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With 5G communication systems on the horizon, efficient interference management in heterogeneous multicell networks is more
vital than ever. This paper investigates the linear precoder design for downlink multicell multiple-input multiple-output orthogonal
frequency-division multiplexing (MIMO-OFDM) systems, where base stations (BSs) coordinate to reduce the interference across
space and frequency. In order to minimize the overall feedback overhead in next-generation systems, we consider precoding
schemes that require statistical channel state information (CSI) only. We apply the random matrix theory to approximate the
ergodic weighted sum rate of the system with a closed form expression. After formulating the approximation for general channels,
we reduce the results to a more compact form using the Kronecker channel model for which several multicarrier concepts such
as frequency selectivity, channel tap correlations, and intercarrier interference (ICI) are rigorously represented. We find the local
optimal solution for the maximization of the approximate rate using a gradient method that requires only the covariance structure
of the MIMO-OFDM channels. Within this covariance structure are the channel tap correlations and ICI information, both of
which are taken into consideration in the precoder design. Simulation results show that the rate approximation is very accurate
even for very small MIMO-OFDM systems and the proposed method converges rapidly to a near-optimal solution that competes
with networked MIMO and precoders based on instantaneous full CSI.

1. Introduction

Multicell multiple-input multiple-output orthogonal fre-
quency-division multiplexing (MIMO-OFDM) is a promis-
ing technology for next-generation telecommunication net-
works. Both MIMO and OFDM are known to facilitate the
wireless networks with excellent capabilities; when MIMO
and OFDM are combined together, MIMO-OFDM achieves
tremendous capacities that will be enjoyed by 5G systems in
the near future. While MIMO-OFDM systems have superb
performance, several challenges invoked by MIMO and
OFDM characteristics are involved in the system design [1-
6]. Other competing technologies in 5G networks are fil-
tered-OFDM (F-OFDM) and universal filtered multicarrier
(UFMC) that are receiving attention in the literature [7, 8].
MIMO wireless cellular systems can achieve excellent
data-rates if proper coordination among base stations (BSs) is

employed to suppress the intercell and intracell interference.
The highest system capacity is achieved by networked MIMO
where both the channel state information (CSI) and the data
streams of all users in different cells are made available at all
BSs [9, 10]. A more practical and less complex form of coor-
dination is through joint linear precoding with only the CSI
of the users shared among BSs [11-13]. In this case, each BS
obtains the CSI of its intracell users and shares it with its adja-
cent BSs. Such precoding approach is very efficient for small
number of BS antennas and it can alleviate the interference to
a significant degree. As the number of BS antennas increases,
the amount of signaling overhead for passing the CSI among
BSs becomes taxing [14]. This problem is aggravated in fre-
quency-selective channels employing OFDM where the CSI
is different on each subcarrier. To overcome this difficulty,
the precoders can be designed based on statistical CSI at the
transmitter rather than instantaneous CSI [3, 15-20]. Since
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the statistical CSI changes much slower than instantaneous
CSI, the BSs need to be updated less frequently, hence, much
less signaling overhead. While there is a performance loss due
to the lack of exact CSI, precoder design based on statistical
CSI for large-scale MIMO systems is an efficient approach
because the performance loss is negligible [18, 20].

In order to design MIMO precoders with statistical CSI,
the ergodic rate, which is a function of the covariance
matrices of the MIMO channels, must be maximized over the
precoders [16]. To facilitate the maximization, the ergodic
rate can be approximated by a compact deterministic expres-
sion when the MIMO system is large-scale. The optimization
can then be carried out on this deterministic approximation
which is a function of the statistics of the channels [20-23];
thus, the solution is a set of precoders that are functions of the
statistical CSI. Deterministic approximation to the Shannon
rate can be achieved based on techniques such as Bai and
Silverstein [22, 24, 25], Gaussian method [26, 27], Lindeberg
principle [20, 26, 28, 29], or a combination of them [22,
Theorem 6.9], [26]. All of these methods approximate the
Shannon transform of large dimensional random matrices,
but they are based on slightly different assumptions.

The deterministic equivalents of the rates for large-scale
MIMO systems that are derived in recent works [20-23, 25,
26, 29] are functions of the channel statistics, so they can be
used as objective functions for precoder design with statistical
CSI. This has been done in [21-23] where closed form optimal
precoders are derived for simple single-user scenarios. In
[20], an uplink multiuser multicell MIMO system is consid-
ered and suboptimal linear precoders are found based on
the Lindeberg approximation to the ergodic rate. We shall
extend this methodology to the problem of downlink mul-
tiuser multicell MIMO-OFDM linear precoder design with
statistical CSI. Considering the downlink leads to a somewhat
different power constraint compared to the uplink, and the
OFDM assumption gives rise to concepts such as frequency
selectivity [17, 30, 31], channel tap correlations [17, 31-34], and
intercarrier interference (ICI) [1, 35-38], all of which must
be taken into account in the precoder design. Our derivation
of statistical precoding for the downlink multicell MIMO-
OFDM system is a unification of previous works [20, 29], and
while several details are different from these two works, this
derivation is not the main contribution. The main point of
this work is applying the already established results of random
matrix theory to the MIMO-OFDM scenario in order to
study the impact of frequency selectivity, tap correlations,
and ICI on the statistical precoder design and system perfor-
mance.

We shall study the downlink multicell MIMO-OFDM
linear precoder design with statistical CSI using the deter-
ministic approximation of the Shannon rate, a problem stud-
ied before only under instantaneous CSI [12]. In particular,
with instantaneous CSI, the channel statistics are not used
in precoder design and one may try to optimize the instan-
taneous rate, as is done in [12] where it has been shown that
such an optimization problem is nonconvex and a suboptimal
solution has been proposed using the Karush-Kuhn-Tucker
(KKT) conditions. In this work, however, we assume that
there is only statistical CSI available at the BSs and we design
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linear precoders that maximize the ergodic weighted sum
rate. As opposed to the instantaneous case, for analysis of the
ergodic rate, we need a statistical model for the MIMO chan-
nel which is usually determined by a covariance structure [23,
39]. We first consider the general correlated channel model
with arbitrary probability distribution described in [23] that
includes several statistical models such as the independent
and identically distributed (ii.d.) Rayleigh fading channel
and the Kronecker channel [39]. Then we reduce the results
to a simpler form for the Kronecker channel model.

To maximize the ergodic rate, inspired by [20, 23, 29], we
find a deterministic approximation to the Shannon rate of the
MIMO-OFDM system using the random matrix theory [21,
40]. The methodology will be applied to the MIMO-OFDM
system with tap correlations and intercarrier interference.
Then, assuming that the BSs have the statistical CSI of all
users in the form of covariance matrices, we form a weighted
sum rate maximization problem and propose a suboptimal
solution using the KKT conditions along with the gradient
descent method. Our simulations show that the approxima-
tion is quiet accurate even for small size MIMO-OFDM sys-
tems and the proposed algorithm converges rapidly to a max-
imum which has a substantial improvement over isotropic
precoding. The results only slightly underperform those
obtained with perfect instantaneous CSI [12]. We then extend
to the case where the frequency-selective channel suffers from
correlation among channel taps and we show that the pre-
coders become frequency dependent under tap correlations.
We study the effects of tap correlation on the precoder design
and system performance. Next, we allow ICI among OFDM
subcarriers which is caused by carrier frequency offset due
to synchronization errors and Doppler shifts [1]. The ICI
introduces a new source of interference in addition to the
intercell and intracell interference. We find the deterministic
approximation to the rate under ICI and then study its impact
on the precoder design and system performance. Our simu-
lations show that while spatial correlations, tap correlations,
and ICI decrease the system sum rate, our method allevi-
ates this performance loss by incorporating the correlation
information and ICI intensity information into the precoder
design. It must be noted that our statistical CSI based method
is applicable to networked MIMO with full cooperation
where the BSs share the channel statistics and the transmit
data.

The remainder of the paper is organized as follows. In
Section 5, we provide the system model and formulate the
optimization problem. In Section 3, we obtain the determin-
istic approximation to the ergodic rate function. In Section 4,
we give a gradient-descent-based algorithm to obtain the
suboptimal precoders. In Section 5, we discuss the channel
model and how the formulas simplify for the separable
channel models. In Section 6, we extend to the case where
there is ICI. In Section 7, we present simulation results, and
finally, conclusions are given in Section 8.

We denote matrices, vectors, and scalars by upper-case
bold letters as in X, lower-case bold letters as in x, and non-
bold letters as in X and x, respectively. Moreover, X*, X”, and
X denote conjugate, transpose, and conjugate-transpose,
respectively. The element on the ith row and jth column of
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FIGURE 1: Multicell MIMO-OFDM system model.

a matrix is denoted by [X]; ;, and the ith element of a vector
is denoted by [x];. Vectorization, trace, and expected value
operators are denoted by vec{-}, tr{-}, and E[], respectively.
The all-one and all-zero vectors of size N and identity matrix
of size N x N are denoted by 1y, 0y, and Iy, respectively. The
operators Re{-} and Im{-} represent real part and imaginary
part, respectively.

2. System Model and Problem Formulation

2.1. System Model. We consider a downlink multicell MIMO-
OFDM wireless network shown in Figure 1, with M BSs
each serving K users over N subcarriers. All BSs have Ny
transmitting antennas while each user has Ny receiving
antennas with Np > Ny,. The kth user under BS m is denoted
by (m, k). The data vector to be precoded and transmitted
by BS m to its kth user, that is, the data vector for user
(m, k), over subcarrier n is denoted by X5, € CM, and
the corresponding linear precoding matrix is denoted by
Finin € CNo*Nv The downlink channel matrix from BS '
to user (m, k) over subcarrier n is denoted by H,,; (,, 1), €
CNv*Ns_ The thermal noise at user (m, k) on subcarrier # is
denoted by z,,, ), € CMv. Based on the above notations, the
received signal at user (m, k) on subcarrier # is given by

Yonmin = Huon iy nE om g nXm o m

K
+ Z Hm,(m,k),nF(m,k’),nx(m,k’),n
K'+k
1

M K
+ Z ZHW!’,(m,k),nF(m',k')Jlx(

m'+m k'=1

m' k")n

* Zim i)

where the second and third terms represent the intracell and
intercell interference, respectively. We assume that x,,, 4, , and
I and
B[z 1)0Z ffn ol = I We also assume that MIMO channels
are independent across users and BSs.

Each user is assumed to know its own instantaneous CSI
for detecting the data [16, 20, 22, 23, 29], which leads to the

Z(y i), are 1id. Gaussian with E[x,, ) x{i Kol

instantaneous data-rate for user (1, k) on subcarrier n given
by

r(m,k),n
; @

H -1
= log |1+ H,, )1 F 10,0 F (). i, (.00 @ ()| o

where ©,,,, denotes the total interference plus noise on
subcarrier n given by

®(m,k),n
K
H H
=1+ ) Hy, (s F ot E iy Hom ikl 10
K'#k (3)

+ Z ZHm’(mk)nF(m B ot 0 Ho om0

m'+mk'=1

where the first, second, and third terms represent the noise
power, intracell interference power, and intercell interference
power, respectively.

2.2. Problem Formulation. Our goal is to design precoder
matrices based only on the second-order statistics of the
MIMO channels. While the second-order statistics fully
describe the statistical CSI for zero mean Gaussian channels,
it is only partial statistical CSI for non-Gaussian channels.
Defining & = {F,,j),} as the set of precoder matrices, we
formulate the weighted sum rate optimization problem as

M K N
max Ex Z Zw(m,k)zr(m,k),n
n=1

(P1)

K N
s.t. ZZtr(F(m,k),anfn)k))n):Pm, vm,

where Eg[-] denotes expectation over the channel matrices
{H,. (im0} and wy,, ) is the maximization weight associated
with user (1, k). The constraint is due to the fact that BS m1 is
subject to the transmit power limit of P,,,. Note that the power
constraint introduces coupling across subcarriers, while the
rate function given by (2) is independent for each subcarrier
and coupled across users and BSs only, a feature of OFDM
systems.
Define the covariance matrix of H,, (1), as

Qm’,(m,k),n = [EH [VeC {Hm’,(m,k),n}vec {H " (m,k), }] (4)

Unlike designing precoders based instantaneous CSI as in
[12], the precoders in & are restricted to be functions of
{1 (mj)n}- The above approach to precoder design has
several advantages It is very practical since acquiring full CSI
for all m', m, k), n induces huge communication overhead
due to CSI exchanges. Also, since the higher-order statistics
can be costly to obtain, the second-order statistics often serve
as the minimal statistics for various kinds of estimations.

In order to solve the nonconvex problem (P1), we need to
find the expectation Eg[r(,,),]. However, this expectation



makes the problem hard to analyse even for the single-
user case [16]. Therefore, it is useful to replace the objective
function by the analytically tractable approximation 7, ,
Egi[7(nx)]- Thanks to the random matrix theory, as will be
shown in the next section, we can find the deterministic
approximation 7, , ,, that allows analytical expressions for
the ergodic rate [20-23, 29]. The approximation is appropri-
ate for our problem as 7,y , is a function of second-order
statistics. While we have asymptotic convergence 7, 1), —
Ex[7(nx)] when the number of BS antennas is large, our
simulations show that the approximation is also accurate for
MIMO-OFDM systems with very small number of antennas.

We now replace the ergodic rate Eg[r(,, 4] with its
deterministic approximation 7, s, , and form the analytically
tractable problem

Wi k) ZF(m,k),n

o=

i
M=
M=

3
N
=
Ii

1
(P2)

S.t.

M=
Mz

H
tr (F(m)k),nF(m)k))n) =P, Vm.

P
I

1n=1

While analytically tractable, problem (P2) is still nonconvex.
Since the global optimum to a nonconvex optimization prob-
lem is generally hard to obtain, we will develop an algorithm
to find the local optimal solution to (P2). In the next sections,
we will first derive the asymptotic approximation 7,y
and then propose an algorithm to obtain locally optimum
precoder matrices.

3. Asymptotic Approximation of the Rate

In this section we derive the asymptotic approximation to the
ergodic rate function. From (2) and (3), it follows that the rate
function can be rewritten as

I+ Z ZHm’,(m,k),n

ml k/

T(m’k))n = +10g

“Fom k’)nFm ) H ! (mkyn| — 108 |1 (5)

+ ZZ H, (o) nFom' i), F(mk)nH ! (mk)n|
(m' k") #(mk)

To express the rate more compactly, define

A(mk [Hl m,k), F1 ny e ’Hm,(m,k),nFm,n" LR
HM (m,k) niMn] >
(6)
B(m,k),n = [Hl,(m,k),nFl,n’ e ’Hm,(m,k),nFm,k,n’ B
HM,(m,k),nFM,n] >
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in which

Fm’,n = [F( > F(m',k),n’ iR F(m’,K),n] >

m',l),n’ cee

7)

Fm,k,n = [F(m,l),n’ teeo F(m,kfl),fl’ F(m,kﬂ),fl’ o F(Wl)K)Jl] >
so that the rate r,, , ,, is formed by the difference between two

Shannon transforms as

H
Tmyn = 108 lI + A(m,k),nA(m,k),n| ®)
~loglI+B,,  BZ
g (mk);n 2 (k)| -

The Ni; x NyKM matrix A, , is associated with the total
received signal while the Ni; X Ny (KM — 1) matrix B,,, , ,, is
associated with interference plus noise.

In order to approximate Eyg[7(,,) ], we need to find the
asymptotic approximation to Ey [log [T+XX"|]. According to
the random matrix theory [21, 22, 40], the ergodic Shannon
transform of XX can be asymptotically approximated by
a deterministic function that only depends on the second-
order statistics of X. Therefore, we only need the second-
order statistics of A, x) , and B, 1, ,, to characterize 7, 1) , =
En ["(m,k),n] .

3.1. Second-Order Statistics of A, k), and By, ), We shall

now calculate the NLZJKM X Nf]KM covariance matrix of
A () defined as

Z‘(:n,k),n =Ey [VeC {A(m,k),n}vecH {A(m,k),n}] , ©))

which is associated with the total received signal, and the
Né(KM -1) x NIZJ(KM — 1) covariance matrix of B, ,
defined as

Z?m,k),n =Ey [VeC Bkt vec!! {B(m,k),n}] ,  (10)

which is associated with interference plus noise. From the
definition of A,,, , and statistical independence of channel
matrices across BSs, it follows that

"2 miom O 0
0
A :
Z"(m,k),n = Em,(m,k),n te . > (11)
L0 0 © Zpfmon

where X, 1), 18 the NZK x N3K subcovariance matrix
correspondmg to BS m' and given by
2 (mion

(12)
=Eqy [vec{H ,(mk)nF ' }vec {H / mk)nF /,n} .
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Similarly, from the definition of B,,,,, and statistical inde-
pendence of channel matrices across BSs, it follows that

—21,(m,k),n 0 T
0
EB = : . i - . 13
(mk),n — . . m,(m,k),n . > ( )
L0 0 © Ik

mion 18 the NG (K = 1) x Ni;(K — 1) subcovariance
matrix corresponding to BS m' and given by

where im,(

)y

m,(m,k),n

(14)

=Ey [Vec {Hm,(m,k),nFm,k,n} vec! {Hm,(m,k),nFm,k,n

Now, we only need to calculate the subcovariance matrices
. and £ to completely determine the covari-

m,k),n m,(m,k)n
ance matrices E?m)k))n and E?m)k))n. It is straightforward to
show that

2“m’,(m,k),n = (F;’,n ® I) Qm’,(m,k),n (F;,," ® I) ’
(15)

o

< T
St = (Funion ©1) Lonmign (Braien 1),

where Q. .1, , is defined in (4).

We remark here that, in contrast to the uplink transmis-
sion considered in [20] where each subcovariance matrix is
NyNg x NyNp, in the downlink transmission each subco-
variance matrix is NIZJK X NIZJK , s0 each dimension is approx-
imately K times larger. The increased size of the covariance
matrix is due to the fact that the downlink transmitter (BS)
has K intended receivers (users), while the uplink transmitter
(user) has only one intended receiver (BS). In addition to
this, there are N covariance matrix groups in the MIMO-
OFDM system, one for each subcarrier.

The deterministic approximation will depend on the
eigenvalues of Z?m)k),n and z?m,k),n’ so we shall define two
eigenvalue matrices. Define the Ni; x NyKM eigenvalue

matrix A?m)k))n and Ny X Ny(KM - 1) eigenvalue matrix

A?m,k),n, which are formed by stacking the eigenvalues of
Zﬁn’k)m and E?m’k))n in Ni;x1 sized columns, respectively. Such
a definition is required to apply the theorems from random
matrix theory. Note that the first dimension of eigenvalue
matrices is the receiver antenna number N,. It is easy to see
that

A
A(m,k),n: [Al,(m,k),n""’Am,(m,k),n""’AM,(m,k),n]’ 16)
16

B .
A(m,k),n = [Al,(m,k),n’ cee ’Am,(m,k),n’ cee ’AM,(m,k),n] >

where Ni; x NyK eigenvalue matrix A, .4, and Ny X
Ny (K -1) eigenvalue matrix ]\m,(m,k),n are formed by stacking

and ¥

NG

the eigenvalues of X,
columns, respectively.

in Ny x 1 sized

m,k),n m,(m,k),n

3.2. Approximation of the Rate Function. In this subsection,
we will derive the approximation to the rate based on the
random matrix theory. We start by reviewing some concepts
from the random matrix theory. For an I x J random matrix
X, the correlation function is defined as Ry(i, j;i', j) =
E[1X]; ;[ Xy 7] Define the kernel of the correlation function
by a set of orthonormal eigenfunctions vy (i, j) € C satis-
fying ¥y Rx(is jsi's /iy (s ) = Ay s ) where Ay is
the kernel eigenvalue [21]. We say the kernel is factorable if
Y1, (0s ) = i (D)vy(j) for some functions u; (i) and v;( ). Also,
define A* € R™ as the eigenvalue matrix which is formed by
stacking the eigenvalues of X = E[vec{X}vec{X}] in I x 1
sized columns. Matrices X, £X, and AX can represent A, ) >

Z?m’k)’n, and A?m’k)’n (or those of B), respectively.

Proposition 1. Suppose the following technical conditions
hold for the correlation function of X € C™: (a) its
kernel is factorable; (b) its eigenvalues multiplied by I are
uniformly bounded. Then, based on [29, Theorem 2] and [23,
Theorem 3], the random variable (1/I)log|I + XXH| will
converge almost surely to its deterministic approximation fy
for J/I fixed as I,] — oco. We have

~ .1 / T
fX:Yj_zilog(1+I[AX u]j)

17)

I
+ %glog(l +7] [Axv]i) ~ Ju'A*vloge,

where AX denotes the eigenvalue matrix andu € R, v € R’
are solutions to the following fixed point equations:

' =1(1+7[A%]), i=1,...1,
(18)
-1 _ xT .
[v; _]<1 +1[A u]j), j=1.).
Now based on this approximation technique and the
second-order statistics of A, k), and B, ., derived
previously, we can obtain the asymptotic approximation to
the ergodic rate in the following theorem.

Theorem 2. Suppose the following conditions are satisfied for
the correlation functions of A, x), and By, 1 ,: (a) they have
factorable kernels; (b) their eigenvalues multiplied by Ny; are
uniformly bounded. Then for Ny > Ny; — 0o we have

Tomgyn — T (mo)n

0, 19
Ny — (19)

in which 7,,, 1, ,, is a deterministic function given by
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NyKM
Fompn == . 108 [Voupa]
=
Ny(KM-1) Ny ? o ]
+ Z log[v(mk)n] +Z 1 Am’ ey
j=1 i=1 [u(m,k),n],
(20)
A B
+ Ny loge ([u(m,k),n]i - [u(m,k),n],‘) - Ny
1
-1 N, (KM -1 N,;KM1 (1——>,
og (Ny ( )) + Ny og KM
where u?m)k),n e RNy, vﬁn’k))n e RFMNu, u?m,k)‘n e R™, and

v?m’k)’n € REMDN gre the solutions to the following fixed
point equations:

[Wonionl; =Ny (1+ KMNy [AGuiyVonpnl,)» @D
A -1 A T A
[Vonsom] ; = NukM (1 + Ny [A(m,k),n u(m,k),n]j> > (22)

[u?m,k),n ] ,_ 1

=Ny (1+Ny (KM - 1) [A?m)k)’nv?m’k))n]i) ,
.o (23)
[Veniom] j

B T B
where i and j range according to the vector sizes.
Proof. We will apply Proposition 1 to each term in (8). Con-

sider the first term log [T+ A | in which A, 1)
CNoxNyKM

(m,k), n (m k) n
must satisfy conditions (a) and (b) of Theorem 2
in accordance with the same conditions in Proposition 1.
Since NyKM/Ny; = KM, the ratio of dimensions is always
fixed as Nz > Ny — oo. Condition Ny > Ny, guarantees
that the precoders have full column rank so (2) remains valid.
Now, from Proposition 1, the first term in (8) divided by Ny,

is approximated as

fA(m,k),n
NyKM
o 17K T A
N Z 1°g<1+NU [A(mk)n “(mk)nl)
U j=1

(24)

+ —Zlog (1 + KMNy; [A (k)Y aq,k),n]i)

A T,a A
= NyKM, 10,0 MomgornVomiorn 108 €-
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In the ﬁrst term of approximation f A, WE €3N express

[A(m . u(m falj in terms of [vén)k)’n] j using (22). In the
second term of approximation f Agn, WE can express
)i using (21). For the third

, wWe can write

A . A
(A p), nv(m,k),n]i in terms of [u, ;.

term of approximation f A

A T AA A
Yong)n Aonk)nY mkn

=2 2 [9nnl; [AGnon],; [Vomsral
i

(25)

= 2 (oo, 2 (Mool ; Voo,
i j

= 2 [Wonson]; [ MG aVimion,
1

]; using (21).

are expressed in terms of [u(m’k)’n]i,

and express [AA (mk), v(mk ]; in terms of [u (A

So all the terms in f Aot

In a similar manner, fg can be expressed
(m,k),n

Voniom]
in terms of [ufm,k))n]i, [v?m)k))n] j Forming (1 /NU)?(m,k))n =

f Aimion

tions completes the proof. O

- ?B( o along with some mathematical manipula-

Some remarks are in order. It is shown in [23] that
many channel models including the unitary-independent-
unitary (UIU) model, Kronecker model, and independent
nonidentically distributed (IND) model satisfy conditions (a)
and (b) of Theorem 2. While the approximation is guaranteed
to converge as Ny > Ny — o0, it is accurate even for
very small number of antennas (e.g., Ny = 3, Nz = 3)
as will be shown in the simulation section. The existence of
positive solutions to the fixed point equations in Theorem 2 is
proved in [21]. Computationally, the equations can be solved
numerically by iteratively substituting the value on the right-
hand side into the left-hand side. The convergence result sug-
gests that the ergodic rate Eg[r(,, ) ,] can be approximated by

Pmyne

4. Weighted Sum Rate Maximization

In this section, we develop an algorithm to obtain a sub-
optimal solution to problem (P2). We will often need to
differentiate one matrix with respect to another matrix;
therefore, to facilitate calculations, the following definition is
presented [41].

Definition 3. Let f(x) be a function mapping R" — R,
define its derivative D _f as the m x n matrix with elements

_ of; (x)

bj o ax].

[2,f] (26)
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Furthermore, let F(X) be a function mapping R™" — RF*4;
define its derivative 2xF(X) as the pq x mn matrix

DE (X) = Doy vee (F (X)) (27)

The most important property of this definition is that
the chain rule holds, which enables the differentiation of
complicated functions. Adopting this definition, we can now
seek to solve the optimization problem.

Problem (P2) is nonconvex, so a global maximum is
generally hard to obtain. Fortunately, the KKT conditions still
serve as the necessary conditions for local optima, so we seek
a suboptimal solution that satisfies the KKT conditions. To
this end, we define

. vec {Re (F(m,k),n)}
(m,k),n =
vec {Im (F(m,k),n)}

€ RZNUNBXI’ (28)

VP08 [$ninl, 1
VB, ]

(k' i <(K,N,2Nx Ny;)

[f(m,k),n] i =

where < denotes the lexicographical order of vectors. Under
this parametrization, the power constraint is automatically
satisfied since the variables are on the surface of a hypersphere
with radius /P,

Since the local optima occur at the interior of the domain
of angle parameters, the KKT condition for problem (P2) is
simplified to

M K N
~ !
Zw("kk)zgom’ r(m’k))n = 0; VYm 5
m=1 k=1 n=1
1
0, (31)
s [ 4T T T T T
= [¢(m’,l),1’ ce (p(m',l),N’ T ¢(m',K),l’ e ¢(m',K),N] 4
where 0,, € R@NoNsKN=DXI 4145 all the angle parameters

corresponding to BS ', The above expression simply states
that the gradient vanishes at any optimum point. So finding
a local optimum solution is equivalent to pursuing a set
of points Off,t, Vm' at which the gradient vanishes. In
practice, the equation for setting the gradient to zero is highly
nonlinear and it is impossible to solve it directly. However,
starting from any initial point for @,,, we can use a simple
gradient search method to increase the objective function
after each iteration and gradually approach a point where
the gradient is zero. In order to do so, we need to derive the
1X(2NyNgKN-1) vector Dg 7y, 1) ,» which is the transpose
of the gradient vector. The remaining materials of this section
will thus be devoted to the derivation of Dg 7k -

4.1. Derivation of Dg ¥, It immediately follows by the
chain rule that

(K"’ i") < (k,msi)
sin [¢(m,k’),n’ ] i’

which is the complex-real isomorphism of F,, ;, ,,. Problem
(P2) then becomes

M=

N
Wi k) 27(m,k),n
n=1

M
m~ax Z
7 m=1 k=1
(29)
K N T
s.t. Z Zf(m,k),nf(m,k),n =P, Vm,
k=1n=1

where & is a set that has complex-real isomorphism with
respect to F.

To further simplify the problem, we can reformulate it
as an unconstrained optimization. To do so, similar to [42],
we make a change of variables from £, , to the spherical

coordinates ¢, 1, , that belongs to R*NsNv if (k,n) # (K, N)

and to RN if (k,n) = (K, N). The transformation is
described by

$in (@], (omi) # (K, N,2NNy)

30
(ki) = (K, N, 2NNy ). (30)
Do, Timion = Lz, Timkrn28,, Lt o (32)
£, =0, £, 01 63
m'n = [ (m',1),n> Y 2) 0+ 0 0> (m’,K),n] .

Now we need to find @fm' n?(m,k),n and onm,?m',n in order to

form the chain rule and obtain (33). We shall find derivatives
with respect to the subvectors of f,, ,, that is, with respect
to vectors f, ;s ,. The components of QZ%, £ 4'),n can be
obtained by differentiating (30) which yields the following:

gﬂmy [f(m',k’),n]i = [f(m’,k'),n]i

[ cot [¢(m’,1),1]1 1"
cot [¢(m/)kl))n:|i71 5 (k’)n’ l) 5& (K, N, 2N125‘)
—tan [‘p(ml’kl)’n]i (34)
X 3 0
- T

[ cot [¢<m,’1),1]1 |

cot [‘/’(m’,k’),n],»,z

[ L ot [ @ wrnn) |

The components of Qf( o 7 (k) €an be found through the

complex-real isomorphism as



T

T ~
Re {QF(m/,k;),nr(m,k),n}

T —
—Im {gF 1o r(m,k),n}

(m' k" )n

(35)

D1y Tomkyn = 2

Substituting (34) and (35) in (33) completes the derivation
provided that QZF( o 7 (k) 18 available.

Calculation of 9F(m',k'),n 7(mk)n 18 more complicated since,

according to Theorem 2, 7, ), is a function of u‘gn g

V(m o u(m o and v (mIm which are in turn functions of

A?m Ko Afm’k),n. The chain rule gives

9F(m’,k’),n r(m,k),n

=D

A
o Tomo, 91\(‘“ u(mk)ngF v Nomyn

(m' k')

A A

+ @V&,k, ANonjon  (36)

. Timjon? A?m)k),nv(m,k),n@ El iy

~ B B
+ Dy Fonpon2a® o Wmgn D0 Ao

B B

* 9v?m,k)mr A(m)k),n'

(m,k),ngA?mk)mV(m,k),n@l:(mryk/)Yn

There are three derivatives involved in each term of (36). In
what follows, we shall calculate each of them.

4.1.1. First Chain of (36). The first chains can be obtained by
differentiating 7 ,, 4, ,,» as given in Theorem 2, which yields

A -1
g[umk)n] (mkn =~ ([u(m,k),n],- - NU) loge,
B -1
D 1 ombon = ([“(m,k),n],- - NU) loge,
(37)
Dy, VA ol k) = [V(mk)n] loge,
Ds o 1T g = = [V, ] loge.

4.1.2. Second Chain of (36). The second chains can be
obtained by differentiating the fixed point equations given in
Theorem 2. It can be shown that

A
< (A, il BOmk)1

= -KNyM
A U
& [Af\m,k),n]h,zv(m,k),n
A 2 A -1
U(m k).n KNUMA(m,k),n
X
2 A T A
KN, MA(m k) V(m,k),n

[Vztn,k)m] ehNU
[u?m,k)m] eIKNBM ’

B
DBy, Yomrn | KM - 1) N,

B
? (AR, ol Y OmK) 1
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B 2
U(m,k),n (KM ) N (m k),n
X
2 4B T
(KM = 1) NGA G0 Viondom
B N;
y [Voniom €
(KM-1)N, >
[“(m k)n] € ’

(38)
where e;’ denotes the Ith standard basis vector in R” and
Y AR L ol

A -2 A -2
{[v(m,k),n]l e [V(m,k),n]KNUM} ’
L (39)
{ [Wnion] NU} ’

V(m k)n = d'ag [v?m,k),n]lz 2 [v?m,k)’n];;Mfl)NU} :

4.1.3. Third Chain of (36). Using the chain rule together with
(16), we have

A
F(m’,k’),nA(m’k)’”

0
= 92m; ko Am',(m,k) ngF ' &) Em’,(m,k),n >
0
B
F(ml’k/))nA(m,k),n
. 0 (40)
!
92m, (i Am',(m,k),ngF(m/ o )nzm',(m,k),n , m o Fm,
3 0
0
< < ’
@im‘(myk)‘nAm,(m,k),n@l:(myk:)ynEm,(m,k),n > m =m.
0

We now need to calculate the terms in the above formulas.
Note that the nonzero terms in the above matrices are equal to
Dy, My iy and D expressed through

om' " n (mk" )
the cham rule

Based on the results in [41], the derivative of the eigen-
values with respect to the matrix can be explicitly written as
a function of the eigenvectors, so we obtain

Am,(m,k),n

gEm;,(mk) A " (m,k),n

T 1 * 1 T
vec {tum’,(m,k),n B (mk)n }

* KN2 T}

N2
VEC ‘u " (mk).n ” ! (mk),n
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D5, A

k) (1K)

T (o1 * o] T
Vee 1M mikyn Bmmk)n

T
T | S (K-D)NE ™ _(K-1)N?,
vec {lum,(m,k),n m,(m,k),n

(41)

where Hin’,(m,k),n and ﬁin)(m,k))n denote the ith eigenvector of

2 mgyn A0 Xy (0 TESPECtively.
Finally, differentiating (15) and using the results in
[41], we obtain the formulas for SZF(M,)k,)’nEm,)(m’k)’n and

Dr im,(m,k),n given by

(mk")n

—H 1/2 *
2 chkf),nzm”(m’k%n - {[(FM’M ® INu) (Qm',<m,k>,n) ]

ol

® IKNLZJ} x KNUNB’KNLZI {ekK ® [( m',(m,k),n ® INLZJ)

’ (INB ® KNU’NU ® INU) (INUNB ® vec {INU})

(42)
Dr, 0, Zmmiorn = {[(Fﬁkn ® INU) (err{,z(m,k),n)*]
® I(K—I)Nf,} X K N 1N, (Ui
® [( Qi @ Ing) (I, @ Ky, v, ®1y, )
(T, ® vee {l }) Ky, ]

in which K;; is the commutation matrix defined in [41]
satisfying K jvec{X} = vec{X"} for every matrix X € C*,
and

eg_l kK <k,
uk)k’ = ek/ 1 k’ > k: (43)
OK*I k’ = k.

With all the chains derived, (36) is completely characterized
which in turn enables an explicit expression for 7
given by (33).

myk),n

4.2. Local Optimum Solution. With the gradient Dy 7, 1),

computed, a gradient search method can be applied. We now
propose Algorithm 1 to find a local optimum solution for
problem (P2).

Algorithm 1 is not limited to multicell networks with
partial cooperation, so with small modifications it can be used
for precoder design based on statistical CSI for networked
MIMO systems. In networked MIMO, in addition to the
channel statistics, it is assumed that each BS has all the
transmit data, so the whole system can be viewed as a MIMO
super-cell with statistical CSI at the transmitter.

5. MIMO-OFDM Kronecker Channel Model

While the results obtained so far are valid for general
correlation channel models, in this section, we will reduce
the results to a more compact form with less computational
complexity by considering the Kronecker channel model.
The Kronecker model arises in practice when the immedi-
ate surrounding dominates the spatial correlation and the
intermediate scattering clusters exist in a narrow angular
range seen from the antennas [34, 39]. We shall start by
describing the MIMO-OFDM channel and expressing it with
the Kronecker structure.

5.1. Statistical Representation. A wideband MIMO channel is
characterized by L channel taps Hy,...,H; ; € C™/. The
channel matrix on the nth subcarrier is then given by H,, =
Y1) Hye #™IN ¢ ¢ Now the correlation among channel
taps is given by the tap correlation matrix Y € C™* that is
defined as [Y];; = [E{[ﬁ,],-)j[ﬁk];’j,}, Vi, j,i', j'. On the other
hand, the Kronecker model assumes that the correlation of
transmitter side and the receiver side is separable, so for each
channel tap H;, we have [E{[Hl]i,j[Hl]:})j,} = [R];y [T]j,].,

where R € C™ and T € €’ are receiver and transmitter
correlation matrices, respectively. Based on the above defini-
tions, it is easy to show that the channel correlation matrix on
subcarrier # is given by

Q,=E {Vec [H,} vec" {Hn}} =w (TeR) e C"Y,

Y o H
n

w, =w, Yw,, (44)

w, = [e—jZTm(O)/N’ . e—j2rm(L—1)/N]T _
Therefore, the channel correlation matrix Q,, is characterized
by the Kronecker product of transmitter and receiver corre-
lation matrices T and R, multiplied by the quadratic form
w;{ which depends on the tap correlation matrix and the nth
Fourier vector. Finally, the following statistical representation
can be considered for the channel:

H, =R"’H, [(Y"w,) e '], (45)

where H,, € C"/" is a white random matrix whose elements
are uncorrelated with zero mean and unit variance. Through
the properties of the Kronecker product, the above statistical
representation yields Q,, = wZ(T ® R). We shall use (45) to
describe the MIMO-OFDM Kronecker channel model.

If the channel taps are uncorrelated, Y is diagonal and
Y becomes independent of ; hence, the channel correlation
function Q, is the same over all subcarriers. However,
whenever the channel taps are correlated, Y is not diagonal
and channel statistics are different on each subcarrier. Since
the precoders depend on the channel statistics, when there
is tap correlation, the MIMO-OFDM precoding matrices are
frequency dependent which limits the system performance
(17, 31-34]. But when there is no tap correlation, precoders
are the same across all frequencies. We shall study the effect
of tap correlation on the system sum rate in the simulation
results section.
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(1) Initialize:
initialize 0,
(2) while stopping criterion not met do

(8) return F 1 ;) ., Vm';

1(0), Vm' and t « 0;

3) compute F, ) , Vm K nusmg (28), (30);

(4) solve for TR v(m,k),n’ u(m)k),n, v(m’km, Vm, k, n, using Theorem 2;

(5) compute Do ,7(m j ¥’ m, k, n using (33);

(6) 0,,(t+1) — 8,1 +al) DY Frpm ¥m and t — t +1;
mkn (m,k) Gml (m)k),n

(7) end while

ALGORITHM 1: Gradient search solution to problem (P2).

5.2. Eigendecomposition under Kronecker Model. Based on
(45), the downlink channel matrix between BS m' and user
(m, k) can be expressed as

H, [(Yr"{2 ® TY?

m',(m,k) (46)

1/2
H ’(mk)n :Rm

! (m,k) (m, k) )

where R, 1) € Nt
CLxL

,T 3 GCNB B andY ’(m,k)e
are the corresponding recelver, transmitter, and tap
correlation matrices, respectively, and H, € CNv*MNsl jg o
white random matrix whose elements are uncorrelated with
zero mean and unit variance. Obviously, we have Q,, (.. 1) , =

Y
@n" " (Tt iy ® Rt ) that along with (15) yields

Ym/ (k) =T —x
Z ot = 0" " (B Tt i B ) @ Rot iy

(47)

Ym m =T Rt
Lo mfon = Wy (Fm,k,nTm,(m,k)Fm,k,n) ® Ry k-
Observe that the above subcovariance matrices decompose
into a separated form, so their eigenvalue matrices admit the
following decomposition:

Ym’ J(m,k) T
Am',(m‘k),?l = Wy Am /1 m' (mk),n (48)
A Ym, 1,
Am)(m,k),n =W, ol Am Am J(mk)n 2

in which the vector /\ mg) € CNoX! holds the elgenvalues of
R,/ (mk)> and the vectors /1 " mkn € CKNod gnd AT €

CK-DNy

m(mk)n

and

! hold the eigenvalues of F,; T, ., oF,.

kanTm (mk)kan’
AA ! (k) and A®
(16).
Computationally, we no longer need to compute the
¢ CKNGXKNg

respectively. Now the eigenvalue matrices
, can then be found by inserting (48) into

m,(m,k

eigenvalues of very large matrices X

9 2 2
and X, 000 CKDNGE=DNG byt instead, we need only
compute the eigenvalues of the lower dimensional matrices

Ry gy € CVNE T, F

m,n=m,

m',(m,k).n

KNyxKNy
E,, €C , and

Fm’k,nTm’(m,k)lE;,k,n e c®V N”X(K UNu Using the above ei-
gendecomposition, the computational complexity is reduced
from O(K>Ng)) to O(K°Np)).

5.3. Derivation of Dg Ty 1), under Kronecker Model. The
procedure given in Section 4.1 can be applied here with
great simplifications for 91=< o A(m k.n and QZF( ,’k,)ynA?m,k)’n
which constitute the third chaln of (36) computed in
Section 4.1.3. Note that the third chain was the most compli-
cated component of the derivative. Considering (16), it suf-

fices to find QZF(M,,k,)’nAm,,(m k), and 9F(m,k’),nAm (). 1t Can
be shown from (48) that
9F(m’,k’),n m',(m,k),n
Y S
T [—1 —1 T
vec xum’,(m,k),nxum',(m,k),n
X
_KNy  —KNy T
VEC ” ! mk)n”m J(m,k),n
=H 172
x (B T2 @ Tey,)
K 1/2
X K, kv, (ek, oIy, ®T,, m k))
(49)

9F(m,k;MAm,(m,k),n

= 0" (T, ® Ay i)

T (.1 o1 T
VEC B im ) nbrm(mn

(K-1)Ny; « (K-1)N;
vec {F‘m (b (m k) }

(anTj,{Zm o © Ly, )

172
X KNB)(K*UNU (uk’k’ ® INU ® Tm ,(m, k))

where yin (ko and [2'm (i denote the ith eigenvector of

&
T . k)Fm, , and Fm ko L (m, k)Fm ro Tespectively, and

uk v was defined in (43). Using the above equations, the

computational complexity is reduced from O(KN{Np) to
O(KNyNp).
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6. Intercarrier Interference

In this section, we allow ICI among OFDM subcarriers. The
case without ICI is then a special case of this scenario. The ICI
occurs when there is carrier frequency offset due to synchro-
nization errors and Doppler shifts [1, 38, 43]. This leads to loss
of orthogonality among subcarriers which introduces more
interference to the system. To accommodate our method to
this situation, we will approximate the rate under ICI and
then extend the proposed algorithm to facilitate the precoder
design with statistical CSI.

6.1. System Model and Problem Formulation under ICI. When
there is ICI, the received signal at user (i, k) on subcarrier n
can be modelled as

Z A /pnl ,nHm’,(m,k),n' F(m',k’),n’ X(ml,kl)’nl

m' k' ' (50)

Y(m,k),n =

T Zon gm0

where [p,s ,| < 1 models the power leaked from subcarrier

#' to subcarrier n due to the ICI. Following [1], we model the
ICI through the normalized frequency offset denoted by 0 <
€ < 1, which is the ratio of the actual frequency offset to the
intercarrier spacing. It is shown in [1] that p,s , relates to the

€ by
sin (7‘[ (n' -n+ e))

Prin = (N sin ((m/N) (n' =n+e¢))
) (51)

afin(s- )

Here at the receiver, in addition to the summations over n,
k' that model intercell and intracell interference, the received
signal over subcarrier n depends also on all other subcarriers
through ICI and thus the summation over #’. Note that the
formulation reduces to that of the non-ICI scenario when € =
0, or equivalently p,, , = 8, .. The achievable instantaneous
data-rate under ICI for user (m, k) on subcarrier » is then
given by

I+ z |Pn’,n|

m' k'

ICI
Tompon =+ log

. Hm’,(m,k),nF(m’,k’), F m X ) nH ’ (m,k)n log I

)

(m' k' n")#(m,k,n)

|Pn',n| H, omjon

H H
’ F(m’,k’),nF(m',k'),nHm',(m,k),n

If we define
Apnjon = [\/Pl,nHl,(m,k),1F1,1> s

. \/pn,nHm,(m,k),nﬁm,n’ LR

VPN 1 g NFns

\/Pl,nHM,(m,k),ll_:M,p RERR

11
\/PTJLHM,(m,k),NﬁM,N] >
E(m,k),n = [\/PT,nHl,(m,k),lE,p EEE] \/PT,HHI,(m,k),NFI,N’
s AP Ho i Emiers - > APLaHM g1 Ft 1 - >
WHM,(m,k),NFM,N] ,
(53)
then we can write
Pt = 108 |1+ AimionA i
(54)

~ ~H
—log 'I + B Bonin

Based on this result, we can utilize the same random matrix
method employed for the non-ICI scenario to derive the
approximated rate ?%rcn{k))n = [EH[rggk) 2

The optimization problem we con51der is similar to (P1)
but using the rate under ICI, that is, r( .- As before, we
replace the rate r(m jo. DY its appr0x1mat10n r(m k), fOF tracta-

bility. Therefore, the following optimization problem is
formed:

~ICI
T (k)

B

>
M=
M=
Mz

3
I
o~
~
ii
—

Wik

11
—_

n

(P3)

s.t.

M=
Mz

H
tr (FoppomFomiom) = P V.

=
I
—
B
Il
—

6.2. Second-Order Statistics under ICI. Due to the ICI, in
addition to per-carrier statistics, the BSs now share the addi-
tional information of cross-carrier correlation. Specifically,
the cross-carrier covariance matrices,

an’,(m,k),nl,nz

2 Eq [VCC {H (k) }VeCH {Hm’,(m,k),nz}] >

are assumed to be available at all BSs. This additional
information is important for the BSs to suppress the ICI.
For Kronecker model, the transmitter, receiver, and tap
correlation matrices are sufficient because we have

(55)

Q ! (m k) 1,1, wnlmnz(mk (Tm’,(m,k) ® Rm’,(m,k)) (56)

m S(m,k)
with w,,”,] wfj Yo ) W,

We will now find the second-order statistics of K(m k)

and ﬁ(m,k)’n which depend on Q . It can be shown

m'(m,k),nyn,

that
A
2“(m,k),n
. ICI ICI ICI
= diag {21,(m,k),n’ s ):m,(m,k),m R ZM,(m,k),n}
_ (57)
B
z“(rn»lc),n

. ICI oICl ICI
= dlag {21,(m,k),n’ [N Em,(m,k),n’ ceey zM,(m,k),n}
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where Zﬁ( L Zm (myk)n are block matrices holding N 2
blocks with block (1, 1,) given by

ICI(ny,m,)
m',(m,k),n

= V pnl,npnz,n

g (58)
(Fm' n ® INU) Q " (m,k),ny,n, (Fm’ n ® INU) >
< ICI(ny,m5) H
m(mk)n \/Pnl,npnz,nUm,k,nl Qm,(m,k),nl,anm,k,nz’
. =T _ o
with U, ;5 = F, - ® Iy, Vi # n, and U, ;- = kan ® Iy,
Vn + n.
Finally, we define the eigenvalue matrices as
A ICI ICI ICI
A(m,k),n = [Al,(m,k),n’ s ’Am,(m,k),n’ B ’AM,(m,k),n] >
5 ICI (59)
B ICI % ICI
Apngon = [Al,(m,k),n"’"Am,(m,k),n’ "AM,(m,k),n]’
where Ni; x Ny KN eigenvalue matrix Af,l’(m pn and Ny X

u1c1
Ny(K - 1)N eigenvalue matrix A, are formed by

Yl
stacking the eigenvalues of E ! (ko and £ in Ny x1

sized columns, respectively.

m(mk)n

6.3. Rate Approximation under ICI. Using the second-order
statistics derived above, and by extending Theorem 2, we
present the rate approximation under ICI in the following
corollary.

Corollary 4. For Ny > N; — oo we have

rICI —r-ICI
(m,k),n (m,k),n -0, (60)
NU

R . 4 ~ICI . L. . R
in which ¥, ,, is a deterministic function given by

NyKNM ~
_ICI A
r(m,k),n == Z lOg [v(m,k),n]j
=1
Ny(KNM-1) . Ny [“?m . ]
+ Z log [v(m’k)’n]j + Z log —
=1 i=1 [ Wiom, k)n]
(61)
A B
+ Ny loge ([u(m,k),n]i - [u(m,k),n]i) - Ny
-log (Ny (KNM - 1)) + NyKNM log (1
_ ;>
KNM )/’
where u‘én,k)‘n € RN, vén’k)’n € RFNoMN, u?m’k),n € R™, and

v?m’k)’n € RENM-DNG gre the solutions to the following fixed

point equations:

Wireless Communications and Mobile Computing

], =N (1 NN [0 ])

i
i -1
[V(m,k),n ] f

~ T -~
A A
= NyKNM (1 + Ny [A(m)k),n u(m)k))n]),

= -1

B
[u(m,k),n]i (62)
B B
= Ny (1+ Ny (KNM - 1) [A(m’k)’nv(m’k)’n]i) :
Vo],
Vimkn j
8 T8
=Ny (KNM-1)(1+ Ny [A(m,k))n u(m’k),n] s
j

where i and j range according to the vector sizes.

6.4. Weighted Sum Rate Optimization under ICL. After the
change of variables to spherical coordinates in a similar
manner to Sect1on4 the KKT condmons for (P3) are
PRI L Wnk) P 1%, r(fnlk)n = 0, ¥m'. Under ICI, the
rate is a function of precoders over all subcarriers and not just
n, so the gradient is modified as

Dy Ko (63)

N

99,", ﬁrcnl,k),n = Z 9@”, n,’flfqlk) n

z :

Here, due to the ICI, we need to sum over all subcarriers to
calculate the gradient function. The above derivative can be
obtained with the chain rule in a similar manner to Section 4;
however, we need the derivatives with respect to all sub-
carriers and not just #, as is seen from (63). Another difficulty

. . . ICI
involved under ICI is the calculation of 9F(‘m’,k’),n' A mion

< ICI
and @F(m,k’),n' Am,(m,k),n
without ICI. We shall only derive the above two terms under
ICI because other terms are straightforward to find.

For general channels, it can be shown that

which are rather different from the case

ICI
F ol ko Am’,(m,k),n

T (.1 * 1 T
vec {ym’,(m,k),n ym',(m,k),n } Y.,

n,l

T
T | KNNZ T KNNZ Y.,
vec {ym’,(m,k),n ym’,(m,k),n N

< ICI (64)

Eoiya " m(mk),n

T (<1 * o1 T 5
VeC 1Y, (mim Ym,(mi)n Y.

r [oxn-yN2* _kn-nz T ‘
vec {ym,(m,k),n m,(m,k),nU Yy

where yin,)(m’k)m and f/in)(m,k)’n are the ith eigenvectors of

ICI
Zﬁ(m,k)’n andX ., respectively, and Y,/ ; are given by
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T
i = Pl nPrn KNz kNN [ (F /~®INU) Q, ! (o' i © TKNZ 0] (INB ®KNU,KNU)
K
X (IKNUNB ® vec {INU}) KNB’KNU (ek' ® INUNB) >
K 2 2 n= n’ (65)
. (K-1)NZ,(KN-1)NZ > T T
¥, = B [0 Uy o) (1, @Ky o)
KNZ,(KN-1)NZ > n#n
T
X (T, @ vee Iy, ) K iy, [0 T, 0]
For Kronecker channels, it can be shown that Wm’(m,k),n
ICI L ICI .
9F<m’,k'>,n’ Am’,(m,k),n and 9F(m,k’)ml Am)(m»k):" are given by i TY1/2 £ T2 T
PLaW1 Lo mg) ® \ Em1 Lo m i)
ICI R
DE i 0 Bt o = (Tienigy @ Ao 1)
T [pl * nl T T
vec {Bm’,(m,k),n But imjon } = \/_pnanY}ﬂ/z(m k)®< mkn L m/z(m 0 ) ,
(Wm’,(m,k),n
T [ pKNyN  * oKNgN T T
vee {ﬁ o Pt oo } | VPN oy ® ( oo ) |
NK 67
® IKNUN) X KN, KNy N€Gr - 1) K+ (67)
; i
®[ o (KNU,L®INB) and B on a4 B, are the ith eigenvectors of

12 T
<Vec {Ym " mk) } w, ® INBNU>

1/2
’ (INU ® Tm ,(m, k))] (66)
< ICI R
DE iyt Dstmprn = (INU(KN—I) ®/‘m,(m,k))

1 *o1

T
T
vec {ﬁm,(m,k),n pm,(m,k),n }

1
® INU(KN—I)) X K, Ny (kN-1) VK !

® [\/pn',n (KNU,L ® INB)

2 T 1/2
. <vec {Ym’(m,k) }W ®ly NU> (INU ® Tm mk))]

in which

(Wi
< Ny(KN-1)*

T
vec {ﬁm,(m,k),n

< Ny (KN-1)
m,(m,k),n

w m' (m,k),n

1/2 12 T
\/plnwlYm () ® (F R S, )

1/2 ( TI/Z T)
VPN Y, )

W, (miyn and Wm,(m)k),n, respectively, and

Vkl’nl
eNK-1 ' ,
e ko M- DEK+k<(n —1)K+K, )
= e e -DK+k> (0 —1)K+K,
Onk-1> (”-1)K+k=(n'—1)K+k’,

The computational complexity is greatly reduced for the Kro-
necker channel model from @(KzNé,N) to O(LNzKNyN).

We can now propose Algorithm 2 to find a suboptimal
solution to (P3). Note that this algorithm is computationally
more cumbersome compared to Algorithm 1, since the num-
ber of components in |, ?%,Cnl)k))n is N times larger due to the
ICL

7. Simulation Results

In this section, we demonstrate the approximation accuracy
and evaluate the performance of our algorithms. We con-
sider a downlink multicell MIMO-OFDM system, where the
number of cells and users in each cell is set to be 4, and the
number of subcarriers is set to 8, that is, M = 4, K = 4, and
N = 8. The number of antennas for users and BSs is set to
3 unless stated otherwise; that is, Ny = 3 and Ny, = 3. The
users are uniformly distributed in cells with 0.5 Km radius.
Without loss of generality, the weighting for the sum rate
maximization is uniform in the simulations, that is, Wik =
1/NM, Vm, k. We assume the power constraints are the same



14

Wireless Communications and Mobile Computing

(1) Initialize:

initialize 6, (0), Ym' and t « 0;

(2) while stopping criterion not met do

(3) compute F, 1), vm' k' n using (28), (30);
(4) solve for u?m)k),n, V?m,k))n, u?m,k))n, me,k),n’ Vm, k, n, using Corollary 4;
(5) compute Dy ,’r'g)k),n, vm',m, k,n using (63);

(7) end while
(8) return B,y 1) ., Vm';

(6) 0,(t+1)—0,,0)+alt)), . w(m’k)SZeT ,?{fnl,k),n’ vm' andt « t+1;

AvLGoriTHM 2: Gradient search solution to problem (P3).

for all BSs, that is, P,, = P, Vm. Since the noise power was
normalized to unity, the transmitter signal-to-noise ratio is
SNR = 10log,,P.

We consider the Kronecker channel model introduced in
Section 5 with correlation matrices

2
@ li—jl
[Tm’,(m,k)]i,j = ( ) Pr 7,

dm’,(m,k) (69)

2

a li—j
R b \dy o )
[ m’,(m,k)]l,] (dm’,(m,k)) e

in which d,, . denotes the distance between BS m'
and user (m,k), and pg, pgp are the spatial correlation
factors as defined in [44]. The constant « is chosen so that
El(a/ dm:(m,k))z] = 1. While not explicitly specified, we also
choose pr, pg to be random and uniformly distributed in the
interval [0.5,1] for each user. The tap correlation matrix is
chosen as

li=j
[Ym',(m,k)]i,j = \/YinP; ]’ (70)

where py is the tap correlation factor and ZiL:1 y; = 1 with
yi/yis1 = 3 dB as defined in [34]. The number of channel taps
is assumed to be 3 throughout our simulations; that is, L = 3.
The ICI is modelled according to (51).

71. Approximation Accuracy. We compare the exact ergodic
sum rate obtained by simulations and its approximation
given by Theorem 2 or Corollary 4. The results are depicted
in Figure 2, where it is seen that the approximations are
extremely accurate. Note that although the approximations
are asymptotic, exceptional accuracy is observed for our small
size MIMO system (N = 3, Ny = 3); this fact justifies this
approximation approach for practical antenna sizes. It is also
seen that the approximation is accurate across a wide range
of SNRs.

7.2. System Performance. Now we demonstrate the perfor-
mance of our proposed method given by Algorithm 1, which
is based only on statistical CSI at the BSs. For comparison, we
shall also depict the results of two other methods. First, the
results of the algorithm are based on perfect instantaneous
CSI proposed in [12], which assumes the same system model

Weighted sum rate (bps/Hz)

O Simulation, € = 0%
—— Approx. Theorem 2, € = 0%
0 Simulation, e = 10%
Approx. Corollary 4, € = 10%
{  Simulation, € = 20%
Approx. Corollary 4, € = 20%

FIGURE 2: Approximation accuracy for the ergodic sum rate.

as this work but with full CSI at the BSs. Second, the results
of networked MIMO are based on statistical CSI, where, in
addition to the channel statistics, it is assumed that each BS
has all the transmit data, so the whole system can be viewed
as a MIMO super-cell with statistical CSI at the transmitter.
The above two systems obviously require much heavier BS
coordination, but as we shall see, our method competes with
them. As mentioned before, our proposed algorithm is not
limited to multicell networks with partial cooperation, so
with small modifications it can be used for precoder design
based on statistical CSI for networked MIMO systems.
Figure 3 depicts the results where it is observed that
although our method uses statistical CSI with limited BS
cooperation, the achievable weighted sum rate is comparable
to that with full CSI and networked MIMO for a wide range of
SNRs; note that statistical CSI incurs a much lower signaling
overhead and requires less frequent update compared to full
CSI. Here, we also see the results for different tap correlation
factors. While tap correlations degrade system performance,
using our method to incorporate the correlation information
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Stat. CSI networked MIMO, py = 0

Stat. CSI networked MIMO, py = 0.8

Full CSI method in [4], py = 0

Full CSI method in [4], py = 0.8

Stat. CSI Algorithm 1, py = 0

Stat. CSI Algorithm 1, py = 0.8

Stat. CSI Algorithm 1 neglecting Y, py = 0.8
No precoding, py = 0

No precoding, py = 0.8

POt ot ey

FIGURE 3: System performance under different conditions.

into precoder design alleviates the performance loss as seen
in Figure 3. Moreover, it is observed that lack of knowledge
about the tap correlations or neglecting them (assuming
uncorrelated channel taps) leads to performance loss. When
no precoders are employed (identity matrix precoding), there
is a huge disadvantage, so precoder design is crucial in the
MIMO-OFDM system.

7.2.1. Correlation Factors. In Figures 4 and 5, we investigate
the effect of tap correlation and spatial correlation factors
on the system performance. We see that both tap correlation
and spatial correlation decrease the weighted sum rate.
However, the spatial correlation shows more prominent effect
on the sum rate. It is seen that as long as the correlation
information is incorporated into precoder design via our
proposed algorithm, the performance loss is not significant
for a wide range of correlation degrees. It is noteworthy to
mention that the performance loss becomes slightly larger at
lower SNREs.

7.2.2. Number of Antennas. Figure 6 shows the sum rate as
the number of transmitter antennas N increases; here the
number of receiver antennas is fixed to N, = 2. The weighted
sum rate is seen to increase with Np. As it is seen, the slope of
performance increase for Algorithm 1and that of the method
in [12] based on full CSI is similar as Ny increases. This
suggests that our proposed method is reliable for arbitrary
large MIMO-OFDM systems.

7.3. System Performance under ICI. Now we present the
system performance when there is ICI. Due to the cross

15

Weighted sum rate (bps/Hz)

-©- Full CSI method in [4], SNR = 25 dB
—»— Stat. CSI Algorithm 1, SNR = 25dB
31— Full CSI method in [4], SNR = 20 dB
—%— Stat. CSI Algorithm 1, SNR = 20 dB
Full CSI method in [4], SNR = 15dB
—A— Stat. CSI Algorithm 1, SNR = 15dB

FIGURE 4: Impact of tap correlations.

16 T T T T T T T T T

Weighted sum rate (bps/Hz)

0 . . . . . . | . .
0o 01 02 03 04 05 06 07 08 09 1

P=pPr=rpr

-©- Full CSI method in [4], SNR = 25dB
—— Stat. CSI Algorithm 1, SNR = 25 dB
3~ Full CSI method in [4], SNR = 20 dB
—%— Stat. CSI Algorithm 1, SNR = 20 dB
Full CSI method in [4], SNR = 15dB
—A— Stat. CSI Algorithm 1, SNR = 15dB

FIGURE 5: Impact of spatial correlations.

interference from other subcarriers, the sum rate decreases as
is seen in Figure 7. It is seen that, for nonnegligible FO, there
can be a serious decrease in the sum rate. However, smart
precoder design implemented by Algorithm 2 can suppress
ICI and achieve a reasonable sum rate. It is observed that
the performance gain of our method over the nonprecoding
scheme increases with SNR. Moreover, the advantages is
more pronounced for smaller frequency offsets. However, we
note that the gap between ICI-free system and system with
ICI also increases with SNR.
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—6— Full CSI method in [4], py = 0
—*— Full CSI method in [4], py = 0.8
Stat. CSI Algorithm 1, py = 0
-A- Stat. CSI Algorithm 1, py = 0.8
-+~ Stat. CSI Algorithm 1 neglecting Y, py = 0.8

FIGURE 6: Impact of number of antennas.
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No precoding, € = 10%
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FIGURE 7: System performance under ICL

In Figure 8, we plot the weighted sum rate versus the ICI
intensity factor for SNR = 15 dB. We see that the system sum
rate is highly sensitive to ICI for small e.

74. Convergence Rate. Now we compare the convergence
rates for the Algorithms 1 and 2 for SNR = 15dB and € =
0%, 1%, 10%, and 20%. The initial precoders are chosen to
be the identity matrix. Under various degrees of ICI, we
see from Figure 9 that Algorithm 1 always converges faster

Wireless Communications and Mobile Computing

Weighted sum rate (bps/Hz)

0 10 20 30 40 50
€ (%)

—x— Stat. CSI Algorithm 1
—#%— No precoding

F1GURE 8: Impact of ICI intensity.

Weighted sum rate (bps/Hz)
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Iteration

—x— Algorithm 1, € = 0%
—=— Algorithm 2,e =1%

~%— Algorithm 2, e = 10%
—©— Algorithm 2, € = 20%

FIGURE 9: Convergence rate of Algorithms 1 and 2.

than Algorithm 2. When there is ICI, the convergence rate of
Algorithm 2 is similar for various degrees of ICI.

8. Conclusions

We investigated linear precoding for downlink multicell
MIMO-OFDM systems based on statistical CSI. The main
contribution of this work was applying the already established
results of random matrix theory to the MIMO-OFDM sce-
nario in order to study the impact of frequency selectivity,
tap correlations, and ICI on the statistical precoder design
and system performance. The asymptotic approximations to
the ergodic rates in ICI and ICI-free scenarios were derived,
based on which, we formulated two nonconvex sum rate
maximization problems and proposed locally optimum gra-
dient based solutions to them. Simulation results showed that
while spatial correlations, tap correlations, and ICI decrease



Wireless Communications and Mobile Computing

the system sum rate, our method alleviates this performance
loss by incorporating the correlation information and ICI
intensity information into the precoder design.
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