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Abstract

In this work, we consider the sum rate performance of joint processing coordinated multi-point trans-
mission network (JP-CoMP, a.k.a Network MIMO) in a so-called distributed channel state information
(D-CSI) setting. In the D-CSI setting, the various transmitters (TXs) acquire a local, TX-dependent,
estimate of the global multi-user channel state matrix obtained via terminal feedback and limited
backhauling. The CSI noise across TXs can be independent or correlated, so as to reflect the degree to
which TXs can exchange information over the backhaul, hence allowing to model a range of situations
bridging fully distributed and fully centralized CSI settings. In this context we aim to study the price of
CSI distributiveness in terms of sum rate at finitt SNR when compared with conventional centralized
scenarios. We consider the family of JP-CoMP precoders known as regularized zero-forcing (RZF). We
conduct our study in the large scale antenna regime, as it is currently envisioned to be used in real 5G
deployments. It is then possible to obtain accurate approximations on so-called deterministic equivalents
of the signal to interference and noise ratios. Guided by the obtained deterministic equivalents, we
propose an approach to derive a RZF scheme that is robust to the distributed aspect of the CSI, whereby
the key idea lies in the optimization of a TX-dependent power level and regularization factor. Our analysis
confirms the improved robustness of the proposed scheme with respect to CSI inconsistency at different

TXs, even with moderate number of antennas and receivers (RXs).
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I. INTRODUCTION

Joint processing CoMP, whereby multiple cooperating TXs share the data streams and perform
joint precoding [1]], are considered for use in current and next generation wireless networks.
Theoretically, with perfect data and CSI sharing, TXs at different locations can be seen as a
unique virtual multiple-antenna array serving all RXs in a multiple-antenna broadcast channel
(BC) fashion and well known precoding algorithms from the literature can be used [2]]. However,
in real systems both the feedback through the wireless medium and the information exchange
through the backhaul place a burden on overall resources and must be limited.

Joint processing CoMP under limited feedback and imperfect backhaul (or fronthaul for
cloud radio access network, a.k.a C-RAN systems) has been investigated in many works. In
[3], [4], the capacity limited backhaul is considered and an information theoretic analysis of
the system performance for joint processing CoMP is provided. In [5]—[7], the compress-and-
forward schemes, cooperative beamforming and resource allocation for a C-RAN with capacity-
limited fronthaul links are considered. In [8[]-[10], the effect of imperfect CSIT due to limited
feedback and/or delay is investigated in a single TX multiple antennas broadcast channel setting.
In [11]], [12], precoder designs for the joint processing CoMP with limited backhaul are provided.
However, most of these contributions typically assume a centralized CSIT setting, i.e., the
precoding is done on the basis of a single imperfect channel estimate which is commonly known
at every TX.

This assumption of a centralized computing unit is relevant in the so-called C-RAN architec-
ture, yet it is more and more challenged in other forms of networks where a pre-existing optical
fiber backhaul is lacking or is considered too expensive in terms of CAPEX. Other emerging
deployment scenarios are those with a fully heterogeneous infrastructure where the network’s
edge is composed of not just fixed macro base stations but also small cell base stations, mobile
(possibly flying [13]) access points or relays. In such settings, exchanging CSI over limited and
unreliable backhaul is likely to lead to additional quantization noise and latencies. As a result,
the global downlink CSI estimate collected by any TX is unique to that TX, although the CSI

noise can exhibit some degree of correlation from TX to TX. In the rest of this paper, we refer



to this setting as a Distributed CSI setting, which considers implicitly the possible correlation
between the estimates. In this context we are interested in the design of a distributed precoder
whereby each TX computes the elements of the precoder used for its transmission based solely
on its own channel estimate.

From an information theoretic perspective, the study of joint processing CoMP in D-CSI
setting raises several intriguing and challenging questions.

First, while the JP-CoMP with perfect user message sharing is akin to the information theoretic
MISO broadcast channel, the capacity region of the broadcast channel under a general D-CSI
setting is unknown. In [14], a rate characterization at high SNR is carried out using DoF
analysis for the two TXs scenario. This study highlights the severe penalty caused by the lack
of a consistent CSI shared by the cooperating TXs from a DoF point of view, when using
a conventional precoder. It was also shown that classical RZF [15] do not restore the DoF.
Although a new DoF-restoring decentralized precoding strategy was presented in [14] for the
two TXs case, only partial results are known for the case of an arbitrary number of users [16].
Furthermore, at finite SNR, the problem of designing precoders that optimally tackle the D-CSI
setting is fully open. The use of conventional linear precoders that are unaware of the D-CSI
structure is expected to yield a significant loss with respect to a centralized (and imperfect) CSI
setting. Hence, an important question is how to reduce the losses due to the D-CSI configuration,
i.e., how to derive a D-CSI-robust precoding scheme.

In this work, we study the average rate achieved when the number of transmit antennas and
the number of receive antennas jointly grow large with a fixed ratio, thus allowing to use efficient
tools from the field of random matrix theory (RMT). Although RMT has been applied in many
works to the analysis of wireless communications [See [8], [17]—[20] among others], its role in
helping to analyze cooperative systems with distributed information has received little attention
before.

In this work, our main contribution are threefold:

« A novel general D-CSI channel model that allows to study distributed CoMP networks

ranging from fully distributed to fully centralized is introduced.

o A deterministic equivalent of the SINR in D-CSI setting in the limit of a large number of

antennas is derived.

« Building upon this deterministic equivalent, the sum rate maximization regularization coeffi-



cient for the RZF precoder and the local optimal power allocation for each TX under a total
power constraint can be found. This leads to a robust distributed RZF precoder design for the
D-CSI setting. The regularization coefficient can either be optimized individually by each
TX or be found by a low complexity heuristic algorithm assuming that a single common
regularization coefficient is used at all TX. Simulations show that the low complexity
approach approximates well the performance of the per-TX individually optimization.
Notations: In the following, boldface lower-case and upper-case characters denote vectors and
matrices, respectively. The operator (.)T, (), tr(.),E(.) denote transpose, conjugate transpose,
trace and expectation, respectively. The N x N identity matrix is denoted Iy. The notation
A]

diag(.) creates a diagonal matrix with given entries in the diagonal.

ij+ [b]; denotes the (i,j)th entry of matrix A and the ith entry of vector b, respectively.

The notation x < y denotes that x —y ———— (. The notation 1, returns 1 when a = b
K,MTx—)OO

and 0 otherwise. The notation i denotes the imaginary unit. A random vector x ~ Nc(u, ©) is

complex Gaussian distributed with mean vector g and covariance matrix ©. The notation = is

used in a definition of a scalar, vector or matrix.

II. SYSTEM MODEL
A. Transmission Model

We consider a communication system where n TXs jointly serve K RXs over a joint processing
CoMP transmission network. Each TX is equipped with Mrx antennas, while the total number
of transmit antennas is denoted by M = nMrx. Every RX is equipped with a single antenna.

We assume that the ratio of transmit antennas with respect to the number of users is fixed and

given by
M
Be=>1 1)
The signal y; received at RX k reads as
yr = hx + ny, (2)

and the overall receiving signal at all RXs is described as

y=Hx+n 3)
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where y = [yl yK]T € CKXI,H £ [hl hK}H € CK*M ig the CoMP channel.
hil € C'*M ig the channel from all transmit antennas to RX k. x € CM*! is the transmitted
signal and n = [nl ..omn K} ! € CK*1 is the noise at the K RXs. The transmission noise has
iid entry n, ~ Nc(0,1),Vk=1,..., K.

The multi-user transmit signal x € C**! is obtained from the symbol vector s £ [sy,...,sx]|T €

CK><1.

K
x=Ts= Ztksk (4)
k=1

with T £ [tl, ot K} € CM*K being the multi-user precoder, t;, € C**! being the beamform-

ing vector for RX k. We consider an average sum power constraint
tr (TT) = P, o)

where P is the average total transmit power for all TXs.

In addition, the channel to RX £ is modeled as:
1
h,k =VvVMO ,3 Zk (6)

where ©;, € CM*M g the channel correlation matrix of RX k and z; has i.i.d complex entries

of zero mean, variance % and eighth order moment of order O(ﬁ) The channel correlation
matrices @, Vk = 1,..., K are assumed to be slowly varying compared to the channel coherence
time and therefore to be perfectly known by all TXs.

With the assumption of Gaussian signaling s, ~ N¢(0,1),Vk and each user decoding with

perfect CSIR, the signal-to-interference-plus-noise ratio (SINR) at RX £ is given by [21]

LA
SINRy, = = : (7)
L+ > |hftl
(=1,0#k
The ergodic sum rate for the CoMP network is then equal to
K
Roum 2 ) E[log, (1+ SINRy)] ©)
k=1

where the expectation is taken over the random channel realizations.



B. D-CSIT Model

Note that while we assume all TXs are endowed with a perfect copy of the user message
packet to be sent on the downlink to the user terminal (e.g. user contents have been pre-routed or
pre-cached at the TXs), we instead focus on the limitation of instantaneous CSI acquisition. In
the D-CSIT model, each TX receives its own CSI estimate for the CoMP channel. This multi-
user estimate received at the TXs is the result of feedback and CSI sharing protocols and is
imperfect due to the limited resources available. The actual feedback and exchange mechanism
based on which the TXs receive the multi-user channel estimate is left unspecified and arbitrary
[22], [23].

After this CSI sharing step, TX j acquires HY) £ R }A;,gj() ! € CEXM which is
the multi-user channel estimate and designs its transmit coefficients without any exchange of
information or iterations with the other TXs.

Following conventional models in the literature [8]], [9]], [20], the imperfect channel estimate

fz,ij ) for RX k at TX j is then modeled as
.. 1 . . . . . .
hY = VM©; ( 1— (022, + a,@qg)) =\/1—(07)2hy, + 08 ©)

The estimation error 50 vV @k q,C e CMx1 where q(j ) has i.i.d complex entries of zero

mean, variance , eighth order moment of order O(
parameter a,ij ) e [0,1] indicates the accuracy of the CSIT relative to the channel to RX £, as
seen at TX 7. For example, a,(gj ) =0 correspond to perfect CSIT, whereas a,(f ) =1 corresponds

M4) and are independent of z; and ny. The

to the channel estimate being completely uncorrelated with the true channel.

Further, we assume that the estimation errors at TX j and TX j’ satisfy

q = o)) + 1= (o)) VG, 5 (10)
where p,(f 7 e € [0,1] is the correlation between qk ) and qk ). The vector e,g 7) has i.i.d complex

entries of zero mean, variance 7, eighth order moment of order O( ) and are independent of

q,(j ) Hence, the CSI estimation errors satisfy

e 6 (60")1] = ©E [ ()] ©F = O (1)

Note that p](cj’j) =1,Yy, k.



Fig. 1: CoMP transmission network with limited CSI feedback and limited CSI sharing

This D-CSI model which allows for correlation between the estimate errors at different TXs
is very general. It is particularly adapted to model imperfect CSI backhaul between TXs where

delay and/or imperfections are introduced.

Example 1. Consider a particular CoMP network setting illustrated in Fig. [} In a LTE FDD



downlink channel estimation scenario, each base station (TX) sends pilots to all the served users
(RXs). The RX k only feedback its downlink CSI to its associated base station, the TX j. The
CSIT seen at TX j for RX k can then be modeled as

’A'L,(gj) =1/ 1-— O'%Bhk + aFBJ,(Cj),

where o2y € (0,1) parameterizes the feedback quality and 5,9 )~ Nc(0,1) is the channel
independent feedback noise.

Following the LTE-architecture, this channel estimate is then shared to the other TXs through
backhaul links. During this sharing step, this estimate is further degraded such that the estimate

received at TX j' is written as

iL’(g/) =4/ 1-— O'%Hil/’(g) + O'BHGI(;J,),

where opy € (0, 1) parameterizes the backhaul quality and eg 9 is the sharing noise independent
from hk,é,ij).
After basic algebraic operation, it can be seen that this CSIT configuration is a D-CSIT

configuration with the parameters:

0, = OFB
o) = /1 (1= o) (1 — o)
2
(5.3 orB\ 1 — Ojy
Py (12)
\/1 - (1= U%H) (1 U%‘B)
O

Remark 1. The D-CSIT model bridges the gap between the two extreme configuration: centralized

CSIT and fully distributed CSIT. Indeed, choosing
o =) P =1 vy e{l,... n}, Vke{l,... K} (13)
corresponds to the centralized CSIT configuration [8], [9], while choosing
P =0, v e{l,... )44, Vke{l,... K} (14)

simplifies to the fully distributed CSIT configuration with uncorrelated estimation errors as

previously studied in the literature [14]. [



C. Regularized Zero Forcing with Distributed CSI

We consider in this work the analysis of RZF precoder [[15], [24], when faced with CSIT
inconsistencies in the large system regime. Hence, the precoder designed at TX j is assumed to

take the form

1., P
TY), 2 ((H@)HH(J) + M&(])IM> (HOHH {1/_0' (15)
J
The scalar U1 corresponds to the power normalization at TX j. Hence, it holds that
-1 ..
Ly ((HU JIHD 4 MaU IM) (A2, (16)
The regularization factor a¥) > 0,V;. We also define
, HOYHEEFO) ,
Ccu) & L + a(])IM‘ (17)
M
Therefore, the precoder at TX j can be rewritten as
0 _ L aon-rgons VP
T..=—(CVY H . 18
e = (0O AT (18)
Let E;I € CMrxxM denote the block selection matrix defined as
H A
Ej = OMTXX(]'*DMTX IMTX OMTXX(TL*]')MTX : (19)

Upon concatenation of all TX’s precoding matrices, the effective global precoder denoted by

TDCSL, is written as
_ DA
,ulEIl{TSZ)F
EHT(Q)
TJrDZ%SI A& H2 2' 1ZF ’ (20)
MNEHTEZF

where the scalar p; > 0 is the transmit power scaling at TX j. Assume the transmit power
allocated at TX j reads

Prx, = i tr (B ES T (T ) @)
Based on the sum power constraint,

> Prx, = Yt (BEITG(T)) = P (22)
j=1 j=1

The finite SNR rate analysis under the precoding structure and the D-CSIT model in (9))
is challenging due to the dependency of each user performance on all channel estimates. Yet,

some useful results can be obtained in the large antenna regime as shown below.
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ITI. DETERMINISTIC EQUIVALENT OF THE SINR

In this section, the analysis of the so-called deterministic equivalent of the SINR under the
RZF precoding is presented.
In order to derive a deterministic equivalent, we make the following standard technical as-

sumption on the correlation matrices @, and the Gram matrix ﬁ(I:I(j))HI:I(j) [8].

Assumption 1. All correlation matrices O, Yk = 1,..., K have uniformly bounded spectral

norm on M, i.e.,

limsup sup | ©y ||< oo. (23)
M,K—00 1<k<K

Assumption 2. The random matrices ﬁ(f{(j))Hf{(j),Vj = 1,...,n have uniformly bounded

spectral norm on M with probability one, i.e.,
| nl
limsup || — (HY)THY || < oo (24)
MK—oo M

with probability one.

Our approach will be based on the following fundamental result based on the Stieltjes transform

in the analysis of wireless networks [8], [[19].

Theorem 1. [|/9], [25] Let the matrix U be any matrix with bounded spectral norm and the ith

1
row h of H be h' = VM®O? 25, where the entries of z; are i.i.d of zero mean, variance ﬁ

and have eighth moment of order O( ﬁ) Let Assumption || holds true. Consider the resolvent

-1
matrix Q £ <H H ol M> with regularization coefficient o > (. Let

M
K -1
A 1 ®k
= | = I 25
Q (M;HmkwM (25)
where my, satisfies:
K ~1
1 1 O,

=—tr| O | — I . 26
My = 3t k(M;1+mg+aM> (26)

Then,
uqQ) — L tr (UQ,) —=— 0. 27)
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The fixed point m; can easily be obtained by an iterative fixed-point algorithm described in
[8], [20] and recalled in Appendix [I| for the sake of completeness.

Adopting the shorthand notation used in [8]], we introduce
2o (0P 2P Lo im(oP o9
We can further define the term ng ) and m,(f ) respectively as Q, and my in Theorem |I| using

instead the local CSI estimate HY) and regularization coefficient /) at TX j. A deterministic

equivalent of the SINR under RZF precoding is therefore provided in the following theorem.

Theorem 2. Let the Assumptions [I|and 2] hold true, then the SINR of RX k under RZF precoding

satisfies

SINRy, — SINR) —2*—— 0 (29)

K,MT)(HOO

2
) o
n ) €0,k 2k
P (Zjl H; \/ I (Iar) 1+m](€j)>

with SINRY defined as

SINRj = 30
g 1+ 17 0
with I} € R given by
oA gy’ 0 H H o H\ 0k ™3’
EPY Y — . Uf (B B OB, EY) — 235 (OB, Bff) =5
j=1j=1 \/F]J(IM)FJ/,]/ (IM) + mk
() (4" (4.4") .(3) (")
0 F0 T CokCok T Pr~ C3xCs,
(L4+mg")(1+myg”)
where ©7, € R is defined as
tr (O4E,ENQY)

M Y
and the function I}, (X) : CM*M s C is defined in Lemma |8 The transmit power scaling i,
for TX j satisfies

n o H
et By (33)
j=1 55 (Tar)
Proof: The proof of Theorem [2]is given in Appendix [III [ ]

The theorem demonstrates that in the large system setting, the SINR expression for each RX

can be derived as a given function of (i) n, Mrx, K that indicate the system dimensions, (ii)
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a,(cj ), p,(fj’j /), O, which reflect the statistics of the channel and of CSI estimates at each TX, and
(iii) the precoder regularization coefficients o) and power scalings 7).

This result is very general and encompasses several important results from the literature.

A. Regularized ZF Precoding for Centralized CSI Isotropic Channel

Choosing O'](gj) = a,ij,) = o5, o) = al) = q, p,(gj’j/) =1,v5,5 €{l,....n},ke{l,..., K},

we obtain the centralized CSIT configuration. Further assuming that @, = I, mff ) is obtained

in closed form as

G _ . o_B—1—aB+/(af—B+1)*+4ap

my’ =m’ = S0 . (34)
In this setting, the total power constraint (33)) simplifies to
1 n
Sk =1 (33)
n <
7j=1
since
(m?)?
9. (Iy) = 36
J,J< M) B(1+me)? — (me)?’ (36)
o 1 o
05, (B E) = —T7,(Ta). (37)
Assume p; = 1,Vj =1,...,n, the transmit power pry, at TX j denotes
re(E;EtH) p
2p- JJ\ I
=P = — (38)

This indicates an equal power allocation per TX. Since ®; = I, the channel is isotropic, the
above setting also indicates that the signal power for RX k satisfies

P

Pr = K 39)

which is an equal power per RX.
After simple algebraic manipulations, we can obtain the deterministic equivalent of SINR in

(30D

(1= o) (B(1+m°)* = (m°)?*)

SINRj = — i
1 — o7+ (14+m°)%o} + 5~

(40)

This coincides with the results in [[8, Corollary 2].
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B. Regularized ZF Precoding for Fully Distributed CSI Isotropic Channel

Choosing p?) = 0,V j,j' € {1,...,n},j # j'.k € {1,..., K}, the fully distributed CSIT
configuration with uncorrelated estimation errors is obtained. Let us further assume that the
same regularization coefficient is used at each TX, ie., a¥) = ol =,V j,5' € {1,...,n},

©®; = I,/ and p; = 1 indicating equal per TX power allocation.

The deterministic SINR in (30) then becomes

2
(0 stmey ey
( 2= V. ) BT
SINRS = o (41)
k
with
1+m) — (m°)?) 19, , . ,
Iy =P~ PZ Z n2(1 + mO)QmO) 3’ [208{11 +m <205J,)€ — cé{,)ccé]k)ﬂ (42)
Jj=175=1
re. _ MZE 1y Coecoe) 3
1T w1 K () () 43)
moy2 M Lut= 100 ¢Co¢

This result coincides with [26]].

C. Regularized ZF Precoding for D-CSI Isotropic Channel

Assume that ©; = I, Vk € {1,..., K} and p; = 1,Vj € {1,...,n}, indicating equal per

TX power allocation. In this specific setting, the terms m,(cj ) can be obtained in closed form as

m =) = P =1 098+ /(005 ~ 3+ 17 + a0 )
20_/(])5
After simplification, the deterministic SINR in (30) becomes
2
n 1—(0(7.))2 m)
P (% Zj:l rfj Hﬁ)
SINR; = 45
* 1+ g “3)
with I} € R defined as
Z Z 2Céj])C m) <p,(€” )Céjllcé k) + cé]])gc[()]k)> m@m ")
fi=P-P ] i ; (46)
k e Fjj ]0 i n2 1+mb) n2 (1+m®) (14+ml")
where I'? ,, € R is given by
K
re,= A Qi \/Co zco i +\/C1 401 v Pe .

2
) [ D) ) .(4") (4,3")
Ltm@) 1m0 Ze=1( ! Co]z \/ clj,éclj,e sz ! )

m@ G
This result coincides with [27]].
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IV. APPLICATIONS OF THE THEOREM

The deterministic equivalent of the SINR expression allows to evaluate the performance of
RZF precoding. However, there is an added benefit here, which is the possibility to optimize
the transmission parameters (i.e., regularization coefficient) so as to obtain some robustness with

respect to the D-CSIT configuration, as it will be discussed in the following.

A. Robust Sum Rate Maximizing Regularization

If there exists a predefined per TX power constraint such that the average transmit power
for each TX j is given as Prx; = p;, according to Theorem E], we can find the power scaling

parameter for each TX j as

Pjr?,j(IM)
PF?yj(EjE?)

1 (48)

Substituting (48)) into Theorem [2] the ergodic sum rate becomes a function only depending on
a9 j=1,...n.

1) Robust Regularized ZF: The regularization coefficients tuple o« = [a(l), e ,a(")} which
maximizes the system sum rate while being robust to the D-CSIT configuration is given by

Pjrgo',j (Tnr)
PF?J(E]E?)

K
ar = argmaxz log (1 + SINRY) , s.t. p; =

* k=1

)V (49)

2) Robust regularized ZF with equal regularization: The problem is a non-convex opti-
mization. In order to reduce the complexity, we introduce the following optimization assuming
that the regularization coefficients are the same at different TXs.

ij?,j (Xar)
PT%, (E]E]H)

K
af = argmaxz log (1 + SINRY) , s.t. p; = , V7. (50)

same
Qsame k—1

The optimization variable is now a scalar parameter and the global optimal regularization can
be easily found using a line search algorithm [28].

3) Naive Regularized ZF: We introduced in the following the naive regularization optimization
which doesn’t take into account the D-CSIT configuration. This is therefore the reference baseline
for our improved robust precoding scheme.

When TXs are not aware of the D-CSIT structure, each TX will choose its regularization

parameter on the basis of its own CSI quality. This yields a naive (suboptimal) precoding scheme.
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Specifically, assuming equal power allocation at each TX, each TX j optimizes its regularization
coefficient a¥) based on HY) considering as if H® is the centralized CSIT shared among all

TXs, i.e.,

Q) A argmax Rg,m <I:I(j), e ,I:I(j)) . (51

naive )
a(])

In the particular case where the CSIT quality is homogeneous across users, i.e., a,(f ) =

oW Vk € {1,...,K}, and the channel is isotropic, i.e., ®, = I,;, the optimal naive regu-
larization coefficient is obtained in closed form [§]]
() . 1+ (O'(j))QP 1

o= 2 52
X give 1— (O_(]))Q BP ( )

B. Robust Power Optimization

If the regularization coefficient at each TX is predefined, according to Theorem [2| we can

optimize the power scaling tuple g = [p1, .. ., ] that maximizes the system sum rate:
* _ K 0 0 (EED
p* = argmax,, > - log (1 + SINRY), s.. Z] 1 ]FO—IM) =1. (53)

Problem (53) can then be reformulated as:

+uTB
p* = argmin,, H % st. |Culi=1,pueR", (PD)

where Ay, By, C, Vk are constant matrices defined as

(7) (3" o Ho
Co1.C o2, PO,
At 2\ T Ty, o) N (10 oD
M=% g g \EM (1—|—mkj>(1+mk]>
1
By, = (Fg’j,(Ej,EyekEjE;{)
\/r (Lu)T% (L)
U () (") (7.3") .(4) (")
) CorCon Cs 1.C
—9T? , (O4F; EH)—O’“ Sh 9, 00,1 (@) ik P Tk (55)
1+ my (L+m) (1 +my )
re (E;EH Ire (E,EH
C 2 diag M D (BnBy) ) (56)
F1,1(1M> Fz,n(IM>
Let u;(p) be denoted as
5+ ll’TBz/J'
ui(p) = (57)
ot (Ai+B)p
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In order to solve problem we first introduce the following lemma:

Lemma 1 (Adapted from Lemma 1, [29]). The optimal point of optimization problem
min,, [, wi(p)
st.  [|Cpli=1lpneR"

can be obtained by solving the following parametric problem
1

. K %
T, OGS (Zizl %Alul(u»
K
| Cult=1,peR"

s.t.

Moreover; for fixed p, the optimal {\;}X | of this problem is given by
1
[Hf:1 UZ(N)] "
Af = , Vi (58)
u;(p)

Remark 2. The above lemma is exactly Lemma 1 presented in [29] with &, Vs replaced by
u;, A; in order have consistent notation. The expression for A} with fixed g is reminiscent of the

expression for v} with fixed b;. ]

According to Lemma [T} with some simplifications, problem [PI| can be solved by the following

parametric problem
K

1 T
. =+p B
min )\kﬁ#
l":{)‘i}fil 1 stH (Ak+Bk)“
=17

s.t.
| Cp [I7= 1, € R

We hereby introduce an iterative procedure to calculate the local optimal solution for problem
P2

The iterative optimization step in Algorithm [I]is equivalent to a maximization for the sum of
ratios of two convex functions over a convex set. It can be solved for example by a branch and

bound algorithm described in [30].
Theorem 3. Algorithm [I] converges to a local optimum of the optimization problem

Proof: The proof of Theorem [3]is given in Appendix n
Therefore, we can obtain a local optimal power allocation such that the system sum rate is

maximized under the D-CSI configuration.
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Algorithm 1 Iterative algorithm for problem
[0]

1: Initialize p

2:1t=0
3: while not converge do
1
. [t+1] _ f+ (EN)TBpl] 1K F4+(pM)T(A+B)pl! -
4: )\ |:H£ 1 1 t] T(Al—l-Bg) H T- %—l—(;},[t])TBiu[t] R VZ = ]_, ey K
t+1] [t+1} L xTBx 2
5: /,l;[ ] = argmln Zk:l k . m, S.t. H Cx H S 1
X
6: t=t+1

7: end while

C. Robust Joint Optimization of Regularization and Power

In subsection [TV-A] and [TV-B| we tackle the problem of finding the regularization coefficient

(power scaling factor) which maximizes the system sum rate while the power scaling factor (regu-
larization coefficient) is fixed, respectively. Indeed in the D-CSIT configuration, the regularization
tuple o and the power scaling tuple o can be jointly optimized according to a predefined power
constraint. However, since the joint optimization for («, @) is a complicated non-convex problem,
we then consider an alternating optimization approach which iterates between the optimization

of v and p described in subsection [[V-A] and [TV-B| A local optimal point can be reached while

applying the alternating optimization.
In this subsection, we mainly consider two catogories of joint optimization problems described
in the sequel.

1) Robust Joint Optimization:

(a*, ) Zl (14 SINRY) ti2m 1 (59)
, —arg%axklog ,S. 7! F;j(I) = 1.

This corresponds to the optimal solution where both parameters are jointly optimized.

2) Robust Joint Optimization with equal regularization:

(ymes W) = argmaleog (14 SINRy), s.t. i/ﬂw =1 (60)
same’ Qsame; M k=1 FO (IM) .

This corresponds to a jointly optimization for regularization and power scaling, assuming that

the regularization coefficient at all TXs are the same.
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V. SIMULATION RESULTS

In the following, we provide simulations results to evaluate the accuracy of the deterministic
expressions provided and to gain insights into the system design. We also simulate the sum rate
performance of the optimal regularization coefficients and power allocation which are robust to
the D-CSIT setting.

For the sake of conciseness, the following simulations consider an isotropic channel setting

listed in Table [l Similar results can be obtained with cellular setting.

3,3’ 1 2 3
MK |n|[ple| P o) (0" | @) | (o)
fully distributed CSIT 0
asymmetric 0.01 0.16 0.49
30 130 (3|1 In | 20dB D-CSIT 0.81
symmetric 0.1 0.1 0.1
centralized CSIT 1

TABLE I. Simulation parameters for the isotropic channel setting.

In isotropic channel setting, by increasing the value of pg’j 7 from 0 to 1, the CSIT structure
for the system gradually changes from fully distributed CSIT to centralized CSIT. For the
CSIT discrepancy at different TXs, we consider two cases in the isotropic channel setting: the
asymmetric setting where the CSIT accuracy at different TXs are different and the symmetric
setting where the CSIT accuracy at different TXs are the same.

In the following simulations of robust regularization and power optimization, we compare the

sum rate performance of following algorithms:

o (Qtnaive, Meq): A naive algorithm to obtain the regularization coefficients without considering

the D-CSIT configuration, equal power is allocated at each TX (See (51)).

rames Meq): A robust optimization of regularization imposing that all TXs have the same

. (Q{
regularization coefficient, equal power allocation is assumed at each TX (See (50))).

o (o, pey): A robust optimization of regularization with equal power allocation at each TX

(See (49)).

*
same’

e (@ ©*): A robust joint optimization of regularization and power at each TX under
D-CSIT scenario, with the additional constraint that all TXs have the same regularization

coefficient is imposed (See (60)).
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e (a*, u*): A robust joint optimization of regularization and power at each TX under D-CSIT

scenario (See (39)).

3) Monte-Carlo Simulations of Theorem [2} We verify using Monte-Carlo (MC) simulations

the accuracy of the asymptotic expression derived in Theorem 2]

0
sum

Fig. 2| depicts the absolute error of the deterministic equivalent R, compared to the ergodic

sum rate R, as a function of the number of users K. The ergodic sum rate is averaged over

1000 independent channel realizations. For ease of illustration, we choose the symmetric CSIT

configuration and an equal available power per TX. Furthermore, the regularization coefficient
1

at each TX j is chosen as o) = 35

100 T T T T T T T
—®— Fully distributed CSI
—+&— D-CSI
—©— Centralized CSI
€
@
x
=
%Ia 101 |
€
3
x
10_2 1 1 1 1 1 1 1 1

5 10 15 20 25 30 35 40
Total number of users K

Fig. 2: Relative deviation between the deterministic equivalent and the Monte-Carlo simulations

as a function of the number of users K.
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It can be seen that the deterministic equivalent converges to the expected sum rate obtained
using Monte-Carlo simulations as the system becomes large. It also reveals that the rate of
convergence is faster when the CSIT configuration becomes more centralized (i.e., when the
CSIT noise becomes more correlated).

4) Cost of CSIT Distributiveness: As is mention in Section the CSI estimate noise
correlation parameter p,(f’j ) reflects the distributiveness of this CoMP network. Let us consider
the symmetric accuracy setting, let the CSI estimate noise correlation be p,gj ) = p,Vk Vi #£ 7',
we plot the ergodic sum rate when the CSI estimate noise correlation p varies from 0 to 1,

namely, when the CSI structure varies from fully distributed CSI to D-CSI and finally becomes
centralized CSIL.

56 ! ! ! ! ! ! ! ! !

| —— (o', 1)
54 7 . —H— (a:(LTILb”M*)
‘ ——O—— (v » fleq)

52

50

Ergodic sum rate [Bit/s/Hz]

i i i
0.7 0.8 0.9 1
CSI estimate noise correlation p

0 0.1 0.2 0.3 0.4 0.5 0.6

Fig. 3: Ergodic sum rate as a function of estimate noise correlation p which indicates the

distributiveness for the CSIT, RZF precoding is implemented.

Fig. 3] reveals that the proposed algorithms outperforms the naive one in the D-CSI scenarios.
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We can also verify that the D-CSI structure introduces a non-vanishing performance degradation
compared to the centralized CSI case. We can also observe that the sum rate for (a*, u*) and

(O me> ¥) are very close to each other.

5) Joint Optimization of Regularization and Power for Isotropic Channel: Let us consider
the D-CSIT configuration with asymmetric CSIT accuracy. We then plot the ergodic sum rate

as a function of the total transmit power P varies from 0 dB to 30dB.

40 I T T T T
35
N
L
)
E 30
é
Q
©
= 25
e
>
(7]
20
15 1 1 1 1 1

0 5 10 15 20 25 30
total transmit power [dB]

Fig. 4: Ergodic sum rate as a function of total transmit power, comparison between different

transmission algorithms, RZF precoding is implemented.

In Fig. @] the performance of different transmission algorithms are compared. We can clearly
observe the improved robustness and the large performance increase for the proposed algorithm.

In this isotropic channel setting, equal power allocation is not a bad strategy since joint optimiza-
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tion (a*, pw*) only brings a 3% sum rate increase compared to (a*, e, ). Intriguingly, even if the
CSIT accuracy is asymmetric at different TXs, simulation reveals that there is only a negligible
performance degradation when imposing identical regularization coefficient at different TXs for

isotropic channel setting.

VI. CONCLUSION

In this work, we have studied regularized ZF joint precoding in a distributed CSI configuration.
We extend the conventional centralized CSI to distributed CSI scenario by allowing the CSI errors
at the different TXs to be arbitrarily correlated. Using RMT tools, an analytical expression is
derived to approximate the average rate per user in the large system limit. This deterministic
equivalent expression is then used to optimize the regularization coefficients as well as the power

allocation at the different TXs in order to reduce the negative impact of the D-CSI configuration.

APPENDIX [

CLASSICAL RANDOM MATRIX THEORY LEMMAS

Lemma 2 (Adapted from [8], [20]). Let o) > 0,5 =1,...,n and m,g)m,t > 0 be the sequence
defined as

m@0 — 1 VE=1,...,K

ald)

| . 1 61)
m{ = &t (@k (3 5 e + a1 ) ) for t>1

(D[] t=oo, (5) G
k

Then m — my’, with mk) solved by constructing an iterative algorithm of (61).

Lemma 3 (Resolvent Identities [[19], [20]). Given any matrix H € CX*M et h}' denote its
kth row and Hyy € CE-V*M denote the matrix obtained after removing the kth row from
H. The resolvent matrices of H and Hy, are denoted by Q = (HHH + OzIM)il and Q) =
(H%H[k] + aIM)l, with o > 0, respectively. It then holds that

1 Quyhih} Qpy
M1+ %hEQ[k]hk

Q=Qpu —

and

hiQ
hEQ — - k H[k} .
1+ th Q[k]hk
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Lemma 4 ([19], [20]). Let (Ayx)n>1,Ay € CV*N be a sequence of matrices such that

CN><1

limsup ||Ax|| < oo, and (Xy)n>1,XN € be a sequence of random vectors of i.i.d. entries

of zero mean, unit variance, and finite eighth order moment independent of Ay. Then,

1 1 a.s.

Lemma 5 ([19], [20]). Let (Ax)n>1,Ay € CV*N be a sequence of matrices such that
limsup [[Ax|| < oo, and xn,yN be random, mutually independent with i.i.d. entries of zero

mean, unit variance, finite eighth order moment, and independent of A . Then,

1 as.
NX]I—\I[ANyN ﬁ 0.

Lemma 6 ([8], [20]]). Let Q and Q) be as given in Lemma 3| Then, for any matrix A, we have
tr (A (Q—Qu)) < Al

Lemma 7 ([8], [20]). Let U, V,©® be of uniformly bounded spectral norm with respect to
N and let V be invertible. Further, define x = ©:z and y = @%q where z,q € CV have
i.i.d. complex entries of zero mean, variance 1/N and finite 8th order moment and be mutually
independent as well as independent of U, V. Define cy, ¢, ca € RT such that coc; — ¢ > 0, and
let u =+ tr (OV™) and ' = § tr (OUV ™). Then we have:

uw (14 cu)

— 0
(cocr — 3)u? + (co + c)u+ 1

~1
x"U (V + coxxt + cyy™ + coxy! + ngXH) X —

as well as

—coutt R
(cocr — 3)u? + (co + cr)u+ 1

x1U (V + coxx + o yy! + coxy™ + ngXH)_l y — 0

APPENDIX II

NEW LEMMAS

Lemma 8. Consider the channel matrices IZI(j),IZI(j’) are distributed according to the D-CSI
model in Section Let
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with a9 o) > 0. Let X € CM*M be of uniformly bounded spectral norm with respect to M.

Then,

1 Ny A gy y ws.
e tr (XQ(])(H(J))HH(J QU )) —T92,(X) £ 0

where the function 'S ;,(X) CMXM s C is defined as

< o k:COk + \/01 vy ) a1 tr <®kQ£’j )XQE’j)>
(1+m) (1 +

1 K
_MZ
k=1

2
W cirell + e ol >> 12, (004 tr (©,Q8"xQf)

1 K
o7 D

(1 +md) (1 +m")
with
céfi=1—<o,i”>% =072 ) =0\ J1-(0)

mk ,Qo ,mk , 9 are defined in Theoremlusmg H<9) ald), H") . a9 respectively. s (@k)

is the kth entry of vector v € CE*Y, Vector ~ is the solution for equation system
Ay =b.

A € CEXE with

(\/COtCOt + \/ngzcu Pt” )) (@tQ((,j,)@gQ((,j))

[Ales = L= —
o M1 +m) (1 +md) M

b € CEX1 with

\/Co kCO k \/Cljl)gcgjl,c)pk 7 tr <®kQ(ﬂ @fQ )

Ple = M,; (1 +md) (1 +m{") M

Proof: We start by introducing

] H(J)) H( )
() _ ( [K] [K] j
Q= (T + oLy

with



Q[k] and HEZ,]) are defined respectively in similar manner as Q(j ) and IZI%)

(K]
writing the simple equality

Q(]) _ ng)
=Qy (@) —(@") ) Q¥

K

(1 o O\ HEO) ,
R S LR

=1 L+ my
We can then replace Q) using (62) to obtain
1

Wtr <XQ (H(J )HH(J QU )

| K tr <Xng)®kQ(j)(ﬂ(j))Hﬂ(j’)Q(j’)>

25

Let us start by

= tr <XQ (H(J )HH(J QY") >+Z

_% tr <XQ ])(H(J )HH(J Q(] (H ]))HH J )Q J )>

:Z1 + Z2 + Zg.

k=1 M3<1+mj

We will now calculate separately each of the term Z;. Starting with Z; gives

Zi= Ly (XQ(j)(ﬂ(j))Hﬂ(j’)Q(j’)>
L 1 i) i )
:MZM(M )" QY XQ hy;

By ))HQ[(]Z xQV ﬁ(j)
+ ( DL Q[k]

S
<[~
]~
<[~

\/Céj Co k + \/C1 kcl K Pk ) S tr <@kai])Xng)>

1+ L (@kQ[k] )

\/ %o, kCO k + \/C1 kcl X Pk ) % tr ((—)kQ(j')Xng)>

)(E
~
M)~
N VR VR

c%&+#ﬂﬁ#&ﬁﬁw@&wmw0

N
e
]~

pt 14 m(j )

)

(62)
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where equality (a) follows from Lemma (3| equality (b) from Lemma {4} equality (c) from
Lemma |§|, and equality (d) from the fundamental Theorem |1l The following calculations are
very similar and the same lemmas are used.

Turning to Z3 gives

1 N N e (i
s = _Wtr (XQ ( ) HEy( QU HWHERUIQU ))

Ztr< h(] HQU) ( ]))HH])Q])XQ )

k=1 1+ —(h(j))HQE’Z] h(J
© 1 i <( DHQE) (HO)THO QY XQ(J Ry )
- ’ k=1 1+ —( )HQ[k]

<(h(J )HQ[kz]( )HH( )QE} h,(gj/)(il(j/))HQ[(]Z]/)Xng)iLg)>
k=1 <1+ (h(j )HQ[])h )<1+ ( )HQ[k,)h >

= Zs+ Zs,

with equality (e) obtained using Lemma (3| for QU"). We also split the calculation in two and



start by calculating Z, as follows.

1 Ltr (( ok Q[k]( [li]))HH[k] Q[k] XQ(] ’Al/(ﬁj)>

e M k=1 1+ _( K )HQ[k]
1t () QR (h ;"’>>HQE,Z]’>XQ9>ES>)
VE ; 1+ _(h(j))HQE]z])iL(j)
| Kot (GkQ[k] (H(J))HH(] Q XQ )
=B Z

k=1 1+ % tr (GkQ[k]>

! i(\/@é) (") (1) " m)), (@kQ[kJ%t (8 QyxQY )

rCor + Clkclkpk . ,
1+ Lt (@ka)

n 1E #t <@kQ ( J))HHJ)QJ)XQ(J>
= _Mz

et 1+ m(”
1 i < G) .G \/7 ) my 3 tr (9’“Q° XQy )
- — CorCor T A/ CILCI R P
Mk:1 0,k~0,k 1,k¥1,k Fk 1+m;(€)
) y :
1K ( c0 kCO X )+ \/Cl kcl k Pk” )) 2 (G)kQéj )XQE)])>
= —4y — — s
M —~ 1+ m(J)

where (f) applies multiple times Lemma [6]
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Finally, Z5 is calculated as

1 K tr (( ]))HQ ( )HH(g )Q(J )h J )( )HQ[k] XQO )

k=1 <1 + mé )> (1 + ml(€ )>

o (h)P Q) @) AL QA ()P Qf XQ )

1 K
4 ; <1 n m(J)) (1 i mé] ))
; j)(ill(cj))HQfljg])h] )( )HQ i XQOJ)h J))

1 K
_|__
4; <1+m(])> <1+m(J))
1« RGN G N
= MZ( Coj,kcoj,k +ya kcljk ol )

e (@4 (F)HE Q) 4 (0494 xQY)
(1 + m,i)) (1 +m ))
K
1
Z( COkCOk \/Clkclkpk )

k=1

—+
]
VS
—~
>
<
=
N—
s
=S
;~>
FAVSN

Lo (eqf)) £ (0:Q)) & tr (erqf)xQ)
: <1+m](€j)> (1+m(ﬂ))
: i ( o kCOkz V€1 kcljk)pk: )

k:l

et (@4QUEVTHOIQY) 4 tr (€:Q8XQY)

(@) (14 m)

G tr(ng(J)XQm)

K G
1 < (G.d )) my my 7
Co kCOk \/Cl k:clkpk N
MXE <>> <1+m(”>

(1—|-m,g N

28
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Adding all the Z; gives

1 NP Al y
e tr <XQ(J)(H(J))HH(J QU ))

Co kCO k L \/01 kC1 k Pk ) ﬁ tr (Qngj )Xng)>
+

1+m)(

K
+%ZML (@on( D)IEU)QU ’))

\/Co kco ¥ )+ \/c1 kC1 g pk ) = tr (@ngj )Xng)>

1+ mIN (1 +md")

9

which finally gives

1 i ( CO kCOk + \/Cl kC1 kpk” )) ﬁtr )XQ'(JJ)>
X)=—
M 4= (1+ mk )( +m

1 i (\/Co kCO Q- \/Cl ey K Pk” ) IS /(©) 3 tr (GkQSJj )XQE’j)>
_|__
Mo (1+m) (1 +m”)

It remains then to calculate I'{ ;,(®;) to conclude the calculation. Indeed, it is the solution of

(63)

equation system when asserting X = @, Vk =1,..., K into (63). u

Lemma 9. Let LR, A, © ¢ CM*M pbe of uniformly bounded spectral norm with respect to
M and let A be invertible. Further define x = @3z x' = O27 and y = @éq. 7,7 satisfies
z = pz + \/1—7p2w. z,q and 7z',q,w are mutually independent as well as independent of
L.,R,A. z,7/,q,w have i.i.d. complex entries of zero mean, variance 1 /M and finite 8th order

moment. Let us define
A = A + coxxt! 4+ cryy! + coxy™ + coyxt
Al = A + COX/X/H + ClyyH + CQX,yH + Cny/H

let ¢, c1,co € RT with cg+c1 = 1 and coc; — c2 =0, and
9 ) 2

(@A) - u(OLAY
U= M ) L — M )
" tr(@A'R) tr(@LA'R)
R—————— _—

M ) Urr = Vi
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Then we have:

H 1 CoULUR
x'LAT'Rx < u1g —
LR 1+ u
H 1 CoULUR
x LA Ry x ————=
¥y 1+u
H —1 CoULUR
LA™ Ry < — .
X y P 1+u

Proof: Focusing first on the first equality gives
x"LA'Rx — xX"LA"'Rx
— x"LA~! (A - A) A"'Rx
= —x"LA™! (COXXH + eryyt + coyxt + 02xyH) A'Rx

(@)

= — (COXHLAflx + chHLAfly) tr (@AflR)

tr(@A‘l)

(b) tr (OLA™) tr (OA'R) 1+ ¢4

=TTy M 6 (92{1)
1+ i
Jtr (OLAY) tr (@A-'R) (®A7)
T M w(0A-1)’
1+ 7

where equality (a) is obtained from using Lemma [5] and Lemma [4] and equality (b) follows from

Lemma [/} Similarly, we turn to the second equality to write
xLA 'Ry — x"LA"'Ry
=x"LA™" (A - A)A 'Ry

= —x"LA™! (COXXH +ayy™ + coyxt + 02xyH) A~ 'Ry

9 (eX"LAy + ex"LA " x) W
@ tr(OLA ) tr(@A'R) A
T Wy sern
_w(BLA) (A R)1+q n(0A7)
—— Ve

where equality (c) is obtained from using Lemma [5|and Lemma [4{ and equality (d) follows from
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Lemma [/| For the third equality,

x"LA' 'Ry
—px'LA"'Ry + /1 — p2@2wLA' 'Ry
Yox LA 'Ry
CoULUR
1+u’
where equality (e) is obtained from using Lemma [ ]

APPENDIX III

PROOF OF DETERMINISTIC EQUIVALENT THEOREM [2]

The proof is built upon results from both [8] and [19] and novel lemmas Lemma @ and
Lemma [9] We also make extensive use of classical RMT lemmas recalled in Appendix [Il In

particular, Lemma (8| extends [[19, Lemma 15] and is an interesting result in itself.

A. Deterministic equivalent for W)

We start by finding a deterministic equivalent for W), Apply Lemma 8| with HU) = H@)| A =

I,;, which gives
U <19 (Iy)

| K L (@gQUQ )

K @g)ltr (")QO Qo
- MZ 0 Z ( >

(64)
=1 (1+my"”) e: 1+mé))

From (64)), it can be noted that, as expected, this deterministic equivalent does not depend on aéj ),

The total power constraint for large scale system reads

I T 1

=3 e (BYT (T E, )

j=1
@ - 2 P o H
- Z HiTe M) I3 (EE5)
j:l 757

—p

Y
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where (a) follows from Lemma (8| Therefore, there is a constraint for the power scaling factors

Hij-
(E;E})

ZMQ JO ) -1

B. Deterministic equivalent for hEtPZ%%

Turning to the desired signal at RX %, we can write

"1 /P e
E = 3 S B () Y
r - 7 k

— M \/\pG)

(a) \/_Z 1 LhIEENCH) Y
Hi ) 1+ & RI)A(CT) Y

.7.7 M k

® \/_Z — (o (‘))2 %h?E'EH(C[kQ 'hy,
Hi F" i(Iar) 1+L(h ) (CEIJC]) 1h(y

© — (o (J)) = tr (@kE EH(CEk])) )
\/_ZM] F?,J(I ) 14 Ltr (@k(c[k]) 1)

0 2 1= (60)2 Ltx (O,E,EH(CW)1)
A\/ﬁjzlﬂjml + L tr (@, (CW)-1)

n ; 1 wH (9)
“ N (eEENQY)
= VP E I T (Tur) I

j=1 JsJ 14+ = tr <®szo >

where we have defined

4 IﬁI(j)(IﬁI(j))H
() _ IR NTTR j .
with
or(i)\H & (j 5 ( & (j & (j .
B = (AP . RY, R, L RD]

Equality (a) follows then from Lemma [3| and the use of the deterministic equivalent derived
for W), (b) from Lemma (c) from Lemma (d) from Lemma@ and (e) from the fundamental
Theorem [11

It follows then directly that
<'>) s Ltr (@kE ENQY )

L) 14 L <®kQ )

RS Zm
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C. Deterministic Equivalent for I,

TDCSI

Our first step is to write explicitly the interference term using the definition of and

replace W) by its deterministic equivalent.

K

_ H,DCSI |2
Ik - § |h’k: trZF,Z
0=1,04k

HDCSI/nDCSIVH H,DCSI [ 4DCSI
=h TrZF (TrZF ) hi, —h trZF k(trZF k) b

it P
ZZ Tetrgo M EE(CY)T(H 1)) HE) (CY) B, Bl
Jj=15'=1

Mg H H/~()y-1
MQJZU; NG 7

- (E)"H (CY) By Ej Ry

P n n [ L L oo
0 2 Y BB (0 - ()
Jj=1j4'=1 \/F IM ]/]/ IM)

(EY)H) (CY) T E E by (65)

To obtain a deterministic equivalent for the second summation in (65) we use the following

relation
(€)= ()
—(CW)~! <ka]) C(J)) (ka}))*l
(C(j))—

:_T< ,)Chkhk +c; ké,gj)(é( V4l ké R} +cg,)€hk(5;(gj))H> (Cfi]))_la (66)

where c((f,)c, cg ,)C, cg ' is defined in (28). It is important to note that

(4)

CUI)fcll)e ( ()) () () 1,

Coi) Cop T Clk =

as these relations will be used several times through the proof.

Inserting (66) into (63), the interference term can be denoted as



L Hpp @H/ )
Tv = 152 Z hy BB (Cp)
M j=1j'=1 \/ 5.5 Tan) L5 5o (Tar)

'(H[k])HH[;i])(C D) E Bl hy,
P Hikg H H( ()1
ey R )
M? e~ 4= \/F (Lu)T9 (L) ’

- aciin] <c§ D) )G (CY)) By Bl

—aE 22 L hy BB (CY)™!
= \/r“ (Lu)T% (L)

[k] [¥]

P v Hjfge H H/ () —1
Yy W E(C)
M? = 2= \/F;?J(IM)F;?,J,(IM)

[P | () ()AL () B Ellhy

[¥]

P -~y g g H H/ () -1
%3 WIEE(CY)
MP == \/r (Lu)T% (L)

‘ [hkczk((s/ij ) }(C( ) (H[ii]))HH[ii])(C N)E B hy,

(K]

=A+B+C+D+EL.
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(67)

We proceed by calculating terms A to E in (67) successively, using Lemma [9] For the sake

of simplicity, we only proceed the calculation of term A and the rest terms can be calculated in

similar manner.
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S ) R )
j=1j'=1 \/ 5.J IM)F]/j/(IM)

n _|H TH W) UN\H¥TU) (-1
=PY > ity tr (E],Ej,GkE]Ej ()@ HY) () )
— * 2

= \/r (L)% (Tar) M

N N ) iy AN tr@(C(] )
 remmtCl) A c) ) wlemmiey)) g o)
~Cok M2 ' M noucy)) )

1+ i

M

A~ -/ -/ _ tr @ (C(]/))—l
gyt (OEENC ARG w(omBAC)) fouct)

€2k
M? M tr(@k(C(] - )
1+ ——— 2
(68)
According to Lemma [ and Lemma [§] we can have:
1 ( ( )\~ 0
ot (@kE Ef(CY)) " @)H) (C)) 1) =T9,,(0,E,E)
1 A (s A (i) AN °
— tr(E EO.EENC)H)MHIC)) 1>xrj7j,(Ej,E§@kEjE?). (69)

Inserting (69) in @ and using the fundamental Theorem [I] yields
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where equality (a) follows from c(()’ k)ci k) = (cgj k)) . Proceed similarly for the remaining 4 terms

and add term A, B, C, D and E together, we can get
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I,=A+B+C+D+E
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This concludes the proof.

APPENDIX IV

PROOF OF POWER ALLOCATION THEOREM [3]

Since p™*!) minimize the optimization problem in step 5 in Algorithm |1, we can have

i N L4 (pltrU)TB, gyl Z D L4 (pl)TByplf
— i+ (N[H”) (Ag + By) pli+t] = 5+ M[t )T (Ag + By) plt’
Insert the expression for )\g] in (58), use the notation for uy defined in (57), the above expression
simplifies as

K

Z Uk( [t+1]>
g (pll) —

According to AM-GM inequality

Hk y up(plt) k=1 ui(pl)

9

I ) _ S )

we can obtain
K
[T ) < L.

This shows that the value szl uy(p) decreases during the iteration for updating p. Since

the physical meaning for Hszl ur(p) is the sequence product of the MSE at each RX and
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therefore Hszl ug(p) > 0. According to monotone convergence theorem, the iterative algorithm

will produce a decreasing and lower bound series of MSE sequence product while updating pu,

therefore the iterative procedure is surely to converge to a local optimum. This completes the

proof.
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