 shows that the required
number of subgradient updates is sensitive to the choice of the step size ¢,,. A smaller step size will
lead to a larger number of updates. If the step size is chosen to be 0.01, more than twelve updates
are required for each iteration. However, when we choose the step size to be 0.1 or 1, only two
to three iterations are required per iteration. On the other hand, the step size t,, cannot be chosen
to be too big because a large t,, will affect the accuracy of the results. We find it advisable to set

0.1 < t, <1 in our simulations to achieve a good balance in the accuracy and program speed.

B. Cellular Network Simulations

We consider a three-cell network as shown in Fig. 4, where each BS is equipped with multiple
antennas. The inter-cell distance between neighboring BSs is 0.5km. The transmission power
constraint at each BS is 30dBm. The transmit antenna gain at each BS is 5dB. The pathloss
model from the BS to the MS is

L(dB) = 128 + 37.6 - log,, D, (28)

where D is in the unit of km. The log-normal shadowing parameter is 10dB. The available
transmission spectrum is 10MHz and the noise figure at each MS is 10dB. The power of the

noise plus out-of-cooperating cell interference is set to be -83.98dBm. The users are randomly and
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uniformly distributed within a disk of 100m radius at the center of the triangle formed by the three
BSs. We perform 50 channel realizations for each user location and 20 different user locations
are chosen in each simulation. Only those channel realizations that can support the required SINR
requirement are admitted. Table I shows a summary of the above simulation parameters. Five
methods are compared: the reweighted ¢;-norm minimization based method (“Algol”), the iterative
link removal based method (“Algo2”), the channel strength based clustering (CSBC) method [47],
full cooperation, and exhaustive search (“ExSearch”). CSBC is similar to Algo2, but it removes the
links according to the channel strength. Full cooperation distributes all the user data to all the BSs.
ExSearch has been discussed in Section II-B, which produces the optimum solution in minimizing
the backhaul data transfer but requires enormous computations. We set the maximum number of
iterations Ny for Algorithm 1 to be 20 and the relative error threshold ¢ to be 10~*. The step
size t,, for the dual uplink noise variance update in Algorithm 2 is set to be 0.5 and the stopping
term ¢ = 10~*. The maximum number of subgradient updates is set to be N, = 80. The SINR
requirements for different MSs are the same, i.e., 7, =, Vi € {1,--- , K}.

Fig. 5-Fig. 6 show the average number of active links and their corresponding average sum
transmission power with respect to the number of antennas M at each BS. The number of MSs
that are simultaneously served by those BSs is K = 6. The SINR requirement for each MS is set
to be v = 10.3dB, which is the reference SINR for 16QAM transmission with spectral efficiency
of 2.41bps/Hz [25]. The average number of active links is shown in Fig. 5(a). Full cooperation
requires all the KB = 18 links to be active irrespective of M. This induces a large backhaul
signaling overhead. For the other four methods, the required active links decreases dramatically
with the increase of M. When M = 2, Algol and Algo2 achieve almost the same results for the
average active links, which is about 16.5. CSBC and ExSearch require one more and one less link
on average, respectively. When M = 3, the required links for the four methods decrease to only
11, 12, 13 and 10.5, respectively. When M > 6, the number of required links for the three methods
all reduces to about 6. That is the minimum required number of active links, which equals K.
Compared to full cooperation, the proposed methods save about 1 —6/18 = 66.7% of the backhaul
user data transfer. This is due to the fact that more antennas at the BSs provides more spatial degrees
of freedom and proper choice of beamformers reduces the inter-user interference. The same trend

can be observed for the average sum transmit power in Fig. 6. The sum transmit power decreases
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with the increase of M. Full cooperation serves as a lower bound for the sum transmit power
because all the other three methods perform partial cooperation. To our surprise, Algol requires
both fewer active links in Fig. 5(a) and lower sum transmit power in Fig. 6 compared to Algo2
and CSBC when 3 < M < 8. This shows that the sparsity pattern in the data routing matrix also
affects the required sum transmit power.

Fig. 7-Fig. 8 show the results when the number of antennas per BS is fixed to M = 4 and
the SINR requirement is set to v = 10.3dB. This system can serve roughly up to BM = 12
single-antenna MSs. Due to the huge complexity of ExSearch, the simulation for ExSearch is only
performed up to K = 6 users. Full cooperation shows a linear curve according to BK in Fig. 7(a).
When K < 4, it is far below the system’s serving capacity and the average number of active links
all approximately equals K for Algol, Algo2, CSBC and ExSearch. The number of required active
links increases with K. When K = 8, the first three methods require about 15, 16 and 17 active
links, respectively. In this case, Algol saves about 1 — 15/24 = 37.5% of the backhaul user data
transfer compared to full cooperation. When K = 10, the system capacity is almost reached. Algol
and Algo2 require about 26 active links and CSBC requires 28 active links. About 13.3% of the
backhaul user data transfer can be saved by Algol. In Fig. 8, the curves of average sum power for
Algo2 and CSBC are quite similar. Algol shows lower sum power especially when 4 < K < 8.

The simulation results for a system of K = 4 users and each BS with M = 4 antennas is shown
in Fig. 9-Fig. 10. The SINR requirement is shown as the x-axis. When the SINR requirement
~v < 8.1dB, the number of active links for Algol, Algo2, CSBC and ExSearch in Fig. 9(a) are all
about 4, which equals K. As 7 increases, the performance gaps between different methods become
obvious. The gap between Algo2 and CSBC remains about 0.6 when 14.1dB < v < 18.7dB. Algol
remains very close to ExSearch in the whole SINR range. When v = 18.7dB, Algol requires about
8 active links, which is about 1.4 below that of Algo2. In this case, Algol saves about 33.3% of
the backhaul user data transfer compared to full cooperation. The required sum transmit power
for Algol is slightly below those of Algo2 and CSBC when v < 11.7dB in Fig. 10. However,
when v > 14.1dB, the sum transmit power for Algol surpass those of the other two methods. The
difference is about 0.3W when v = 18.7dB.
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VI. CONCLUSION

We considered the problem of minimizing the user data transmission in the backhaul subject to
QoS and per-BS power constraints in the CoMP downlink transmission scenario. We showed that it
can be formulated into an /y-norm minimization problem. However, such a problem is combinatorial
and NP-hard. Furthermore, the solution of such a problem needs to jointly determine the BS choice
for user data and the BS beamformers. Inspired by recent results in compressive sensing, we first
proposed an approach that solves the problem using the /;-relaxation and the reweighted ¢;-norm
minimization, which requires to solve a series of convex /;-norm minimization problems. Then,
we proposed an iterative link removal based approach employing the projected subgradient updates
and iterative fixed-point algorithms. We also showed that this method can be implemented in a
semi-distributed manner under certain assumptions and analyzed the computational complexity of
the proposed algorithms. Simulations showed that both the proposed methods can significantly
reduce the user data distribution to BSs in the backhaul. In terms of backhaul user data transfer, the
reweighted ¢;-norm minimization based method achieved near-optimum results in our simulations,
which saves the backhaul user data transfer by 13%—67%. The iterative link removal based method
is also an attractive choice due to its good performance, which is only slightly worse than the

reweighted /;-norm minimization based method, and its low implementation complexity.

APPENDIX A

PROOF OF PROPOSITION 1

We introduce additional slack variables z; € C%,Vi € {1,---, K}. The problem (7) can then be

expressed in the following form

min S
{wij}{sis} 20
subject to ||z;]|, < \% Ele h/fw;,
[wijlly < sij,
K g2 <p
> et Sij = s
B B H B H B H r
Djmt MW DD MG Wi, 0, 30 D Wiy, 2D bW | = 2,

Vie{l,---,K}, je{l,...,B}
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Note that z; is complex, except that its ith element is real. By introducing \;, p;;, it; € Ry for the
first three constraints and v; € CX for the fourth constraint, respectively, the Lagrangian of the
above problem can be expressed as

A ow
L({wij}, {si}) = Z Sij + Z (Ai 1zl — Ner Z hgwij> + Z (pij [wisll, — pijsij)
i i ' =1

1,J
B
+ Z <Z (ka Z thkJ) + V0 — Vf{zz-) + Z fbj (Z s?j — PJ) (29)
i \ ki j=1 j i

=3 (5 + (U= pij)sig) + Y Nillzally = v 2:) > pi [ wil,
i,7 i 2

B B
+> (‘ ?7 PLATEDIDD hi?“’ij) +2_vio =) Py (30)
i b =1 i J

ki j=1

Here v; denotes the ith element of v. Furthermore, s;; is chosen from the range s;; > 0.

According to the complementary slackness conditions [28], the dual variable p; = 0 when the
power constraint at the jth BS is not satisfied with equality. In this case, we must have p;; < 1
otherwise the term (1 — pij)sz-j is unbounded below because s;; > 0. Furthermore, if p;; < 1, the
Lagrangian £ ({w;;}, {s;;}) is minimized when s;; = 0. When the power constraint at the jth
BS is satisfied with equality, i.e., u; > 0, we also have that s;; = 0 minimizes the Lagrangian

L ({wi;}.{si;}) if pij < 1. Therefore, the optimal point of s;; is obtained at s;; = 0 when p;; < 1.

APPENDIX B

PROOF OF PROPOSITION 2

For a given nonnegative real vector x € Rf\f , its {y-norm can be approximated as [31]

M

Z log(1 + |z;] 671)
log(1+40-1)

Ixllg = lim

€1V
i=1

If we choose 0 to be sufficiently small and replace the objective function of (6) with the RHS

of (31), we obtain the following problem by neglecting some constant numbers

min - log(s;; + 6
{wis}{sis) 2.1 108(53 +0) (32)

subject to Constraints of (6).
The cost function is a log-sum function. It is concave and below its tangent. Specifically, let

{ng), SE;L)} denote the solution in the nth iteration. Due to the concavity of the log function and
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s;; > 0 for feasible solutions, the first-order approximation of log(s;; + 0) yields

n 1 n
log(s;; +6) < log(sgj) +6)+——— (s,-j - s”) . (33)

s 1§ Y

ij
The RHS of (33) majorizes the log function, and can be used as a surrogate function for the original
cost function in (32). Specifically, replacing the RHS of (33) into (32), the solution we get in the

(n + 1)-th iteration is

1] Y]

{W(T-LH) 5(7-”1)} = arg min Z (ns#, subject to: Constraints of (6). (34)

We can see that the weighting factor of s;; in the objective function of (34) is same to the BZ(]” )
in Algorithm 1. By iteratively minimizing the surrogate function, local optimal solutions can be

obtained, which is along the idea of the majorization-minimization method [48].
(n) (n+1)

For s;;” and s;; ", we have
8(n+1) (n) (n) (n)
Zlog () 4 5) < log(s;; ™ 4+6) + < log(s;; ™ 15)+ = Zlog
s+
i,j zy i,J

The two inequalities follow from (33) and (34), respectively. So Z log( +5) is a monotonically
decreasing sequence, lower bounded by K Blog(d). Therefore, the optimal objective value of (32)

must converge.

APPENDIX C
PROOF OF THEOREM 1
Concatenate the channel vectors and beamformers to the ¢th MS into vectors h; and w; as in
Section IV-A. Furthermore, we introduce dual variables {¢;} and {v;} for the SINR constraints and

per-BS power constraints of (8), respectively. The Lagrangian for (8) is obtained as follows
LEwi} {at, {v})
2
h w;
_ZW WZ—FZC]Z (O’ +Z‘hHW} } } >+Zuj (ZWfiji—]Dj>

k#i

2
:ZWZH <I+ZV]QJ> WZ—FZ(qu‘WHhk‘ ql‘W h‘ >+ZQiU2_ZVij

1 k#i



23

where {Q;} is introduced in Section IV-A. The Lagrange dual function is obtained as
o(lay () = inf £({w} {0} (1)

K B . B K shihT .
S a0 = S b i (T4 50, 1Q)) + Y, eyl > 22 v,
—00, otherwise.

Therefore, the Lagrange dual problem can then be expressed as

K 2 B
{Jfﬁ};} D i1 40" = Ej:l v; b
Th.hH
subject to <I + Zle I/ij) + ZkK# qhphif > %7 i (35)
v; >0, ¢>0, Vie{l,...,K},je{l,...,B}.

Introducing the dual uplink receive beamformers {W;}, the first constraint can be rewritten as [23]

i [Wih|?
SINRY = — 2“2 L — < (36)
> s O [ Wil [” + W (I + > i VjQy’) Wi
Furthermore, {W;} is proportional to {w;}, Vi € {1,---, K}, at the optimum solution following

similar discussions as in [23]. Since the SINR constraint must be attained with equality for the
optimal solution, the inequality in (36) can be reversed, and the maximization with respect to

{q;, W;} can be replaced by the minimization, which gives the Lagrange dual problem of (9).
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TABLES

TABLE 1
SUMMARY OF SIMULATION PARAMETERS

Number of cells 3
Inter-cell distance 0.5km
BS transmission power constraint 30dBm
BS transmit antenna gain 5dB
Log-normal shadowing 10dB
Transmission spectrum 10MHz
Noise variance plus out-of-cooperating cell interference | -83.98dBm
Disk radius for MS location 100m
Channel realizations for each MS location 50
MS location 20
MS location distribution uniform

Number of antennas per MS

1
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Fig. 2. Convergence behavior for the reweighted ¢;-norm minimization based method, B = K = 5. M = 3 antennas at each BS,

the SINR requirement v; = 6.02dB, Vi € {1,--- , K}.
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Fig. 3. Number of subgradient updates for dual noise {v;} in each iteration for the iterative link removal based method, B = K = 5.
M = 3 antennas at each BS, the SINR requirement ~; = 6.02dB, Vi € {1,--- , K'}. The stopping term ¢ = 10™*.
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Fig. 4. Cellular network simulation scenario
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Fig. 5. Simulation results for B = 3 BSs, K = 6 MSs, SINR requirement v = 10.3dB, where v; = ~,Vi € {1,--- , K}. Number

of antennas M at each BS changes.
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Fig. 6. Sum transmission power (in 0.1W unit) for B = 3 BSs, K = 6 MSs, SINR requirement v = 10.3dB, where v; = v, Vi €

{1,---, K'}. Number of antennas M at each BS changes.
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Simulation results for B = 3 BSs, M = 4 antennas per BS, SINR requirement v = 10.3dB. Number of users K changes.
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Fig. 8. Sum transmission power (in 0.1W unit) for B = 3 BSs, M = 4 antennas per BS, SINR requirement v = 10.3dB. Number

of users K changes.
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