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ABSTRACT

In this dissertation, performance analyses for large-scale antennas equipped two-

way amplify-and-forward (AF) relaying and heterogeneous network (HetNet) are

carried out. Energy-efficiency oriented design becomes more important for the next

generation of wireless systems, which motivates us to study the strong candidates,

such as massive multiple-input multiple-output (MIMO) combined with cooperative

relaying and HetNet. Based on the achievable rate analyses for both massive MIMO

two-way AF relaying, effective power allocation schemes are presented to further

improve system performance. Focusing on the MIMO downlinks in the HetNet,

mean square error (MSE) based precoding schemes are designed and employed by

the macro base station (BS) and the small cell (SC) nodes. Considering a HetNet

where both macro BS and SC nodes are equipped with large-scale antenna arrays,

the capacity lower bounds are derived, followed by the proposed user scheduling

algorithms.

The work on multi-pair two-way AF relaying with linear processing considers a

system where multiple sources exchange information via a relay equipped with mas-

sive antennas. Given that channel estimation is non-ideal, and that the relay em-

ploys either maximum-ratio combining/maximum-ratio transmission (MRC/MRT)

or zero-forcing reception/zero-forcing transmission (ZFR/ZFT) beamforming, we

derive two corresponding closed-form lower bound expressions for the ergodic

achievable rate of each pair sources. The closed-form expressions enable us to

design an optimal power allocation (OPA) scheme that maximizes the sum spectral
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efficiency under certain practical constraints. As the antenna array size tends to

infinity and the signal to noise ratios become very large, asymptotically optimal

power allocation schemes in simple closed-form are derived. The capacity lower

bounds are verified to be accurate predictors of the system performance by simula-

tions, and the proposed OPA outperforms equal power allocation (EPA). It is also

found that in the asymptotic regime, when MRC/MRT is used at the relay and

the link end-to-end large-scale fading factors among all pairs are equal, the optimal

power allocated to a user is inverse to the large-scale fading factor of the channel

from the user to the relay, while OPA approaches EPA when ZFR/ZFT is adopted.

The work on the MSE-based precoding design for MIMO downlinks investigates

a HetNet system consisting of a macro tier overlaid with a second tier of SCs. First, a

new sum-MSE of all users based minimization problem is proposed aiming to design

a set of macro cell (MC) and SC transmit precoding matrices or vectors. To solve

it, two different algorithms are presented. One is via a relaxed-constraints based

alternating optimization (RAO) realized by efficient alternating optimization and

relaxing non-convex constraints to convex ones. The other is via an unconstrained

alternating optimization with normalization (UAON) implemented by introducing

the constraints into the iterations with the normalization operation. Second, a

separate MSE minimization based two-level precoder is proposed by considering the

signal and interference terms corresponding to the macro tier and the individual

SCs separately. Furthermore, robust precoders are designed correspondingly with

estimated imperfect channel. Simulation results show that the sum-MSE based

RAO algorithm provides the best MSE performance among the proposed schemes

under a number of system configurations. When the number of antennas at the

macro-BS is sufficiently large relative to the number of MUEs, the MSE of the

separate MSE-based precoding is found to approach those of RAO and UAON.

Together, this thesis provides a suite of three new precoding techniques that is

expected to meet the need in a broad range of HetNet environments with balance

between performance and complexity.

The work on a large-scale HetNet studies the performance for MIMO downlink

systems where both macro BS and SC nodes are equipped with large-scale antenna

arrays. Suppose that the large-scale antenna arrays at both macro BS and SC nodes

employ MRT or ZFT precoding, and transmit data streams to the served users si-

multaneously. A new pilot reuse pattern among small cells is proposed for channel

estimation. Taking into account imperfect CSI, lower capacity bounds for MRT

and ZFT are derived, respectively, in closed-form expressions involving only statis-

tical CSI. Then asymptotic analyses for massive arrays are presented, from which

we obtain the optimal antenna number ratio between BS and SCs under specific
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power scaling laws. Subsequently, two user scheduling algorithms, that is, greedy

scheduling algorithm and asymptotical scheduling algorithm (ASA), are proposed

based on the derived capacity lower bounds and asymptotic analyses, respectively.

ASA is demonstrated to be a near optimal user scheduling scheme in the asymp-

totic regime and has low complexity. Finally, the derived closed-form achievable

rate expressions are verified to be accurate predictors of the system performance

by Monte-Carlo simulations. Numerical results demonstrate the effectiveness of the

asymptotic analysis and the proposed user scheduling schemes.
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Chapter 1

Overview

1.1 Research Areas Overview

M
assive multiple-input multiple-output (MIMO) transmission, in which a base

station is equipped with hundreds of antennas for multiuser operation, is

an emerging technology that enables enormous capacity enhancements and signif-

icant total power reduction. As one of the key enabling technologies for the next

generation of wireless systems, not surprisingly, massive MIMO has become one of

the most attractive technologies. This dissertation is focused on massive MIMO

two-way relaying and heterogeneous network (HetNet). Capacity lower bounds

for massive MIMO two-way amplify-and-forward (AF) relaying will be first de-

rived with maximum-ratio combining/maximum-ratio transmission (MRC/MRT)

and zero-forcing reception/zero-forcing transmission (ZFR/ZFT) beamforming, re-

spectively. Based on the derived closed-form achievable rate expressions, optimal

power allocation (OPA) strategies will be proposed to further improve system per-

formance. Then, the mean square error (MSE) based precoding will be proposed

and then be employed by the macro base station (BS) and the small cell (SC) nodes

for MIMO downlinks in the HetNet. Finally, the performance analysis for HetNet

with large-scale antenna arrays will be provided and effective user scheduling algo-

rithms will be presented.

1.1.1 Multi-Pair Two-Way Relaying with Large-Scale An-

tennas

Massive MIMO combined with cooperative relaying is addressed as a strong

candidate for the development of future energy-efficient networks. In the field of

cooperative relaying, the two-way relaying technique outperforms one-way relaying
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in terms of spectral efficiency, since it employs the principle of network coding at

the relay to extract the desired information. As to the multi-pair two-way relaying

with massive MIMO in the literature, the asymptotic analyses of the system were

obtained with both MRC/MRT and ZFR/ZFT beamforming supposing that the

number of relay antennas approaches to infinity and the transmit powers of all

users are the same. Besides, asymptotic approximations were always involved even

in the derivation of the closed-form expression for the ergodic achievable rate with

finite number of relay antennas. Neither exact closed-form expressions or power

allocation schemes have been addressed in a multi-pair massive MIMO two-way

relaying in the literature. This motivates us to derive closed-form achievable rate

expressions without resorting to asymptotic approximations for a multi-pair massive

MIMO two-way AF relaying, and to propose the corresponding optimal PA schemes.

MRC/MRT beamforming is a kind of much simpler signal processing technique,

which aims at maximizing the average output signal-to-noise ratio (SNR). In the

massive MIMO two-way relaying system, large antenna arrays can substantially

reduce the effects of the noise, small-scale fading and inter-user interference, using

only straightforward MRC/MRT. While ZFR/ZFT beamforming is able to null

multi-user interference signals and further improve the achievable rate in the massive

MIMO two-way relaying system with finite number of antennas. And both of them

will be focused on in Chapter 2.

1.1.2 Interference Mitigation for Heterogeneous Networks

As a viable and cost-effective way to increase network capacity, HetNets that

embed low-power nodes, called small cells, into an existing macro network has

emerged aiming to offload traffic from the macro cell (MC) to small cells because of

the practical limitations of conventional homogeneous networks. In a typical Het-

Net consisting of a MC and several SCs, the MC serves its user equipments (UEs)

in a large region by a high-power base station, while each SC serves its UEs in its

own coverage region by a low-power SC node if there is no cooperative transmis-

sion between the BSs and SCs. Due to the large number of potential interfering

nodes in the network, mitigating both the inter-cell and intra-cell interference be-

comes a crucial issue facing HetNet. There are some effective interference control

methods and coordinated multi-point transmission schemes that can be applied in

HetNet to overcome the interference introduced effect. Nevertheless, these schemes

with closed-form expressions are only available in certain cases, such as a two-user

MIMO interference channel. Hence, in Chapter 3 we will investigate and design the

precoding schemes for the MIMO downlink systems in the HetNet.
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1.1.3 Heterogeneous Networks with Large-Scale Antennas

Since massive MIMO becomes more and more popular, its coexistence with small

cells has been put forth with large-scale antenna arrays at the BSs and limited

antennas at the SCs1 due to their smaller form factor. As variable structure of

antenna arrays, such as a cylindrical array, requires less space, large-scale antenna

arrays set at SCs becomes realizable. This motivates us to consider a large-scale

HetNet with massive antennas at both BSs and SCs. Similarly, both MRT and ZFT

will be focused on in Chapter 4.

1.2 Dissertation Organization

In Chapter 2, capacity lower bounds for multi-pair massive MIMO two-way AF

relaying with linear processing are derived, based on which optimal power allocation

strategies are proposed to further improve the system performance. In Chapter 3,

a HetNet system consisting of a macro tier overlaid with a second tier of SCs are

studied, and the MSE based precoding schemes are designed and employed by the

macro base station and the SC nodes for MIMO downlinks. Chapter 4 provides

performance analysis for pilot-reused HetNet with large-scale antenna arrays set

at both BS and SC nodes and proposes corresponding user scheduling schemes.

Finally, the research contributions on each topic are concluded in Chapter 5.

1In this dissertation, we use SC to denote the SC node for simplicity.
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Chapter 2

Power Allocation for Multi-Pair

Massive MIMO Two-Way AF

Relaying with Linear Processing

Employing relay techniques is a common method in communications to extend

network coverage. Currently, two-way relaying has gained increasing attention as it

is able to circumvent the inherent spectral loss of unidirectional protocols caused by

half-duplex constraint [1–3]. It is also well known that by extending single antenna

relay to multi-antenna relay can introduce significant performance improvement for

the system. Since massive multiple-input multiple-output (MIMO) transmission

was proposed and then became more and more popular, we will focus on the two-

way amplify-and-forward (AF) relaying with large-scale antennas utilizing linear

processing in this chapter.

2.1 Introduction

M
assive multiple-input multiple-output (MIMO) transmission, in which a base

station is equipped with hundreds of antennas for multiuser operation, is con-

sidered as one of the key enabling technologies for 5G [4]. In [5], it was first proposed

for multi-cell noncooperative scenarios. Such large antenna arrays can substantially

reduce the effects of noise, small-scale fading and inter-user interference, using only

simple signal processing techniques with reduced total transmit power, and only

inter-cell interference caused by pilot contamination remains [5, 6]. Subsequently,

the energy and spectral efficiency of very large multiuser MIMO systems were in-

vestigated in the single cell scenarios in [7], which showed that the power radiated

by the terminals could be made inversely proportional to the square-root of the
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number of base station antennas with no reduction in performance when consider-

ing imperfect channel state information (CSI), and that the power could be made

inversely proportional to the number of antennas if perfect CSI were available.

2.2 Related Work

Currently, massive MIMO combined with cooperative relaying is considered as

a strong candidate for the development of future energy-efficient networks and has

received increasing attention [8–13]. In the field of cooperative relaying, two-way re-

laying technique outperforms one-way relaying in terms of spectral efficiency, since

it employs the principle of network coding at the relay in order to mix the signals

received simultaneously from two links for subsequent forwarding, and then applies

the self-interference cancellation (SIC) at each user to extract the desired informa-

tion [1, 2]. For the multi-pair two-way relaying with massive MIMO, [10] obtained

the asymptotic spectral and energy efficiencies of the system analytically with both

maximum-ratio combining/maximum-ratio transmission (MRC/MRT) and zero-

forcing reception/zero-forcing transmission (ZFR/ZFT) beamforming, supposing

that the number of relay antennas approaches to infinity and the transmit power of

all users is equal. However, only asymptotic cases with perfect CSI and perfect SIC

were studied and no closed-form expression for the ergodic achievable rate with finite

number of relay antennas was derived in [10]. In [12], the ergodic achievable rates

were investigated with perfect CSI based MRC/MRT used at the relay, providing a

capacity lower bound, the derivation of which involved asymptotic approximations.

Neither [10] nor [12] considers imperfect CSI or power allocation (PA) problems.

In the literature, instantaneous power allocation schemes based on instanta-

neous rate for regular scale MIMO rather than massive MIMO were presented for

one way or two way AF wireless relay systems to improve system performance [14–

16]. In massive MIMO systems, ergodic rate is usually used in power allocation

because the instantaneous rate approaches the ergodic rate as the number of an-

tennas tends to infinity due to the law of large numbers, and such PA schemes

are more practical with lower complexity than instantaneous rate based ones. In

[13], an ergodic rate based optimal power allocation (OPA) scheme was proposed

for a multi-pair decode-and-forward (DF) one-way relaying with massive arrays.

Nevertheless, power allocation has not been addressed in a massive MIMO two-way

relaying system. Besides, there is no closed-form ergodic rate expressions derived

for massive MIMO two-way relaying with ZFR/ZFT in the literature.



6

2.3 Contributions

This chapter considers a multi-pair two-way amplify-and-forward (AF) relay-

ing system where multiple sources exchange information via a relay node equipped

with large-scale arrays [17]. Assuming imperfect CSI estimation, the relay station

employs the MRC/MRT and ZFR/ZFT beamforming to process the signals, re-

spectively. First, utilizing the technique in [18, 19], we derive for the first time

two statistical CSI (SCSI) based closed-form lower bounds for the ergodic achiev-

able rate in the case of arbitrary number of relay antennas (without resorting to

asymptotic approximations) with MRC/MRT and ZFR/ZFT processing, respec-

tively, based on the properties of Wishart and inverse Wishart matrices. Having

obtained the closed-form expressions, we are able to design an OPA scheme that

maximizes the sum spectral efficiency under certain practical constraints. The pro-

posed OPA scheme is based on geometric programming (GP) [14, 20], which can

be solved by conventional optimization tools, such as CVX [21]. Considering the

massive MIMO properties, an asymptotically OPA is presented for the asymptotic

regimes with closed-form solutions. The derived closed-form expressions for the

achievable rate are verified to be accurate predictors of the system performance by

Monte-Carlo simulations. Furthermore, in order to demonstrate the effectiveness

of the developed OPA schemes, simulations of spectral efficiency are conducted un-

der different system configurations, respectively, in comparison to the equal power

allocation (EPA) schemes.

The rest of the chapter is organized as follows. We briefly describe the sys-

tem model for the multi-pair two-way AF relaying in Section 4.4. In Section 2.5,

two closed-form expressions for the achievable rate are derived for MRC/MRT and

ZFR/ZFT, respectively, followed by asymptotic analysis. Then, an OPA and an

asymptotically OPA are proposed by solving the sum-rate maximization based op-

timization problem in Section 2.6. Furthermore, simulation results under different

system configurations are given in Section 2.7 to demonstrate the effectiveness of

both derived rate expressions and developed OPAs. Finally, we draw our conclu-

sions in Section 2.8.

2.4 System Model

Fig. 2.1 shows the considered multi-pair two-way AF relaying network, where

K pairs of users communicate with the help of a common relay station by sharing

the same time-frequency resources. In this system, two single-antenna users in

the lth user pair denoted by (2l − 1, 2l) or (2l, 2l − 1) (for l = 1, · · · , K) want
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Relay

antennas

First phase
Second phase

User 1

User 3

User 2K-1

User 2

User 4

User 2K

Figure 2.1: System diagram of multi-pair two-way AF relaying.

to exchange information with each other via the relay equipped with N (N ≫
2K ≫ 1) antennas. Notably, the direct links between the corresponding users

are assumed non-existing in the two-way relaying system. Typically, a two-way

network is divided into two phases, namely the multiple-access (MA) phase and the

broadcast (BC) phase [1]. In the MA phase, information is sent from the user pairs

to the relay; while in the BC phase, the relay broadcasts the processed information.

Let pi (i = 1, 2, · · · , 2K) and PR denote the power transmitted by user i and

the relay corresponding to the MA and BC phases, respectively. We assume that

all the channels between the users and the relay follow independent and identically

distributed (i.i.d.) Rayleigh fading and time division duplex (TDD) is adopted in

all transceivers. Thus, supposing that gi ∈ CN×1 (i = 1, 2, · · · , 2K) is the channel

between the ith user and the relay, gi contains the i.i.d. CN (0, σ2
i ) elements, where

σ2
i represents the corresponding large-scale fading coefficient. In this way, we can

denote the channel matrix between all the users and the relay accounting for both

small-scale fading and large-scale fading by

G = HD1/2 = [g1,g2, . . . ,g2K ] ∈ CN×2K (2.1)

where H ∈ CN×2K includes the i.i.d. CN (0, 1) small-scale fading coefficients, and

D is the large-scale fading diagonal matrix with the ith diagonal elements denoted

by σ2
i (i = 1, 2, · · · , 2K).
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2.4.1 Channel Estimation

Practically, the channel matrices in both the MA and BC phases have to be

estimated for relay processing. However, due to the large-scale antenna array at

the relay, channel estimation at the user side becomes rather impractical. Thus,

time division duplex (TDD) is adopted here and channel reciprocity can be utilized,

i.e., only channel matrix G between all the users and the relay has to be estimated

based on the uplink training. The relay then has the estimated CSIs of all uplink

and downlink channels. The required channel related information at the user side

can be calculated by the relay and fed back to the users, as will be explained later.

At the beginning of each coherence interval T , all users simultaneously transmit

pilot sequences of length τ symbols. The pilot sequences of all the 2K users are

pairwisely orthogonal, i.e., τ ≥ 2K is required. Then the training matrix received

at the relay is

YR =
√
τpPGΦ+NR (2.2)

where pP is the transmit power of each pilot symbol, NR is the additive white

Gaussian noise (AWGN) matrix with i.i.d. components following CN (0, σ2
n), the

training vector transmitted by the ith (i = 1, · · · , 2K) user is denoted by the ith row

of Φ ∈ C2K×τ , satisfying ΦΦH = I2K . Moreover, since the rows of pilot sequence

matrices are pairwisely orthogonal, we have ϕ(i)
(
ϕ(j)
)H

= 0 (∀i ̸= j ∈ {1, . . . , 2K}).
In order to estimate the channel matrices G, we employ the minimum mean-

square-error (MMSE) estimation at the relay. The MMSE channel estimates are

given by [22]

Ĝ =
1

√
τpP

YRΦ
HD̃ = GD̃+

1
√
τpP

ÑRD̃ (2.3)

where we define D̃
∆
=
(

D−1σ2
n

τpP
+ I2K

)−1

and ÑR
∆
= NRΦ

H . According to the prop-

erty of Φ, we conclude that ÑR is composed of i.i.d. CN (0, σ2
n) elements. Then,

Ĝ = G+Ξ = [ĝ1, ĝ2, . . . , ĝ2K ] ∈ CN×2K (2.4)

where Ξ = [ξ1, ξ2, . . . , ξ2K ] denotes the estimation error matrix which is independent

of Ĝ from the property of MMSE channel estimation [22]. Hence, we have Ĝ ∼
CN

(
0, D̂

)
with D̂ = diag {σ̂2

1, σ̂
2
2, . . . , σ̂

2
2K}, and Ξ ∼ CN

(
0,D− D̂

)
with D −

D̂ = diag
{
σ2
ξ1
, σ2

ξ2
, . . . , σ2

ξ2K

}
. The diagonal elements satisfy σ̂2

i =
τpPσ

4
i

τpPσ
2
i +σ2

n
and

σ2
ξi

∆
= σ2

i − σ̂2
i =

σ2
i

τpPσ
2
i +σ2

n
with i = 1, . . . , 2K.
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2.4.2 Data Transmission

Since the relay station estimates all the channels, it employs linear processing

MRC/MRT and ZFR/ZFT based on the imperfect CSI. While each user only has

the knowledge of its pairwise effective channel coefficient for data detection and

self-interference cancellation coefficient for SIC, which are calculated and sent out

by the relay. In the MA phase, all the users transmit their signals simultaneously

to the relay. That is, the received signal at the relay station is given by

r =
2K∑
i=1

√
pigixi + nr = G̃x+ nr (2.5)

where G̃ = GP, P = diag
{√

p1,
√
p2 . . .

√
p2K
}

with each power satisfying 0 ≤
pi ≤ P0

1, x = [x1, x2, . . . , x2K ]
T with the ith element xi representing the transmitted

signal by the ith user and E
[
xxH

]
= I2K , r ∈ CN×1, and nr is the additive white

Gaussian noise (AWGN) vector at the relay with zero mean and the variance of σ2
n.

Then, in the BC phase, the relay multiplies the received signal by a linear

receiving and precoding matrix to yield the relay transmitted signal given by r̂ =

Fr ∈ CN×1, where F is the combined beamforming matrix at the relay and its

expression will be given in the next subsection. The transmitted signal satisfies the

expected transmit power constraint at the relay [23], i.e.,

PR = E
[
∥r̂∥2

]
= tr

{
E
[
F
(
G̃G̃H + σ2

nIN

)
FH
]}

(2.6)

with a total power constraint
2K∑
i=1

pi + PR ≤ P 1, where the expectation is performed

with respect to all the involved random variables. In the BC phase, the received

signal at the k′th user can be expressed as

yk′ = gT
k′ r̂+ nk′

=
√
pkg

T
k′Fgkxk︸ ︷︷ ︸

desired signal

+
√
pk′g

T
k′Fgk′xk′︸ ︷︷ ︸

self-interference

+gT
k′F

2K∑
i̸=k,k′

√
pigixi︸ ︷︷ ︸

inter-pair interference

+ gT
k′Fnr︸ ︷︷ ︸

noise from relay

+ nk′︸︷︷︸
noise at user

(2.7)

where (k, k′) is defined to indicate the ⌈k/2⌉th2 user pair, and nk′ represents the

AWGN noise at the k′th user side with zero mean and variance of σ2
n.

1Here, P and P0 are two constants preset for the total power constraint and individual power
constraint, respectively.

2It is clear that ⌈k/2⌉ = ⌈k′/2⌉.
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Using the estimated CSI, the relay calculates and sends out the SIC coefficient

ĝT
kFĝk (k ∈ {1, · · · , 2K}) for each user. Hence, the received signal at the k′th user

after SIC is rewritten as

ỹk′ =
√
pkg

T
k′Fgkxk︸ ︷︷ ︸

desired signal

+
√
pk′λk′xk′︸ ︷︷ ︸

residual self-interference

+gT
k′F

2K∑
i̸=k,k′

√
pigixi︸ ︷︷ ︸

inter-pair interference

+ gT
k′Fnr︸ ︷︷ ︸

noise from relay

+ nk′︸︷︷︸
noise at user

.

(2.8)

where the residual self-interference involves λk′ = gT
k′Fgk′ − ĝT

k′Fĝk′ , since the SIC

coefficient ĝT
k′Fĝk′ for user k

′ is obtained from the estimated CSI. Here, we suppose

that there is no error during the SIC coefficients transmission from the relay.

2.4.3 MRC/MRT Processing

In this subsection, the simple and widely used MRC/MRT beamforming is

adopted. According to [24], the imperfect CSI based MRC/MRT beamforming

is given by

F = α1Ĝ
∗TĜH (2.9)

where T = diag {T1,T2, . . .TK} is the block diagonal permutation matrix indicat-

ing the user pairing format with T1 = T2 = · · · = TK = [0 1; 1 0], and α1 is a

normalization constant, chosen to satisfy the power constraint at the relay station

in (2.6).

By substituting (2.9) into (2.6), we have

α1

(a)
=

√√√√√ PR

E

[∥∥∥Ĝ∗TĜHG̃x
∥∥∥2]+ E

[∥∥∥Ĝ∗TĜHnr

∥∥∥2]
(b)
=

√√√√√ PR

N (N + 1)

[
2 (Ψ + σ2

n) Φ̂ + (N + 1)
K∑
i=1

ψ̂iϕ̂i

] (2.10)

where

Φ̂ =
K∑
i=1

ϕ̂i, ϕ̂i = σ̂2
2i−1σ̂

2
2i, ψ̂i = p2i−1σ̂

2
2i−1 + p2iσ̂

2
2i

Ψ =
K∑
i=1

(
p2i−1σ

2
2i−1 + p2iσ

2
2i

)
.

(2.11)
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The detailed derivation of the equation is given in Appendix 2.9.1.

2.4.4 ZFR/ZFT Processing

When employing ZFR/ZFT with imperfect CSI, in which the pseudo-inverse of

the estimated channels in (2.4) are needed for processing, the linear beamforming

is given by [24]

F = α2Ĝ
∗
(
ĜT Ĝ∗

)−1

T
(
ĜHĜ

)−1

ĜH = α2
ˆ̄G

∗
T ˆ̄G

H
(2.12)

where ˆ̄G = Ĝ
(
ĜHĜ

)−1

and α2 is the normalization constant, chosen to satisfy the

transmit power constraints at the relay. Notably, SIC is not necessary as ZFR/ZFT

leads to ĝT
k′Fĝk′ = 0 (∀k′ ∈ {1, · · · , 2K}). On the basis of (2.12) and tr {AB} =

tr {BA}, we have

α2

(a)
=

√√√√√√
PR

E

[∥∥∥∥ ˆ̄G∗
T ˆ̄G

H
G̃x

∥∥∥∥2
]
+ E

[∥∥∥∥ ˆ̄G∗
T ˆ̄G

H
nr

∥∥∥∥2
]

(b)
=

√√√√√√
PR

2K∑
i=1

pi′
(N−2K−1)σ̂2

i
+ η̂

(
2K∑
j=1

pjσ2
ξj
+ σ2

n

) (2.13)

where η̂ =
2K∑
j=1

1
(N−2K)(N−2K−3)σ̂2

j σ̂
2
j′
. The detailed derivation of (2.13) is given in

Appendix 2.9.2.

2.5 Achievable Rate Analysis

In this section, a general form of the ergodic achievable rate of the transmission

link k → k′ for MRC/MRT processing is given first, followed by a rate expression for

ZFR/ZFT. In order to obtain a basic and insightful expression that can be used for

power allocation optimization, a simplified capacity lower bound is derived utilizing

the technique of [18, 19], in which the received signal is rewritten as a known mean

times the desired symbol, plus an uncorrelated effective noise. The worst-case

uncorrelated effective noise, where each additive term is treated as independent

Gaussian noise of the same variance, is employed to derive a lower bound.

From (2.8), the ergodic achievable rate of transmission link k → k′ is expressed
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as

γICSI
k′ = E

log2
1 +

pk
∣∣gT

k′Fgk

∣∣2
pk′|λk′|2 +

2K∑
i̸=k,k′

pi |gT
k′Fgi|

2
+ ∥gT

k′F∥
2
σ2
n + σ2

n


 . (2.14)

Remark 2.1: Here, the ergodic achievable rate is valid based on the assumption

that the receiving user k′ knows perfectly gT
k′Fgk in the detection process. To

demonstrate the accuracy of the derived lower bounds, we compare the lower bounds

with Monte-Carlo realized (2.14) in Section 2.7. The normalization constant for F

in (2.14) is assumed to be calculated based on instantaneous CSI by satisfying

PR = ∥r̂∥2.
Further derivation of (2.14) is difficult because of the intractability to carry

out the ensemble average analytically. Instead, we adopt the technique in

[18] to derive a worst-case lower bound of the achievable rate. The first

step is to rewrite
√
pkg

T
k′Fgkxk in (2.8) as the sum of

√
pkE

[
gT
k′Fgk

]
xk and

√
pk
(
gT
k′Fgk − E

[
gT
k′Fgk

])
xk, where the first part is now considered as the “de-

sired signal”. That is, (2.8) can be expressed as

ỹk′ =
√
pkE

[
gT
k′Fgk

]
xk︸ ︷︷ ︸

desired signal

+ ñk′︸︷︷︸
effective noise

(2.15)

where ñk′ is considered as the effective noise and given by

ñk′
∆
=
√
pk
(
gT
k′Fgk − E

[
gT
k′Fgk

])
xk +

√
pk′λk′xk′

+ gT
k′F

2K∑
i̸=k,k′

√
pigixi + gT

k′Fnr + nk′ .
(2.16)

It is straightforward to show that the first term “desired signal” and the second

term “effective noise” in (2.15) are uncorrelated. The exact pdf of ñk′ is not easy

to obtain, but we know that the worst-case is to approximate the effective noise

as independently Gaussian distributed [18, 25]. Since the relay is equipped with

large-scale antenna arrays by assuming N ≫ 2K ≫ 1, the central limit theorem

provides a tight statistical CSI based lower bound for the achievable rate. Then, the

statistical CSI based achievable rate lower bound of the transmission link k → k′

can be obtained as

γSCSI
k′ = log2

(
1 +

pk
∣∣E [gT

k′Fgk

]∣∣2
pkVar [gT

k′Fgk] + SIk′ + IPk′ +NRk′ +NUk′

)
(2.17)
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where SIk′ , IPk′ , NRk′ and NUk′ denote the residual self-interference after SIC,

the inter-pair interference, the amplified noise from relay and the noise at user,

respectively, i.e.,

SIk′
∆
=pk′E

[∣∣gT
k′Fgk′ − ĝT

k′Fĝk′
∣∣2] (2.18a)

IPk′
∆
=

2K∑
i ̸=k,k′

piE
[∣∣gT

k′Fgi

∣∣2] (2.18b)

NRk′
∆
=E

[∣∣gT
k′Fnr

∣∣2] , NUk′
∆
= E

[
|nk′ |2

]
. (2.18c)

When MRC/MRT beamforming is employed, further mathematical derivation

of (2.17) leads to the following theorem:

Theorem 2.1: With imperfect CSI based MRC/MRT, the ergodic achievable

rate of the transmission link k → k′, for a finite number of antennas at the relay, is

lower bounded by

MRC/MRT : γSCSI
k′ = log2

1 +
ak′pk

2K∑
i=1

(
b
(1)
k′,i + b

(2)
k′,iP

−1
R

)
pi + ck′pk′ +

(
d
(1)
k′ + d

(2)
k′ P

−1
R

)


(2.19)

where ak′ = N (N + 1) σ̂4
kσ̂

4
k′ , b

(1)
k′,i = (N + 1) (σ2

i σ̂
4
k′ σ̂

2
k + σ2

k′ σ̂
4
i σ̂

2
i′) + 2σ2

i σ
2
k′Φ̂, b

(2)
k′,i =

σ2
n

[
2Φ̂σ2

i σ
2
i′ +(N + 1) σ̂4

i σ̂
2
i′ ], ck′ = 2 [(N + 1) (σ2

k′− 2σ̂2
k′) σ̂

2
kσ̂

4
k′ + (σ4

k′ − 2σ̂4
k′) Φ̂

]
,

d
(1)
k′ = σ2

n [(N + 1) σ̂2
kσ̂

4
k′ +2σ2

k′Φ̂
]
, and d

(2)
k′ = 2σ4

nΦ̂.

Proof: See Appendix 2.9.3.

For imperfect CSI based ZFR/ZFT processing, a closed-form expression for the

achievable rate in (2.17) is derived as follows:

Theorem 2.2: With imperfect CSI based ZFR/ZFT beamforming, the achievable

rate of the transmission link k → k′, for a finite number of antennas at the relay, is

lower bounded by

ZFR/ZFT : γSCSI
k′ = log2

1 +
ek′pk

2K∑
i=1

(
f
(1)
k′,i + f

(2)
k′,iP

−1
R

)
pi +mk′pk′ +

(
n
(1)
k′ + n

(2)
k′ P

−1
R

)


(2.20)

where ek′ = ek = 1, f
(1)
k′,i =

σ2
ξi

(N−2K−1)σ̂2
k
+

σ2
ξk′

(N−2K−1)σ̂2
i′

+ σ2
ξk′
σ2
ξi
η̂, f

(2)
k′,i =

σ2
n

(
1

(N−2K−1)σ̂2
i′
+ σ2

ξi
η̂
)
, mk′ = σ4

ξk′
η̂, n

(1)
k′ = σ2

n

(N−2K−1)σ̂2
k
+ σ2

nσ
2
ξk′
η̂, and n

(2)
k′ = σ4

nη̂.

Proof: See Appendix 2.9.4.

Theorems 2.1 and 2.2 are also valid for conventional MIMO systems, while the
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bounds become less tight as the antenna scale goes down. The capacity lower

bounds for perfect CSI can always be obtained by setting σ2
ξk

= 0 and σ̂2
k = σ2

k (k ∈
{1, · · · , 2K}) in (2.19) and (2.20). Moreover, it can be observed from (2.19) that

when the estimation error is severe, the residual SI occupies the major part of the

imperfect CSI effect in comparison to other terms. On the other hand, if channel

estimation is rather accurate, the residual SI has slight effects in comparison to

other terms. While for ZFR/ZFT, both the residual SI and inter-pair interference

are determined by the channel estimation accuracy.

2.5.1 Asymptotic Analysis with Massive Arrays

Based on the derived closed-form expressions for the achievable rate in (2.19)

and (2.20), this section provides the asymptotic analysis under two different cases

when the number of relay antennas approaches to infinity. Suppose that all users

have the same transmit power, i.e., p1 = p2 · · · = p2K = PS.

Proposition 2.1: In case I where pP is fixed, pi = PS = ES

Nρ (i = 1, 2, · · · , 2K),

PR = ER

Nθ , and ES and ER are fixed, to achieve non-vanishing user rate as N → ∞,

the user and relay transmit power scaling factor ρ and θ must satisfy 0 ≤ ρ ≤ 1

and 0 ≤ θ ≤ 1. When ρ = 1 and θ = 1, the asymptotic achievable rate expressions

of the transmission link k → k′ for imperfect CSI based MRC/MRT and ZFR/ZFT

are

MRC/MRT : γSCSI
k′

a.s.−→
N→∞

log2

1 +
ESERσ̂

4
kσ̂

4
k′

ESσ2
n

2K∑
i=1

σ̂4
i σ̂

2
i′ + ERσ2

nσ̂
2
kσ̂

4
k′ + 2Φ̂σ4

n

 (2.21)

ZFR/ZFT : γSCSI
k′

a.s.−→
N→∞

log2

1 +
ERESσ̂

2
k

ERσ2
n + σ̂2

kσ
2
n

2K∑
i=1

(
ES

σ̂2
i
+ σ2

n

σ̂2
i σ̂

2
i′

)
 (2.22)

respectively, which show that the transmit powers at both users and relay sides

can be scaled down by up to 1
N

to maintain a given rate in case I. When ρ < 1

and θ < 1, the asymptotic achievable rate of each user approaches to infinity as

N → ∞.

Proposition 2.2: In case II where pP = EP

Nς , pi = PS = ES

Nρ (i = 1, 2, · · · , 2K),

PR = ER

Nθ , and ES and ER are fixed, to achieve non-vanishing user rate as N → ∞,

the pilot, user and relay transmit power scaling factors ς, ρ and θ must satisfy

0 < ς ≤ 1, 0 ≤ ρ ≤ 1 − ς and 0 ≤ θ ≤ 1 − ς. When 0 ≤ ς < 1, ρ = 1 − ς

and θ = 1 − ς, the asymptotic achievable rate of the transmission link k → k′ for
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imperfect CSI based MRC/MRT and ZFR/ZFT are

MRC/MRT : γSCSI
k′

a.s.−→
N→∞

log2

1 +
τ 2E2

PESERσ
8
kσ

8
k′

τEPσ4
n

[
ES

2K∑
i=1

σ8
i σ

4
i′ + ERσ4

kσ
8
k′

]
+ 2σ8

n

K∑
j=1

σ4
jσ

4
j′


(2.23)

ZFR/ZFT : γSCSI
k′

a.s.−→
N→∞

log2

1 +
τ 2E2

PESERσ
4
k

τEPERσ4
n + σ4

kσ
4
n

2K∑
i=1

(
τEPES

σ4
i

+ σ4
n

σ4
i σ

4
i′

)
 (2.24)

respectively, from which we conclude that the transmit powers of each user and the

relay can only be reduced by up to 1
N1−ς when the pilot transmit power is set as

pP = EP

Nς , in order to maintain a given spectral efficiency. Similarly, when ρ < 1− ς

and θ < 1− ς, the asymptotic achievable rate of each user approaches to infinity as

N → ∞.

Remark 2.2: When the pilot power scaling factor ς = 1, which means that the

pilot power scales down by 1
N
, to guarantee user rate there is ρ = θ = 0, which

means the relay and user transmit power must stay constant and do not scale down

with N . The achievable rate in this case can be derived from (2.19) and (2.20),

but not shown here due to space limitation. It is found that channel estimation

error induced interference and inter-pair interference cannot be eliminated when pP

is scaled down proportionally to 1
N

with fixed pi and PR in case II.

It can be observed from Theorems 2.1 and 2.2 that for fixed σi (i = 1, · · · , 2K),

σn, and pP, the achievable rate of each pair-wise user transmission link depends on

the user power, i.e., the values of pi (i = 1, · · · , 2K), and the relay power. Next we

propose the optimal power allocation for the studied system.

2.6 Power Allocation Schemes

In this section, a power allocation problem is first formulated and solved for

multi-pair users in the MA phase transmission and the relay in the BC phase, which

maximizes the sum spectral efficiency3. The achievable rate of a transmission link

γk for k ∈ {1, · · · , 2K} used in the optimization refers to the SCSI based achievable

rate, given in (2.19) and (2.20). Power allocation can be performed at the relay side

according to the SCSI, and then the relay notifies the user pairs their allocated power

3The objective of power allocation can also be minimizing the total power consumption or
maximizing the minimum achievable rate, which can be formulated and solved using the similar
method.
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values. Moreover, closed-form asymptotic power allocation solutions are presented

for MRC/MRT and ZFR/ZFT, respectively, for the asymptotic regimes with high

SNR and N → ∞.

2.6.1 Optimal Power Allocation (OPA)

Most power optimization in communications aims to maximize the sum spectral

efficiency, which is defined as the sum-rate (in bits) per channel use. Assuming that

T is the length of the coherent interval (in symbols), in which τ symbols are used

for channel estimation, the sum spectral efficiency4 denoted as S
∆
= T−τ−2

T

2K∑
k=1

γk =

T−τ−2
T

log2
2K∏
k=1

(1 + χk), where χk =
akpk′

2K∑
i=1

(
b
(1)
k,i+b

(2)
k,iP

−1
R

)
pi+ckpk+

(
d
(1)
k +d

(2)
k P−1

R

) is the signal-

to-interference-plus-noise ratio (SINR). Then, the power allocation problem to max-

imize the sum spectral efficiency can be formulated as

max
pi,PR

T − τ − 2

T
log2

2K∏
k=1

(1 + χk) (2.25a)

s.t.
2K∑
i=1

pi + PR ≤ P (2.25b)

0 ≤ pk ≤ P0, 0 ≤ PR ≤ PR,0, k = 1, · · · , 2K (2.25c)

where P in constraint (2.25b) is the total power allocated to all the users and relay,

and constraints (2.25c) specify the peak power limits P0 and PR,0 for each user

k and relay, respectively. The objective in (2.25a) can be equivalently rewritten

as min
pi,PR

[
2K∏
k=1

(1 + χk)

]−1

, as log2(x) is a monotonic increasing function of x. We

can see that the constraints are posynomial functions. If the objective function

is a monomial or posynomial function, the problem (2.25) becomes a GP which

can be reformulated as a convex problem, and thus, can be solved efficiently by

convex optimization tools, such as CVX [21]. However, the rewritten objective

function for (2.25) is still neither a monomial nor posynomial, making solving the

problem directly by the convex optimization tools impossible. To solve this problem,

an approximation for the objective function can be efficiently found by using the

technique in [26]. Specifically, according to [26, Lemma 1], we can use a monomial

function κkχ
ηk
k to approximate (1 + χk) near an arbitrary point χ̂k > 0, where

4Here, the loss due to relay sending out pairwise effective channel coefficients and SIC coef-
ficients is taken into account. The transmission is assumed to be perfect and the overhead is 2
(symbols) for the pairwise effective channel coefficient and SIC coefficient per user.
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ηk
∆
= χ̂k(1 + χ̂k)

−1 and κk
∆
= χ̂−ηk

k (1 + χ̂k). Consequently, the objective function

can be approximated as
2K∏
k=1

(1 + χk) ≈
2K∏
k=1

κkχ
ηk
k , which is a monomial function. In

this way, the problem is transformed into a GP problem by the approximation.

Similar to [26], a successive approximation algorithm for the power allocation

problem in (2.25) is proposed as Algorithm 2.1. Notably, the parameter β here is

utilized to control the desired approximation accuracy. The accuracy is high when

β is close to 1, but the convergence rate is low, and vice versa. As shown in [26],

β = 1.1 is an option that introduces a good accuracy trade off in most practical

cases.

Algorithm 2.1: Successive approximation algorithm for power allocation

Initialization: Given tolerance ε > 0, the maximum number of iterations
L, and parameter β > 1. Set m = 1. Select the initial values χk,1 for
χk (k = 1, 2, · · · , 2K).
Repeat:

1) Compute ηk,m = χk,m(1 + χk,m)
−1 and κk,m = χ

−ηk,m
k,m (1 + χk,m);

2) Solve the GP:

min
pi,PR,χk

[
2K∏
k=1

κk,mχ
ηk,m
k

]−1

(2.26a)

s.t.
akpk′

2K∑
i=1

(
b
(1)
k,i + b

(2)
k,iP

−1
R

)
pi + ckpk +

(
d
(1)
k + d

(2)
k P−1

R

) ≤ χk

(2.26b)

(2.25b), (2.25c), β−1χk,m ≤ χk ≤ βχk,m (2.26c)

3) Set m = m + 1, and update χk,m = χ∗
k, where χ

∗
k (k = 1, 2, · · · , 2K)

are obtained based on the solutions p∗i (i = 1, 2, · · · , 2K) and P ∗
R of the

GP;

Until: Stop if max
k

∣∣∣χk,m−χk,m−1

χk,m

∣∣∣ < ε or m = L;

Output: Output p∗i (i = 1, 2, · · · , 2K) and P ∗
R as the solutions.
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2.6.2 Asymptotically Optimal Power Allocation (AOPA)

Obviously, the optimal power allocation scheme in Algorithm 2.1 is an iterative

numerical solution with no closed-form. However, more tractable expressions can be

found for MRC/MRT and ZFR/ZFT, respectively, when we consider the asymptotic

regimes with high SNR and N → ∞.

AOPA for MRC/MRT:

Suppose that the SNRs at both the relay and user sides are very high, i.e.,

PR ≫ σ2
n, pP ≫ σ2

n and pi ≫ σ2
n (i = 1, · · · , 2K), and N

K
= λ with fixed λ and

K → ∞. Then the lower bound can be simplified as given by the following Lemma.

Lemma 2.1: When PR ≫ σ2
n, pP ≫ σ2

n, pi ≫ σ2
n (i = 1, · · · , 2K), and N ≫

K → ∞, the rate of the transmission link k → k′ can be approximated as

γSCSI
k′ ≈ log2

1 +
Nσ4

kσ
2
k′pk

2K∑
i̸=k′

(σ2
i σ

2
k′σ

2
k + σ4

i σ
2
i′) pi

 . (2.27)

Proof: Firstly, we have σ̂2
i ≈ σ2

i for i = 1, · · · , 2K due to pP ≫ σ2
n. Then, we

divide both the denominator and numerator of the SINR in (2.19) by (N+1). Each

item with 1
N+1

in the denominator is able to be ignored based on N → ∞. Then,

according to σ2
n

PR
≈ 0 and pi ≫ σ2

n for i = 1, · · · , 2K, (2.27) can be obtained.

In order to obtain a closed-form solution for asymptotically optimal power al-

location, we set the fixed link condition σ2
i σ

2
i′ = C for i = 1, · · · , 2K. Since the

approximated rate expressions involve no PR, we do not need to find the optimal

solution for PR. For a fixed PR, (2.25) can be rewritten as

max
pi

2K∏
k=1

1 +
Nσ2

k′pk′

2
2K∑
i̸=k

σ2
i pi

 (2.28a)

s.t.
2K∑
i=1

pi ≤ P − PR (2.28b)

0 ≤ pk, k = 1, 2, · · · , 2K. (2.28c)

where the peak power constraints for each user are ignored for analysis simplicity by

assuming that the channel large-scale factors are on the same order of magnitude.

Then, we have the following Theorem 3 with regard to the optimal allocated power
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for each user.

Theorem 2.3: The optimal solution to (2.28) is obtained as

p∗i =
P − PR

σ2
i

2K∑
k=1

1
σ2
k

. (2.29)

Proof: Since

∣∣∣∣∣ 1
2K−1

2K∑
i ̸=k′

σ2
i pi − 1

2K

2K∑
i=1

σ2
i pi

∣∣∣∣∣ p−→ 0 [27] in probability when K →

∞, according to the inequality of arithmetic and geometric means, the objective in

(2.28a) is upper bounded by

2K∏
k=1

(2K − 1)
2K∑
i=1

σ2
i pi +NKσ2

k′pk′

(2K − 1)
2K∑
i=1

σ2
i pi

≤

 2K∑
k=1

(2K − 1)
2K∑
i=1

σ2
i pi +NKσ2

k′pk′

2K (2K − 1)
2K∑
i=1

σ2
i pi


2K

=

(
1

2K
+

N

2 (2K − 1)

)2K

(2.30)

where the equality is achieved if and only if σ2
i pi = A for ∀i ∈ {1, · · · , 2K}. To

maximize the sum rate, it is obvious that the total user power should reach the

largest value P − PR in (2.28b). Thus (2.29) can be obtained to satisfy
2K∑
i=1

pi =

P − PR, indicating that the optimal allocated power for each user is inverse to its

corresponding large-scale fading factor of the channel from the user to the relay,

and proportional to the channel from the relay to its destination when MRC/MRT

beamforming is used at the relay under the condition that the link end-to-end

large-scale fading factors among all pairs are equal. Furthermore, the asymptotic

sum-rate is independent of the allocated power.

AOPA for ZFR/ZFT:

Similarly, we make the same assumption for ZFR/ZFT that the SNRs at both

the relay and user sides are very high and N ≫ K → ∞. Then the following

Lemma can be obtained.

Lemma 2.2: When PR ≫ σ2
n, pP ≫ σ2

n, pi ≫ σ2
n (i = 1, · · · , 2K), and N ≫



20

K → ∞, the rate of the transmission link k → k′ can be approximated as

γSCSI
k′ ≈ log2

(
1 +

(N − 2K − 1)σ2
kpk

σ2
n

)
. (2.31)

Therefore, without any assumptions on link conditions, (2.25) can be rewritten as

max
pi

2K∏
k=1

(
1 +

(N − 2K − 1)σ2
k′pk′

σ2
n

)
(2.32a)

s.t. (2.28b), (2.28c) (2.32b)

Theorem 2.4 states the optimal allocated power for each user.

Theorem 2.4: The optimal solution to (2.32) is given by

p∗i =

[
1

λ
− σ2

n

(N − 2K − 1)σ2
i

]+
(2.33)

where λ = 2K

/(
2K∑
i=1

σ2
n

(N−2K−1)σ2
i
+ P

2

)
is chosen to satisfy (2.28b).

Proof: Obviously, we can obtain the solution to (2.32) by the Lagrange multiplier

approach associated with Karush-Kuhn-Tucker (KKT) conditions.

From (2.33), it can be concluded that the allocated powers are equal for

ZFR/ZFT when N − 2K → ∞.

2.7 Numerical Results

Simulations are conducted to validate the derived achievable rate expressions

and examine the performance of the designed power allocation schemes, respec-

tively. In the simulation study, we set the length of the coherent interval T = 200

(symbols), the number of user pairs K = 10, the training length τ = 2K, and the

noise variance is normalized to be σ2
n = 1. Furthermore, SNR = PR is defined at

the relay side.

2.7.1 Validation of Achievable Rate Results

Firstly, the effectiveness of the derived SCSI based achievable rate in (2.19)

and (2.20) is evaluated by comparing the spectral efficiency with the Monte-Carlo

simulation results. For simplicity, we assume that the large-scale fading factors are

σ2
i = 1 for all i = 1, 2, · · · , 2K and equal power allocation for users is utilized with

the total power 2KPS = PR. In Fig. 2.2 with pP = 10 dB, the spectral efficiency
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Figure 2.2: Spectral efficiency versus SNR for lower bounds and Monte-Carlo results
(pP = 10 dB, EPA, PR = 2KPS).

curves versus PS obtained from the analytical lower bounds (2.19) and (2.20), are

compared with the ones given by the exact capacity expression (2.14) obtained

through Monte-Carlo simulation. It is evident that the relative performance gap

between the capacity lower bound (2.20) and the exact capacity (2.14) for ZFR/ZFT

is even smaller than that for MRC/MRT, especially with larger number of antennas.

Moreover, Fig. 2.2 shows that the spectral efficiency of ZFR/ZFT increases much

faster than that of MRC/MRT as SNR increases. It is due to the fact that the effect

of interference is much larger than that of the noise for higher SNR while ZFR/ZFT

is able to null multi-user interference signals [23]. Hence, the effectiveness of the

derived closed-form lower bounds for both MRC/MRT and ZFR/ZFT has been

demonstrated.

Fig. 2.3 compares the spectral efficiency of MRC/MRT with that of ZFR/ZFT

at different SNRs, which shows that ZFR/ZFT does not always outperform

MRC/MRT in the massive MIMO two-way relaying systems. As K increases, i.e.,

the average SNR (PR

2K
) of each user decreases, the noise effect exceeds the interfer-

ence effect causing wore performance of ZFR/ZFT. Fig. 2.4 depicts the performance

of ZFR/ZFT over MRC/MRT with different N/K ratios. Different from the results

obtained by Fig. 2.3, Fig. 2.4 shows that under a fixed N/K, the gains brought by
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ZFT/ZFR grow even though the average SNR (PR

2K
) of each user decreases as the

number of user pairs K increases. These observations indicate that two asymptotic

regimes, large-scale antenna arrays and high SNR, are equivalent [7]. Moreover,

larger gains over MRC/MRT are achieved by the ZFR/ZFT processing at higher

N/K.

Next the asymptotic analyses with massive arrays for the two cases in Proposi-

tions 2.1 and 2.2 are examined, supposing PR = 2K∗PS and EPA employed with the

transmit power at each user satisfying pi = PS (i = 1, 2, · · · , 2K). Fig. 2.5 shows

the required user transmit power PS to achieve 1 bit/s/Hz per user. It is obvious

from Fig. 2.5(a) that in case I where the pilot power pP is fixed, the required user

transmit power is significantly reduced as N increases, and that the required PS

with ZFR/ZFT is lower than that with MRC/MRT. Regarding the imperfect CSI

effect, less user transmit power is required when pP is high. On the other hand,

when pP is low and N is small, the required 1 bit/s/Hz achievable rate per user

cannot be achieved even with infinite PS, which means that the only way to reduce

the imperfect CSI effect and thus achieve required spectral efficiency is to increase

the number of antennas at the relay. For case II with EP = 10 and the pilot power
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scaling down by pP = EP

Nς , Fig. 2.5(b) shows that higher ς leads to more slowly

reduced PS, because the imperfect CSI effect becomes much severer when the pilot

power is reduced faster with the increase of N .

2.7.2 Power Allocation

In this subsection, the proposed power allocation schemes in Section 2.6 are

examined in regard to the performance of the spectral efficiency.

In OPA, simulations are performed assuming that P0 = 10 dB, PR,0 = 23 dB

and P = 23 dB. First, we choose the large-scale fading matrix as follows

D =diag {0.749 0.045 0.246 0.121 0.125 0.142 0.635 0.256 0.021 0.123 0.257

0.856 1.000 0.899 0.014 0.759 0.315 0.432 0.195 0.562}

which is a snapshot of the practical setup, indicating that all large-scale fad-

ing factors fall into the interval [0.014, 1.000]. Fig. 2.6 shows the spectral ef-

ficiency versus pP with fixed N = 32, 64 and 128 under both OPA and EPA.

The employed EPA here allocates equal power to each user where the sum power

consumed by all users achieves its maximum value P/2 with PR = P/2, i.e.,

pi = P
4K

for all i = 1, 2, · · · , 2K. For the OPA, Algorithm 2.1 is utilized

with the initial values chosen as follows: ε = 0.01, L = 10, β = 1.1, and

χk,1 = akP
2K∑
i=1

(
b
(1)
k,i+2b

(2)
k,iP

−1
)
P+ckP+

(
4Kd

(1)
k +8Kd

(2)
k P−1

) (k = 1, · · · , 2K) are obtained by

the EPA scheme. It can be observed from Fig. 2.6 that OPA outperforms EPA,

especially when the number of relay antennas is high, which demonstrates the effec-

tiveness of our proposed PA. Furthermore, the spectral efficiency improvement in

OPA for MRC/MRT beamforming is always smaller than that for ZFR/ZFT under

different pP.

For AOPA, Fig. 2.7 validates the effectiveness of (2.29) and (2.33) at a large N

and a high SNR in comparison to OPA and EPA. Notably, the OPA here considers

fixed PR = P/2, i.e., only user power allocation is performed. Fig. 2.7(a) shows that

when PR = pP = 20 dB, the obtained spectral efficiency in AOPA for MRC/MRT5

is almost the same as that in OPA, reaching high gains over EPA. However, if the

SNR is reduced to PR = pP = 0 dB, the gain achieved by AOPA over EPA becomes

rather slight even when the number of antennas is significantly increased. While

regarding the ZFR/ZFT, Fig. 2.7(b) illustrates that when the number of antennas

is large and SNR is high, AOPA tends to EPA as predicted by (2.33). Furthermore,

5In the AOPA for MRC/MRT, we set σ2
2i = 1/σ2

2i−1 for i = 1, · · · ,K according to the assump-
tion in Section 2.6.
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Figure 2.6: Spectral efficiency versus pP (P0 = 10 dB, PR,0 = 23 dB, P = 23 dB).
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Fig. 2.7(b) shows that AOPA outperforms EPA slightly when the SNR is reduced

to PR = pP = 0 dB.

2.8 Conclusion

In this chapter, closed-form ergodic achievable rate expressions have been de-

rived for a multi-pair massive MIMO two-way AF relaying system with imperfect

CSI and linear processing. Optimal power allocations schemes based on the ob-

tained rate expressions have been shown to outperform equal power allocation in

various scenarios. It has been found that the asymptotically optimal power solu-

tions for MRC/MRT and ZFR/ZFT achieve almost the same performance as OPA

when the SNR is high and the number of antennas at the relay is large. Both

AOPA and OPA outperform EPA on the spectral efficiency. Besides, the allocated

power of each user in AOPA is inverse to the large-scale fading factor of the channel

from the user to the relay, and proportional to the channel from the relay to its

destination for MRC/MRT under the condition that the link end-to-end large-scale

fading factors among all pairs are equal, and the AOPA for ZFR/ZFT tends to be

EPA when N is large.

2.9 Appendices

2.9.1 Proof of Equation (2.10)

To prove (2.10), we start from the expectation E

[∥∥∥Ĝ∗TĜHG̃x
∥∥∥2], which is

rewritten as

E

[∥∥∥Ĝ∗TĜHG̃x
∥∥∥2] (a)

= tr

{
E

[
Ĝ∗TĜH

(
Ĝ−Ξ

)
PPH

(
Ĝ−Ξ

)H
ĜTHĜT

]}
(b)
= tr

{
E
[
ĜPPHĜHĜTHĜT Ĝ∗TĜH

]}
+ tr

{
E
[
ΞPPHΞHĜTHĜT Ĝ∗TĜH

]}
(2.34)

where step (a) is obtained by E
[
xxH

]
= I2K and substituting G̃ = GP and (2.4)

into the equation, and step (b) results from the independence between Ĝ and Ξ



27

and the property tr {AB} = tr {BA}. As for the first term in (2.34), we have

tr
{
E
[
ĜPPHĜHĜTHĜT Ĝ∗TĜH

]}
(a)
=tr

{
2K∑
k=1

pkE

[
ĝkĝ

H
k

K∑
i=1

(
ĝ2i−1ĝ

T
2i + ĝ2iĝ

T
2i−1

) (
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

)]}
(b)
=2N (N + 1) Ψ̂Φ̂ +N(N + 1)2

K∑
i=1

ψ̂iϕ̂i

(2.35)

where Ψ̂ =
K∑
i=1

ψ̂i with ψ̂i = p2i−1σ̂
2
2i−1 + p2iσ̂

2
2i and Φ̂ =

K∑
i=1

ϕ̂i with ϕ̂i =

σ̂2
2i−1σ̂

2
2i. Step (a) in (2.35) results from substituting Ĝ in (2.4), P and T into

the equation and formula expansion based on the fact that the expectation of
2K∑
k=1

E
[
ĝkĝ

H
k

(
ĝ2j−1ĝ

T
2j + ĝ2jĝ

T
2j−1

) (
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

)]
= 0 for any i ̸= j. Step

(b) is obtained by tr {AB} = tr {BA}, some results from Gaussian distributed es-

timated channel in (2.4)6 [28], and [29, Lemma 2.9]. To elaborate in detail, for the

items in (a) with any k ̸= 2i− 1 or 2i, we have

tr
{
E
[
ĝkĝ

H
k ĝ2iĝ

T
2i−1ĝ

∗
2i−1ĝ

H
2i

]}
= tr

{
E
[
ĝkĝ

H
k

]
E
[
ĝ2iĝ

H
2i−1ĝ2i−1ĝ

H
2i

]}
= N2σ̂2

2i−1σ̂
2
2iσ̂

2
k

(2.36)

tr
{
E
[
ĝkĝ

H
k ĝ2i−1ĝ

T
2iĝ

∗
2i−1ĝ

H
2i

]}
= tr

{
E
[
ĝkĝ

H
k

]
E
[
ĝ2i−1ĝ

H
2i−1

]
E
[
ĝ2iĝ

H
2i

]}
= Nσ̂2

2i−1σ̂
2
2iσ̂

2
k

(2.37)

where the properties x∗yT = yxH and xTy∗ = yHx for arbitrary vectors x and y

are utilized. While for the items with k = 2i− 1 and 2i, we have

tr
{
E
[
ĝ2i−1ĝ

H
2i−1

(
ĝ2i−1ĝ

T
2i + ĝ2iĝ

T
2i−1

) (
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

)]}
= 2N (N + 1) σ̂2

2iσ̂
4
2i−1 +N (N + 1)2 σ̂2

2iσ̂
4
2i−1

(2.38)

tr
{
E
[
ĝ2iĝ

H
2i

(
ĝ2i−1ĝ

T
2i + ĝ2iĝ

T
2i−1

) (
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

)]}
= 2N (N + 1) σ̂2

2i−1σ̂
4
2i +N (N + 1)2 σ̂2

2i−1σ̂
4
2i.

(2.39)

6Due to the estimated channel model in (2.4), we have that ĝi and ĝj are mutually independent
N×1 vectors with ∀i ̸= j whose elements are i.i.d. zero-mean Gaussian distributed with variances
σ̂2
i and σ̂2

j , respectively. Then, it can be concluded that E
[
ĝH
i ĝi

]
= Nσ̂2

i , E{ĝH
j ĝj} = Nσ̂2

j , and

E
[
ĝH
i ĝj

]
= 0. Also, we can obtain that E

[
|ĝH

i ĝj |2
]
= Nσ̂2

i σ̂
2
j .
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On account of the independence between Ĝ and Ξ, the second term in (2.34)

becomes

tr
{
E
[
ΞPPHΞHĜTHĜT Ĝ∗TĜH

]}
=

2K∑
j=1

pjσ
2
ξj
tr

{
E

[
K∑
i=1

(
ĝ2i−1ĝ

T
2i + ĝ2iĝ

T
2i−1

) (
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

)]}

= 2N (N + 1) Φ̂
2K∑
j=1

pjσ
2
ξj
.

(2.40)

By substituting (2.35) and (2.40) into (2.34), we have

E

[∥∥∥Ĝ∗TĜHG̃x
∥∥∥2] = N (N + 1)

[
2ΨΦ̂ + (N + 1)

K∑
i=1

ψ̂iϕ̂i

]
(2.41)

where Ψ =
K∑
i=1

ψi with ψi = p2i−1σ
2
2i−1 + p2iσ

2
2i.

To proceed, we need to calculate the expectation E

[∥∥∥Ĝ∗TĜHnr

∥∥∥2] in (2.10),

which is elaborated as follows

E

[∥∥∥Ĝ∗TĜHnr

∥∥∥2] (a)
= tr

{
σ2
nE
[
Ĝ∗TĜHĜTHĜT

]}
(b)
= tr

{
σ2
nE

[
K∑
i=1

(
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

) (
ĝ2i−1ĝ

T
2i + ĝ2iĝ

T
2i−1

)]}
(c)
= 2N (N + 1)σ2

nΦ̂

(2.42)

where step (a) is obtained by E
[
nrn

H
r

]
= σ2

nIN and tr {AB} = tr {BA}, (b) results
from substituting Ĝ in (2.4), P and T into the equation and the fact that the

expectation of E
[(
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

) (
ĝ2j−1ĝ

T
2j + ĝ2jĝ

T
2j−1

)]
= 0 for any i ̸= j,

and step (c) results from the properties of tr {AB} = tr {BA}, x∗yT = yxH

and xTy∗ = yHx for arbitrary vectors x and y, and the properties of Gaussian

distributed vectors, respectively, the detailed derivation of which is

tr
{
E
[(
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

) (
ĝ2i−1ĝ

T
2i + ĝ2iĝ

T
2i−1

)]}
= 2E

[
ĝH
2i ĝ2i−1ĝ

H
2i−1ĝ2i

]
+ 2E

[
ĝH
2i ĝ2i

]
E
[
ĝH
2i−1ĝ2i−1

]
= 2N (N + 1) σ̂2

2i−1σ̂
2
2i.

(2.43)

Hence, by substituting (2.41) and (2.42) into the step (a) in (2.10), the proof of

(2.10) is completed.
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2.9.2 Proof of Equation (2.13)

To prove (2.13), likewise, we start from E

[∥∥∥∥ ˆ̄G∗
T ˆ̄G

H
G̃x

∥∥∥∥2
]
, which can be

rewritten as

E

[∥∥∥∥ ˆ̄G∗
T ˆ̄G

H
G̃x

∥∥∥∥2
]
= tr

{
E

[
ˆ̄G

∗
T ˆ̄G

H (
Ĝ−Ξ

)
PPH

(
Ĝ−Ξ

)H ˆ̄GT ˆ̄G
T
]}

(a)
= tr

{
E

[
ˆ̄G

∗
T ˆ̄G

H
ĜPPHĜH ˆ̄GT ˆ̄G

T
]}

+ tr

{
E

[
ΞPPHΞH ˆ̄GT ˆ̄G

T ˆ̄G
∗
T ˆ̄G

H
]}

(b)
= tr

{
E

[
ˆ̄G

∗
PT

ˆ̄G
T
]}

+
2K∑
i=1

piσ
2
ξi
tr
{
E
[
Ω̂∗TΩ̂T

]}
(c)
=

2K∑
i=1

pi′E
[
ˆ̄g
H
i
ˆ̄gi

]
+

2K∑
i=1

piσ
2
ξi

2K∑
j=1

(
E
[
ω̂∗
j,jω̂j′,j′

]
+ E

[
|ω̂j,j′|2

])
(d)
=

2K∑
i=1

pi′

(N − 2K − 1) σ̂2
i

+ η̂
2K∑
i=1

piσ
2
ξi

(2.44)

where η̂ =
2K∑
j=1

1
(N−2K)(N−2K−3)σ̂2

j σ̂
2
j′
, step (a) is based on the fact that the esti-

mation error matrix Ξ is independent of Ĝ, and step (b) is obtained by an in-

tuitive property of ˆ̄G
H
Ĝ = ĜH ˆ̄G = I2K , the definition of PT = TPPHT =

diag {p2, p1, . . . p2K , p2K−1} and E
[
ΞPPHΞH

]
=

2K∑
i=1

piσ
2
ξi
IN , which is derived from

the distribution of Ξ. Here, Ω̂
∆
=
(
ĜHĜ

)−1

is defined with ω̂i,j =
(
Ω̂
)
i,j

for ∀i, j ∈

{1, 2, · · · , 2K}, following an inverse Wishart distribution of W−1
2K(N+2K+1, D̂−1).

Furthermore, step (c) is based on tr {AB} = tr {BA}. As to the detailed derivation

of (d), we use the identity [30, 31]

E
[
W−1

]
=

Σ−1

n−m− 1
(2.45)

where W ∼ Wm(n,Σ) is an m ×m central complex Wishart matrix with n (n >

m) degrees of freedom and the distribution of W−1 is called an inverted Wishart

distribution, following W−1
m (n +m+ 1,Σ−1). It can be easily concluded that Ω̂

∆
=(

ĜHĜ
)−1

∼ W−1
2K(N + 2K + 1, D̂−1) with ω̂i,j =

(
Ω̂
)
i,j

for ∀i, j ∈ {1, 2, · · · , 2K},
hence

E

[
ˆ̄G

H ˆ̄G

]
= E

[(
ĜHĜ

)−1
]
=

D̂−1

N − 2K − 1
(2.46)
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where N > 2K. In this way, we have E
[
ˆ̄gH
k
ˆ̄gk

]
= E [ω̂k,k] =

1
(N−2K−1)σ̂2

k
for k =

1, 2, · · · , 2K, and

E
[
ω̂∗
j,jω̂j′,j′

]
= cov

[
ω̂∗
j,jω̂j′,j′

]
+ E

[
ω̂∗
j,j

]
E [ω̂j′,j′ ]

=
2

(N − 2K) (N − 2K − 1)2 (N − 2K − 3) σ̂2
j σ̂

2
j′

+
1

(N − 2K − 1)2σ̂2
j σ̂

2
j′

(2.47)

E
[
|ω̂i,j|2

]
= var [ω̂i,j] + E2 [ω̂i,j] =

2

(N − 2K − 1)2 (N − 2K − 3) σ̂2
i σ̂

2
j

(2.48)

where cov
[
ω̂∗
k,kω̂k′,k′

]
(k, k′ ∈ {1, 2, · · · , 2K}), E [ω̂i,j] and var [ω̂i,j] (i, j ∈ {1, 2, · · · , 2K})

are calculated based on the properties of the inverse Wishart matrix Ω̂ [30, 31].

Then, the calculation of E

[∥∥∥∥ ˆ̄G∗
T ˆ̄G

H
nr

∥∥∥∥2
]
in (2.13) can be elaborated as

E

[∥∥∥∥ ˆ̄G∗
T ˆ̄G

H
nr

∥∥∥∥2
]
= tr

{
σ2
nE
[
Ω̂∗TΩ̂T

]}
= σ2

n

2K∑
j=1

(
E
[
ω̂∗
j,jω̂j′,j′

]
+ E

[
|ω̂i,j|2

])
= η̂σ2

n.

(2.49)

Hence, by substituting (2.44) and (2.49) into the step (a) in (2.13), the proof of

(2.13) is completed.

2.9.3 Proof of Theorem 2.1

To derive the closed-form expression of the achievable rate in (2.17), we start

from the expectation E
[
gT
k′Fgk

]
in the numerator based on MRC/MRT in (2.9),

given by

E
[
gT
k′Fgk

] (a)
= E

[
ĝT
k′Fĝk

]
+ E

[
ξTk′Fξk

] (b)
= α1E

[
ĝT
k′

K∑
i=1

(
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

)
ĝk

]
(c)
= α1E

[
ĝT
k′ĝ

∗
kĝ

H
k′ ĝk + ĝT

k′ĝ
∗
k′ĝ

H
k ĝk

] (d)
= α1N (N + 1) ϕ̂⌈ k′

2 ⌉
(2.50)

where step (a) is obtained by gk′ = ĝk′ − ξk′ and the independence between ĝk′ and

ξk′ , step (b) results from substituting F in (2.9), Ĝ in (2.4) and T into the equation

and the fact E
[
ξTk′Fξk

]
= 0, (c) is obtained by formula expansion based on the

fact that the expectation of E
[
ĝT
k′

(
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

)
ĝk

]
= 0 for any i ̸=

⌈
k
2

⌉
and⌈

k′

2

⌉
, and step (d) results from the property tr {AB} = tr {BA} and the properties

of Gaussian distributed vectors.
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Then, the variance of gT
k′Fgk in the denominator of (2.17) is

Var
[
gT
k′Fgk

] (a)
= E

[∣∣gT
k′Fgk

∣∣2]− ∣∣E [gT
k′Fgk

]∣∣2
(b)
=E

[
ĝT
k′Fĝkĝ

H
k F

H ĝ∗
k′

]
+ E

[
ĝT
k′Fξkξ

H
k FH ĝ∗

k′

]
+ E

[
ξTk′Fĝkĝ

H
k F

Hξ∗k′
]

+ E
[
ξTk′Fξkξ

H
k FHξ∗k′

]
− α2

1N
2(N + 1)2ϕ̂2

⌈ k′
2 ⌉

(2.51)

where step (a) indicates the definition of the variance and (b) results from gi = ĝi−ξi
and the independence between ĝi and ξi (∀i ∈ {1, · · · , 2K}). For the first term of

step (b) in (2.51), we have

E
[
ĝT
k′Fĝkĝ

H
k F

H ĝ∗
k′

] (a)
= α2

1

K∑
i=1

E
[
ĝT
k′

(
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

)
ĝkĝ

H
k

(
ĝ2i−1ĝ

T
2i + ĝ2iĝ

T
2i−1

)
ĝ∗
k′

]
(b)
= 2N (N + 1)2 α2

1ϕ̂
2

⌈ k′
2 ⌉

+ 2N (N + 1)α2
1ϕ̂⌈ k′

2 ⌉Φ̂ +N2 (N + 1)2 α2
1ϕ̂

2

⌈ k′
2 ⌉

(2.52)

where step (b) is obtained simply by the property tr {AB} = tr {BA}, the proper-
ties of Gaussian distributed vectors, and [29, Lemma 2.9]. To elaborate in detail,

for the items of (a) in (2.52) with i =
⌈
k′

2

⌉
, we have

E
[
ĝT
k′

(
ĝ∗
kĝ

H
k′ + ĝ∗

k′ĝ
H
k

)
ĝkĝ

H
k

(
ĝkĝ

T
k′ + ĝk′ĝ

T
k

)
ĝ∗
k′

]
= 2tr

{
E
[
ĝk′ĝ

H
k′ ĝk′ĝ

H
k′

]
E
[
ĝkĝ

H
k ĝkĝ

H
k

]}
+ E

[∣∣ĝH
k ĝk′

∣∣4]+ E
[
∥ĝk∥4

]
E
[
∥ĝk′∥4

]
= 2N (N + 1)2 ϕ̂2

⌈ k′
2 ⌉

+ 2N (N + 1) ϕ̂2

⌈ k′
2 ⌉

+N2 (N + 1)2 ϕ̂2

⌈ k′
2 ⌉

(2.53)

where the properties of E
[
ĝiĝ

H
i ĝiĝ

H
i

]
= (N + 1)σ4

i IN (i = 1, 2, · · · , 2K) resulting

from the fact that vectors ĝi contains the i.i.d. CN (0, σ2
i ) elements, E

[
|θ|4
]
=

2σ4
θ for arbitrary complex value θ ∼ CN (0, σ2

θ), and [29, Lemma 2.9] are utilized,

respectively. While for the items with i ̸=
⌈
k′

2

⌉
, we have

E
[
ĝT
k′

(
ĝ∗
2i−1ĝ

H
2i + ĝ∗

2iĝ
H
2i−1

)
ĝkĝ

H
k

(
ĝ2i−1ĝ

T
2i + ĝ2iĝ

T
2i−1

)
ĝ∗
k′

]
= 2E

[
ĝH
2i−1ĝkĝ

H
k ĝ2i−1

]
× E

[
ĝH
2i ĝk′ĝ

H
k′ ĝ2i

]
+ 2tr

{
E
[
ĝk′ĝ

H
k′

]
E
[
ĝ2iĝ

H
2i

]
E
[
ĝkĝ

H
k

]
E
[
ĝ2i−1ĝ

H
2i−1

]}
= 2N (N + 1) ϕ̂iϕ̂⌈ k′

2 ⌉
(2.54)

where tr {AB} = tr {BA} and the properties of Gaussian distributed vectors are

utilized, respectively. Subsequently, the left three terms of step (b) in (2.51) are
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calculated and expressed as

E
[
ĝT
k′Fξkξ

H
k FH ĝ∗

k′

]
= N (N + 1)2 α2

1σ
2
ξk
σ̂2
k′ϕ̂⌈ k′

2 ⌉ + 2N (N + 1)α2
1σ

2
ξk
σ̂2
k′Φ̂ (2.55a)

E
[
ξTk′Fĝkĝ

H
k F

Hξ∗k′
]
= N (N + 1)2 α2

1σ
2
ξk′
σ̂2
kϕ̂⌈ k′

2 ⌉ + 2N (N + 1)α2
1σ

2
ξk′
σ̂2
kΦ̂ (2.55b)

E
[
ξTk′Fξkξ

H
k FHξ∗k′

]
= 2N (N + 1)α2

1σ
2
ξk
σ2
ξk′
Φ̂. (2.55c)

Substituting (2.52) and (2.55) into (2.51) leads to

Var
[
gT
k′Fgk

]
=N (N + 1)α2

1

[
(N + 1) ϕ̂⌈ k′

2 ⌉
(
σ2
k′σ̂

2
k + σ2

kσ̂
2
k′

)
+ 2ϕ⌈ k′

2 ⌉Φ̂
]

(2.56)

where we define Φ =
K∑
i=1

ϕi with ϕi = σ2
2i−1σ

2
2i.

Similarly, we obtain

SIk′ =pk′4N (N + 1)α2
1σ

2
ξk′

[
(N + 1) σ̂2

kσ̂
4
k′ +

(
σ2
k′ + σ̂2

k′

)
Φ̂
]

(2.57a)

IPk′ =
2K∑

i̸=k,k′

piN (N + 1)α2
1

[
(N + 1)

(
σ2
i σ̂

4
k′σ̂

2
k + σ2

k′σ̂
4
i σ̂

2
i′

)
+ 2σ2

i σ
2
k′Φ̂
]

(2.57b)

NRk′ =N (N + 1)α2
1σ

2
n

[
(N + 1) σ̂2

kσ̂
4
k′ + 2σ2

k′Φ̂
]
, NUk′ = σ2

n. (2.57c)

Substituting (2.50), (2.56) and (2.57) into (2.17), we have

pk
∣∣E [gT

k′Fgk

]∣∣2
pkVar [gT

k′Fgk] + SIk′ + IPk′ +NRk′ +NUk′

(a)
=

pkN (N + 1) σ̂4
kσ̂

4
k′

2K∑
i=1

pi

{
ςk′,i +

σ2
n[2Φ̂σ2

i σ
2
i′+(N+1)σ̂4

i σ̂
2
i′ ]

PR

}
+ ck′pk′ + σ2

n

[
(N + 1) σ̂2

kσ̂
4
k′ + 2σ2

k′Φ̂
]
+ 2σ4

nΦ̂
PR

(2.58)

where ςk′,i
∆
= (N + 1) (σ2

i σ̂
4
k′σ̂

2
k + σ2

k′σ̂
4
i σ̂

2
i′) + 2σ2

i σ
2
k′Φ̂, ck′ = 2 [(N + 1) (σ2

k′ − 2σ̂2
k′) σ̂

2
kσ̂

4
k′

+(σ4
k′ − 2σ̂4

k′) Φ̂
]
, and step (a) is obtained by substituting (2.10) into (2.58). In this

way, (2.19) is obtained and thus Theorem 2.1 is demonstrated.

2.9.4 Proof of Theorem 2.2

In this appendix, we focus on the proof of the closed-form expression in (2.17)

with imperfect CSI based ZFR/ZFT processing. First, we start from the expecta-
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tion E
[
gT
k′Fgk

]
in the numerator, given by

E
[
gT
k′Fgk

]
= α2E

[
(ĝk′ − ξk′)

T ˆ̄G
∗
T ˆ̄G

H
(ĝk − ξk)

]
(a)
=α2E

[
ĝT
k′
ˆ̄G

∗
T ˆ̄G

H
ĝk

]
+ α2E

[
ξTk′

ˆ̄G
∗
T ˆ̄G

H
ξk

]
(b)
= α2

(2.59)

where step (a) is based on the fact that the estimation error matrix Ξ is independent

of Ĝ, i.e., ξi is independent of ĝj for ∀i, j ∈ {1, 2, · · · , 2K}, and step (b) is obtained

by ĝT
i′Fĝj = α2δij on account of ĜTFĜ = α2I2K .

Then, based on the imperfect CSI based ZFR/ZFT processing in (2.13), the

variance of gT
k′Fgk in the denominator of (2.17) is

Var
[
gT
k′Fgk

]
= E

[∣∣gT
k′Fgk

∣∣2]− ∣∣E [gT
k′Fgk

]∣∣2 = E
[
ĝT
k′Fĝkĝ

H
k F

H ĝ∗
k′

]
− α2

2

+ E
[
ĝT
k′Fξkξ

H
k FH ĝ∗

k′

]
+ E

[
ξTk′Fĝkĝ

H
k F

Hξ∗k′
]
+ E

[
ξTk′Fξkξ

H
k FHξ∗k′

]
(a)
= σ2

ξk
E
[
ĝT
k′FF

H ĝ∗
k′

]
+ σ2

ξk′
E
[
ĝH
k F

HFĝk

]
+ σ2

ξk
σ2
ξk′
tr
{
E
[
FFH

]}
(b)
= α2

2σ2
ξk
E
[
eTk′TΩ̂Tek′

]
+ α2

2σ2
ξk′
E
[
eTkTΩ̂∗Tek

]
+ α2

2σ2
ξk
σ2
ξk′
tr
{
E
[
Ω̂∗TΩ̂T

]}
(c)
= α2

2σ2
ξk
E [ω̂k,k] + α2

2σ2
ξk′
E
[
ω̂∗
k′,k′

]
+ α2

2σ2
ξk
σ2
ξk′

2K∑
j=1

(
E
[
ω̂∗
j,jω̂j′,j′

]
+ E

[
|ω̂j,j′|2

])
(d)
= α2

2θk′,k

(2.60)

where θi,j =
σ2
ξj

(N−2K−1)σ̂2
i′
+

σ2
ξi

(N−2K−1)σ̂2
j′
+ σ2

ξi
σ2
ξj
η̂ with i, j ∈ {1, 2, · · · , 2K}, step

(a) results from the property tr {AB} = tr {BA}, ĝT
k′Fĝkĝ

H
k F

H ĝ∗
k′ = α2

2δk,kδk′,k′

and E
[
ξiξ

H
i

]
= σ2

ξi
IN for ∀i ∈ {1, 2, · · · , 2K}, step (b) is obtained by the definition

of Ω̂
∆
=
(
ĜHĜ

)−1

with ω̂i,j =
(
Ω̂
)
i,j

for ∀i, j ∈ {1, 2, · · · , 2K} and the fact of

gT
k′G

∗(GTG∗)−1
= eTk′ and

(
GTG∗)−1

GTg∗
k′ = ek′ , (c) is just an intuitive transfor-

mation, and (d) is derived according to the properties of the inverse Wishart matrix

in (2.47) and (2.48).

Considering that no SIC is performed as ĝT
k′Fĝk′ = 0, the self-interference term

can be rewritten as

SIk′ = pk′E
[∣∣gT

k′Fgk′
∣∣2] = pk′α

2
2

(
θk′,k′ + σ4

ξk′
η̂
)
. (2.61)
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Similarly, we obtain

IPk′ =
2K∑

i̸=k,k′

piα2
2θk′,i, NUk′ = σ2

n (2.62a)

NRk′ =
α2

2σ2
n

(N − 2K − 1) σ̂2
k

+ α2
2σ2

nσ
2
ξk′
η̂. (2.62b)

Substituting (2.59), (2.60), (2.61) and (2.62) into (2.17), we have

pk
∣∣E [gT

k′Fgk

]∣∣2
pkVar [gT

k′Fgk] + SIk′ + IPk′ +NRk′ +NUk′

(a)
=

pk

2K∑
i=1

pi

θk′,i + σ2
n

(
1

(N−2K−1)σ̂2
i′
+σ2

ξi
η̂

)
PR

+ pk′σ4
ξk′
η̂ + σ2

n

(N−2K−1)σ̂2
k
+ σ2

nσ
2
ξk′
η̂ + σ4

nη̂
PR

(2.63)

where (a) results form substituting (2.13) into (2.63). Thus (2.20) is obtained and

Theorem 2.2 is demonstrated.
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Chapter 3

MSE-based Precoding for MIMO

Downlinks in Heterogeneous

Networks

In the above chapter, we have investigated massive multiple-input multiple-

output (MIMO) combined with cooperative relaying for peer to peer transmissions

utilizing linear processing. Considering the increasing data traffic demand in cellu-

lar networks today, heterogeneous networks (HetNets) has been investigated by the

3rd Generation Partnership Project (3GPP) for further improvements in network

capacity. Due to the large number of potential interfering nodes in the network,

properly mitigating both the inter-cell and intra-cell multiuser interference is a cru-

cial issue facing HetNet. In this chapter, the mean square error based precoding

design to be employed by the macro base station and the SC nodes will be studied

for MIMO downlinks.

3.1 Introduction

I
t is widely acknowledged that further improvements in network capacity are

only possible by increasing the node deployment density [32, 33]. On the other

hand, deploying more macro tiers in already dense networks may be prohibitively

expensive and result in significantly reduced cell splitting gains due to severe inter-

cell interference [34]. Heterogeneous networks (HetNets) that embed a large number

of low-power nodes into an existing macro network with the aim of offloading traffic

from the macro cell to small cells has emerged as a viable and cost-effective way to

increase network capacity [4, 32–34].

In a typical HetNet consisting of a macro cell (MC) and several small cells (SCs),
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the MC serves its user equipments (UEs) in a large region by a high-power base

station (BS), while each SC serves its UEs in its own coverage region by a low-power

SC node if there is no cooperative transmission between the BSs and SCs. Due to the

large number of potential interfering nodes in the network, properly mitigating both

the inter-cell and intra-cell multiuser interference is a crucial issue facing HetNet.

Interference control (IC) for the interference networks recently has been intensively

studied and applied in HetNet [23, 35–38], and the coordinated multi-point (CoMP)

transmission is demonstrated to be an effective approach in [35], including joint

processing (JP) and coordinated beamforming (CB). When the backhaul among

the coordinated tiers is able to share both user data and channel state information

(CSI), the CoMP-JP transmission is shown to provide high spectral efficiency [23,

38]. However, JP also introduces limitations for practical implementation due to

its needs for high signaling overhead. On the other hand, with the BSs and SCs

cooperated in the beamformer or precoder level, CB strategies only require the share

of CSI in order to mitigate the cross-tier interference between the macro cell and

co-channel deployed SCs. Reference [36] has implemented the cross-tier IC with

CB based on a prioritized user selection scheme. Later, a joint selection based IC is

presented to achieve more balanced performances between the macro cell UEs and

the SC UEs [37]. Nevertheless, these schemes with closed-form expressions are only

available in certain cases, such as a two-user MIMO interference channel.

3.2 Related Work

In practical systems, the design of specific interference control schemes is subject

to various criteria and constraints. Typically, interference control is formulated as

problems that optimize certain system utility functions, which are directly associ-

ated with the UE rates or mean square error. Since the signal-to-noise ratio (SNR)

is not so high in the practical wireless systems, especially at the cell edge, imperative

performance improvement in the low and intermediate SNR region becomes a mo-

tivation in the IC scheme design. In [39], new MSE-based transceiver schemes are

designed through efficient iterative algorithms for the peer to peer multiple-input

multiple-output (MIMO) interference channel. In addition, source and relay pre-

coding designs based on the mean square error (MSE) criterion in MIMO two-way

relay systems are investigated in [40, 41]. Unfortunately, due to their differences in

network architecture, they may not be employed directly into the HetNet systems,

where there are hierarchical nodes including BS and SCs and each of them can

transmit to multiple users.
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3.3 Contributions

To the best knowledge of the authors, there are no MSE-based precoding schemes

for HetNet in the literature. In this chapter, we develop three new MSE-based pre-

coding schemes for MIMO downlinks in HetNet systems consisting of a macro tier

overlaid with a second tier of SCs. Collectively, the proposed precoding schemes

form a design toolbox that is expected to cover a wide spectrum of system needs

ranging from superior precoding performance for systems with sufficient comput-

ing power to non-iterative precoder for systems without the need to exchange CSI

among cells. First, the design of transmit precoding matrices and vectors is tackled

by jointly minimizing a sum-MSE of all users subject to individual transmit power

constraints at each cell. Based on this formulation, two alternating optimization

algorithms named relaxed-constraints based alternating optimization (RAO) and

unconstrained alternating optimization with normalization (UAON) are presented,

where the RAO relaxes the non-convex constraints involved to convex ones first and

then employs an alternating optimization technique to produce the solution, while

the UAON is performed by embedding the constraints into the optimization process

via a normalization step. Motivated by the techniques aimed at multi-cell time di-

vision duplex (TDD) systems [42, 43], next we develop a low complexity precoding

scheme for HetNet where the precoder in each cell is designed separately without

the need to exchange user data or CSI over the backhaul. By employing block diago-

nalization (BD) techniques at the node side [44], we derive a two-level precoder by a

non-iterative algorithm where different interference thresholds are utilized to control

the relative weights associated with the interferences for performance enhancement.

Moreover, robust precoding schemes are presented correspondingly with imperfect

CSI known at each node. Finally, we present results from numerical experiments

for the proposed precoding strategies under different system configurations as well

as a comparison study on performance in terms of MSE and bit error rate (BER).

The rest of the chapter is organized as follows. The system model for the

MIMO downlinks in HetNet systems is described in Section 3.4. In Section 3.5, a

new sum-MSE based precoding scheme for HetNet is proposed and two implemen-

tation algorithms are elaborated. In Section 3.6, a separate MSE based precoding

algorithm is developed for the BS and SCs, respectively, and two-level precoders

are derived. Then, robust precoders are designed based on the estimated channel

knowledge in Section 3.7. Simulation results for several different system configura-

tions are presented in Section 3.8 to demonstrate the performance of the proposed

precoding techniques. Finally, we draw our conclusions in Section 3.9.
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Figure 3.1: System model for HetNet with SCs deployment.

3.4 System Model

We consider a two-tier network architecture with one cell consisting of one macro

BS, which is overlaid with a dense tier of S uniformly distributed SCs as shown in

Fig. 3.1. Assume that the BS and SCs are respectively equipped with NBS and NSC

antennas, while each user is dropped uniformly in the cell area and processes NUE

antennas. Based on the maximum reference signal received power (RSRP) [32],

the users served by the macro BS are assigned to a macro UE (MUE) set, and

those served by the SCs are assigned to a small cell UE (SUE) set. Suppose the

macro BS serves K MUEs with K ≤ NBS while s-th SC (s ∈ Ω = {1, 2, . . . , S})
serves Ls ≤ NSC SUEs, thus the MUE and s-th SUE sets can be denoted by

I = {1, 2, . . . , K} and Js = {1, 2, . . . , Ls}, respectively.
If the BS and SCs apply linear precoding to serve their UEs during the downlink

transmissions, then the received signals at the i-th (i ∈ I) MUE and j-th (j ∈ Js)

SUE in the s-th SC are given by

y
(i)
BS =

K∑
k=1

√
PBS

(
H

(i)
B−M

)H
W

(k)
BSx

(k)
BS +

S∑
s=1

Ls∑
l=1

√
PSC

(
H

(s,i)
S−M

)H
W

(s,l)
SC x

(s,l)
SC + n

(i)
BS

=
(
G

(i)
B−M

)H
WBSxBS +

S∑
s=1

(
G

(s,i)
S−M

)H
W

(s)
SCx

(s)
SC + n

(i)
BS

(3.1)
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y
(s,j)
SC =

K∑
k=1

√
PBS

(
H

(s,j)
B−S

)H
W

(k)
BSx

(k)
BS +

S∑
t=1

Lt∑
l=1

√
PSC

(
H

(t,s,j)
S−S

)H
W

(t,l)
SC x

(t,l)
SC + n

(s,j)
SC

=
(
G

(s,j)
B−S

)H
WBSxBS +

S∑
t=1

(
G

(t,s,j)
S−S

)H
W

(t)
SCx

(t)
SC + n

(s,j)
SC

(3.2)

respectively, where PBS and PSC represent the average power at the macro BS and

SCs; H
(i)
B−M and H

(j)
B−S denote the NBS×NUE channel vectors from the BS to the i-th

MUE and j-th SUE, respectively; H
(s,i)
S−M and H

(s,j)
S−S denote the NSC ×NUE channel

vectors from s-th SC to the i-th MUE and j-th SUE, respectively; x
(k)
BS ∈ CNS×1 and

x
(s,j)
SC ∈ CNS×1 are the complex-valued Gaussian NS transmitted symbol streams

from BS to its k-th MUE and from s-th SC to its own SUE; W
(k)
BS and W

(s,j)
SC

are the NBS × NS and NSC × NS precoding matrices, respectively; and n
(i)
BS and

n
(s,j)
SC are the additive white Gaussian noise vectors with each element of variance

N0. Besides, WBS =
[
W

(1)
BS,W

(2)
BS, . . . ,W

(K)
BS

]
, W

(t)
SC =

[
W

(t,1)
SC ,W

(t,2)
SC , . . . ,W

(t,Lt)
SC

]
,

xBS =
[
x
(1)
BS;x

(2)
BS; . . . ;x

(K)
BS

]
, x

(t)
SC =

[
x
(t,1)
SC ;x

(t,2)
SC ; . . . ;x

(t,Lt)
SC

]
, G

(i)
B−M =

√
PBSH

(i)
B−M,

G
(j)
B−S =

√
PBSH

(j)
B−S, G

(s,i)
S−M =

√
PSCH

(s,i)
S−M and G

(t,s,j)
S−S =

√
PSCH

(t,s,j)
S−S are defined

for analysis simplicity. Moreover, the propagation factor here is defined as the

product of a fast fading factor and an amplitude factor that accounts for geometric

attenuation and shadow fading. For example, h
(m1,n1,i)
B−M (the (m1, n1)-th element of

H
(i)
B−M) and h

(m2,n2,s,i)
S−M (the (m2, n2)-th element of H

(s,i)
S−M) in (3.1) assume the form

h
(m1,n1,i)
B−M =

√
β
(i)
B−Mυ

(m1,n1,i)
B−M , h

(m2,n2,s,i)
S−M =

√
β
(s,i)
S−Mυ

(m2,n2,s,i)
S−M (3.3)

where m1 ∈ {1, 2, . . . , NBS}, m2 ∈ {1, 2, . . . , NSC}, n1, n2 ∈ {1, 2, . . . , NUE};
υ
(m1,n1,i)
B−M ∼ CN (0, 1) and υ

(m2,n2,s,i)
S−M ∼ CN (0, 1) denote the fast fading coefficients;

and β
(i)
B−M and β

(s,i)
S−M are the amplitude factors. Because the geometric and shadow

fading change slowly over space, β
(i)
B−M and β

(s,i)
S−M are treated as constants with

respect to the index of the base station antenna, and we can write

β
(i)
B−M = ζBSθBS

(
d
(i)
B−M

)
, β

(s,i)
S−M = ζSCθSC

(
d
(s,i)
S−M

)
(3.4)

where ζBS and ζSC denote the corresponding penetration loss that are independent

over all the indices [45], and functions θBS

(
d
(i)
B−M

)
and θSC

(
d
(s,i)
S−M

)
represent the

pathloss model at the BS and the SCs, respectively, where the arguments d
(i)
B−M and

d
(s,i)
S−M are the distance between the BS and the i-th MUE and the distance between

the s-th SC and the i-th MUE, respectively. Similar expressions for the propagation

factors H
(s,j)
B−S and H

(t,s,j)
S−S in (3.2) can be obtained. We assume that time division
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duplex is adopted with channel reciprocity satisfied, i.e., the propagation factor is

the same for both forward and reverse links and block fading remains constant for

a duration symbols. Hence, exact CSI for the downlinks can be obtained for both

BS and SCs.

From (3.1), the signal received at MUEs can be expressed as

yBS = GH
B−MWBSxBS +

S∑
s=1

(
G

(s)
S−M

)H
W

(s)
SCx

(s)
SC + nBS (3.5)

where GB−M =
[
G

(1)
B−M,G

(2)
B−M, . . . ,G

(K)
B−M

]
, G

(s)
S−M =

[
G

(s,1)
S−M,G

(s,2)
S−M, . . . ,G

(s,K)
S−M

]
,

nBS =
[
n
(1)
BS;n

(2)
BS; . . . ;n

(K)
BS

]
and yBS =

[
y
(1)
BS;y

(2)
BS; . . . ;y

(K)
BS

]
. Similarly, from (3.2)

the signal received at SUEs of the s-th SC is

y
(s)
SC =

(
G

(s)
B−S

)H
WBSxBS +

S∑
t=1

(
G

(t,s)
S−S

)H
W

(t)
SCx

(t)
SC + n

(s)
SC (3.6)

where G
(s)
B−S =

[
G

(s,1)
B−S,G

(s,2)
B−S, . . . ,G

(s,Ls)
B−S

]
, G

(t,s)
S−S =

[
G

(t,s,1)
S−S ,G

(t,s,2)
S−S , . . . ,G

(t,s,Ls)
S−S

]
,

n
(s)
SC =

[
n
(s,1)
SC ;n

(s,2)
SC ; . . . ;n

(s,Ls)
SC

]
and y

(s)
SC =

[
y
(s,1)
SC ;y

(s,2)
SC ; . . . ;y

(s,Ls)
SC

]
.

Assume that the linear receiver is applied at each user, then

x̂
(i)
BS = R

(i)
BSy

(i)
BS, x̂

(s,j)
SC = R

(s,j)
SC y

(s,j)
SC , s ∈ Ω (3.7)

where R
(i)
BS ∈ CNS×NUE and R

(s,j)
SC ∈ CNS×NUE are the receiving filter matrices of

MUE i and SUE j in the s-th SC, respectively. For simplicity, in the rest of the

paper (3.7) is rewritten as

x̂BS = RBSyBS, x̂
(s)
SC = R

(s)
SCy

(s)
SC, s ∈ Ω (3.8)

where RBS = bd
{
R

(1)
BS, . . . ,R

(K)
BS

}
and R

(s)
SC = bd

{
R

(s,1)
SC , . . . ,R

(s,Ls)
SC

}
.

3.5 Sum-MSE Minimization Based Precoding in

HetNet

In this section, the design of precoding matrices WBS and W
(s)
SC (s ∈ Ω) is ad-

dressed by minimizing the total MSE (we call it sum-MSE) where each squared error

term involves its corresponding receiver matrix RBS or R
(s)
SC that can be performed

by the user. This minimization is carried out subject to average power constraints

on WBS and W
(s)
SC for s ∈ Ω. Under these circumstances, the precoding design
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problem can be cast as a constrained optimization problem

min
WBS,W

(t)
SC

RBS,R
(t)
SC, t ∈ Ω

E

[
∥x̂BS − xBS∥2 +

S∑
s=1

∥∥∥x̂(s)
SC − x

(s)
SC

∥∥∥2]
(3.9a)

subject to tr
{
WH

BSWBS

}
= 1 (3.9b)

tr

{(
W

(t)
SC

)H
W

(t)
SC

}
= 1, for t ∈ Ω (3.9c)

RBS = bd
{
R

(1)
BS, . . . ,R

(K)
BS

}
(3.9d)

R
(t)
SC = bd

{
R

(t,1)
SC , . . . ,R

(t,Lt)
SC

}
, for t ∈ Ω. (3.9e)

Let WSC =
[
W

(1)
SC; W

(2)
SC; . . . ; W

(S)
SC

]
and RSC =

[
R

(1)
SC,R

(2)
SC, . . . ,R

(S)
SC

]
, and note

that the transmission symbols satisfy E {x} = 0, E
{
xxH

}
= I, and ∥x∥2 =

tr{xxH}, the objective function in (3.9a) can be rewritten to make its dependence

on WBS and W
(s)
SC explicit as

f (WBS,WSC,RBS,RSC) = MSEBS +MSESC (3.10)

where

MSEBS
∆
= E

[
∥x̂BS − xBS∥2

]
= tr

{
RBS

[
GH

B−MWBSW
H
BSGB−M +

S∑
s=1

(
G

(s)
S−M

)H
×W

(s)
SC

(
W

(s)
SC

)H
G

(s)
S−M

]
RH

BS − 2RBSG
H
B−MWBS + IKNS

+ σ2
0RBSR

H
BS

}
(3.11)

and

MSESC
∆
= E

[
S∑

s=1

∥∥∥x̂(s)
SC − x

(s)
SC

∥∥∥2] =
S∑

s=1

tr

{
R

(s)
SC

[(
G

(s)
B−S

)H
WBSW

H
BSG

(s)
B−S

+
S∑

t=1

(
G

(t,s)
S−S

)H
W

(t)
SC

(
W

(t)
SC

)H
G

(t,s)
S−S

](
R

(s)
SC

)H
− 2R

(s)
SC

(
G

(s,s)
S−S

)H
W

(s)
SC

+ILsNS
+ σ2

0R
(s)
SC

(
R

(s)
SC

)H}
.

(3.12)

From (3.11) and (3.12) it follows that the sum-MSE is convex w.r.t WBS and W
(t)
SC;

and that it is also convex w.r.t. RBS and the matrices in RSC. An essential techni-
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cal difficulty in dealing with problem (3.9) is that both its objective function and

the constraints on average power are nonconvex. In what follows, we propose an

alternating convex optimization (ACO) technique which turns out to be well suited

for the precoding design problem at hand. Specifically, a significant advantage of

using ACO-based techniques is that all sub-problems involved are convex, and fast

algorithms for their solutions and reliable software code for implementations are

available [20, 21]. In what follows we present two alternating-optimization based

techniques. The first technique partitions the design variables into two subsets such

that the objective becomes convex with respect to each subset of variables, and this

variable partitioning is done while the constraints on average power are relaxed

to their convex counterparts. The second technique carries out unconstrained al-

ternating optimization with respect to the above-mentioned two subsets of design

variables alternatively, followed by a simple norm normalization step to satisfy the

requirement on average power.

3.5.1 Relaxed-constraints based Alternating Optimization

(RAO)

Here we consider a variant of problem (3.9) by a natural convex relaxation of

the nonconvex constraints in (3.9b) and (3.9c), namely,

min
WBS,W

(t)
SC

RBS,R
(t)
SC, t ∈ Ω

f (WBS,WSC,RBS,RSC)

(3.13a)

subject to tr
{
WH

BSWBS

}
≤ 1 (3.13b)

tr

{(
W

(t)
SC

)H
W

(t)
SC

}
≤ 1, for t ∈ Ω (3.13c)

(3.9d), (3.9e) (3.13d)

As (3.9b) and (3.9c) impose conditions on the average power at the BS and SCs,

its convex relaxation as seen in (3.13b) and (3.13c) are well justified as it limits the

average power at the BS and SCs to be within the given values. As will become

transparent shortly, the convex relaxation removes the only obstacle that would

otherwise prevent from applying an ACO-based technique to the precoding problem.

To solve problem (3.13), we begin by partitioning the design variables into

two sets, namely X1 = {WBS,WSC} and X2 = {RBS,RSC}. Note that

f (WBS,WSC,RBS,RSC) in (3.13a) is convex w.r.t. variable set X1 while variable

set X2 is fixed, and that it is also convex w.r.t. X2 while X1 is fixed. There-
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fore, it is natural to apply an ACO approach for the solution of (3.13), which

is outlined as follows. With variables in X1 fixed, one minimizes convex objec-

tive function f (WBS,WSC,RBS,RSC) w.r.t. variables {RBS,RSC}. Clearly this is

an unconstrained convex problem because variables {RBS,RSC} are not involved

in (3.13b) and (3.13c) and constraints in (3.13d) can be removed by substitut-

ing it into the objective function. The solution of the above problem, denoted by

X∗
2 = {R∗

BS,R
∗
SC}, are then fixed and one minimizes the convex objective function

f (WBS,WSC,R
∗
BS,R

∗
SC) w.r.t. {WBS,WSC} subject to constraints (3.13b) and

(3.13c). Obviously this is a constrained convex problem that can be solved effi-

ciently. Having obtained its solution {W∗
BS,W

∗
SC}, the next round of ACO starts,

and the procedure continues until a norm of the variations in both variable sets

obtained from the two current consecutive rounds is less than a prescribed toler-

ance and the most current {W∗
BS,W

∗
SC,R

∗
BS,R

∗
SC} is taken as the solution of the

problem. The technical details of solving the two convex sub-problems now follow.

With X1 fixed:

In this case, WBS and WSC are given and the optimization problem in (3.13)

assumes the form

min
RBS,RSC

f1 (RBS,RSC) (3.14a)

subject to (3.9d), (3.9e) (3.14b)

Substituting constraints (3.9d) and (3.9e) into eq. (3.10), it follows that

f1 (RBS,RSC) =
K∑
i=1

tr

{
R

(i)
BSΨ

(i)
BS

(
R

(i)
BS

)H
− 2R

(i)
BS

(
G

(i)
B−M

)H
W

(i)
BS + INS

+σ2
0R

(i)
BS

(
R

(i)
BS

)H}
+

S∑
s=1

ls∑
j=1

tr

{
R

(s,j)
SC Ψ

(s,j)
SC

(
R

(s,j)
SC

)H
−2R

(s,j)
SC

(
G

(s,s,j)
S−S

)H
W

(s,j)
SC + INS

+ σ2
0R

(s,j)
SC

(
R

(s,j)
SC

)H}
(3.15)

where

Ψ
(i)
BS =

(
G

(i)
B−M

)H
WBSW

H
BSG

(i)
B−M +

S∑
s=1

(
G

(s,i)
S−M

)H
W

(s)
SC

(
W

(s)
SC

)H
G

(s,i)
S−M (3.16a)

Ψ
(s,j)
SC =

(
G

(s,j)
B−S

)H
WBSW

H
BSG

(s,j)
B−S +

S∑
t=1

(
G

(t,s,j)
S−S

)H
W

(t)
SC

(
W

(t)
SC

)H
G

(t,s,j)
S−S (3.16b)
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Hence, the global minimizer RBS
∗ and R∗

SC can be found by solving

∂f1 (RBS,RSC)

∂R
(i)
BS

= 0,
∂f1 (RBS,RSC)

∂R
(s,j)
SC

= 0, ∀i ∈ I, j ∈ Js, s ∈ Ω (3.17)

which gives

R
(i)∗
BS =

(
W

(i)
BS

)H
G

(i)
B−M

(
Ψ

(i)
BS + σ2

0INUE

)−1

, i ∈ I (3.18a)

R
(s,j)∗
SC =

(
W

(s,j)
SC

)H
G

(s,s,j)
S−S

(
Ψ

(s,j)
SC + σ2

0INUE

)−1

, j ∈ Js, s ∈ Ω. (3.18b)

As we can see, the optimal linear receivers R∗
BS and R

(s,j)∗
SC (s ∈ Ω) depend on the

optimal transmit precoding matrices WBS and W
(s,j)
SC . In this way, the optimal

solution R∗
BS and R

(s)∗
SC (s ∈ Ω) for problem (3.14) can be easily obtained by (3.18)

based on the assumption of X1 being fixed.

With X2 fixed:

In this case, RBS and RSC are fixed, and the optimization problem in (3.9)

assumes the form

min
WBS,WSC

f2 (WBS,WSC) (3.19a)

subject to (3.13b), (3.13c). (3.19b)

With λ0 and λs (s ∈ Ω) as the Lagrange multipliers associated with the power

constraints, the Lagrangian of problem (3.19) is given by [20]

L (WBS,WSC, λ) =f2 (WBS,WSC) + λ0
[
tr
{
WH

BSWBS

}
− 1
]

+
S∑

s=1

λs

[
tr

{(
W

(s)
SC

)H
W

(s)
SC

}
− 1

] (3.20)

where for notation simplicity we have defined λ = [λ0, λ1, . . . , λS]
T . It is clear that,

given RBS, RSC, λ0 and λs (s ∈ Ω), the Lagrangian in (3.20) is minimized if and

only if
∂L (WBS,WSC, λ)

∂WBS

= 0,
∂L (WBS,WSC, λ)

∂W
(s)
SC

= 0, ∀s ∈ Ω (3.21)
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i.e.,

W∗
BS = (ΦBS + λ0INBS

)−1GB−MR
H
BS (3.22a)

W
(s)∗
SC =

(
Φ

(s)
SC + λsINSC

)−1

G
(s,s)
S−S

(
R

(s)
SC

)H
, s ∈ Ω. (3.22b)

where

ΦBS = GB−MR
H
BSRBSG

H
B−M +

S∑
s=1

G
(s)
B−S

(
R

(s)
SC

)H
R

(s)
SC

(
G

(s)
B−S

)H
(3.23a)

Φ
(s)
SC = G

(s)
S−MR

H
BSRBS

(
G

(s)
S−M

)H
+

S∑
t=1

G
(s,t)
S−S

(
R

(t)
SC

)H
R

(t)
SC

(
G

(s,t)
S−S

)H
, s ∈ Ω.

(3.23b)

To obtain non-negative multipliers λ0 and λs (s ∈ Ω) in the above equations, we

substitute (3.22) into (3.20) and write L (λ) = L (W∗
BS,W

∗
SC, λ). From the com-

plementarity equalities in the Karush-Kuhn-Tucker (KKT) conditions for (3.19),

namely

λ0
(
tr
{
WH

BSWBS

}
− 1
)
= 0 (3.24a)

λs

[
tr

{(
W

(s)
SC

)H
W

(s)
SC

}
− 1

]
= 0, s ∈ Ω (3.24b)

we see that the optimal Lagrange multipliers are either positive such that the equal-

ity constraints in (3.9b) hold or zeros such that the constraints in (3.13b) hold

strictly. Recalling that the equality constraints in (3.9b) are relaxed to the convex

inequalities, we first assume that all the multipliers are greater than zero so that

the equalities in constraints (3.13b) hold. This is the same as stating that taking

partial derivative of L w.r.t. λ0 and λs (s ∈ Ω) yields zero values.

Given that ΦBS can be factorized in the form SH
BSDBSSBS where SH

BSSBS = INBS

and DBS = diag
{
d
(1)
BS, d

(2)
BS, . . . , d

(NBS)
BS

}
, and that each Φ

(s)
SC can be expressed as(

S
(s)
SC

)H
D

(s)
SCS

(s)
SC, with

(
S
(s)
SC

)H
S
(s)
SC = INSC

andD
(s)
SC = diag

{
d
(s,1)
SC , d

(s,2)
SC , . . . , d

(s,NSC)
SC

}
,

the Lagrangian L (λ) can be simplified to an explicit expression in terms of

λ0, λ1, . . . , λS, see (3.51) in Appendix 3.10.1. Differentiating L (λ) in (3.51)
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w.r.t. λ0 and λs (s ∈ Ω) and setting the results to zero yield

∂L (λ)

∂λ0
=

NBS∑
n=1

a
(n)
BS(

d
(n)
BS + λ0

)2 − 1
∆
= χ0 (λ0) = 0 (3.25a)

∂L (λ)

∂λs
=

NSC∑
n=1

a
(s,n)
SC(

d
(s,n)
SC + λs

)2 − 1
∆
= χs (λs) = 0, s ∈ Ω (3.25b)

where ABS = SH
BSGB−MR

H
BSRBSG

H
B−MSBS is defined with its (n, n)-th entry de-

noted as a
(n)
BS , and A

(s)
SC =

(
S
(s)
SC

)H
G

(s,s)
S−S

(
R

(s)
SC

)H
R

(s)
SC

(
G

(s,s)
S−S

)H
S
(s)
SC is defined with

its (n, n)-th entry denoted as a
(s,n)
SC . Based on the equations in (3.25), we propose

a bisection search algorithm to compute the numerical values of the optimal La-

grange multipliers λs (s ∈ {0,Ω}). The reader is referred to Algorithm 3.1 for a

step-by-step description of the search method.

Algorithm 3.1: Bisection search algorithm

Decide search region: Calculate χs (0) and decide the search region. If

χs (0) > 0, find a λ̃s satisfying χs

(
λ̃s

)
≥ 0 and then go to the initialization

step. Otherwise, output λ∗s = 0 as the solution.

Initialize: Set λs,min = 0, λs,max = λ̃s and a tolerance ε.
Repeat:

1) Set λs = (λs,min + λs,max)/2;

2) Calculate χs (λs);

3) Update the search region: If χs (λs) ≥ 0, set lower bound to λs,min = λs.
If χs (λs) < 0, set upper bound to λs,max = λs.

Until: χs (λs,min)− χs (λs,max) < ε (search error is less than tolerance).
Output: Output λ∗s = (λs,min + λs,max)/2 as the solution.

By substituting the optimal λ∗s (s ∈ {0,Ω}) obtained into (3.22), the optimal

W∗
BS,W

(s)∗
SC (s ∈ Ω) can be calculated according to (3.22), where X2 is assumed to

be fixed. As the alternating convex minimization continues, the objective function

in (3.13a) monotonically decreases that ensures the algorithms convergence because

the objective function is nonnegative hence it is bounded from below. In practice,

the alternating minimization is run sufficient number of times so as to reach a

steady-state hence practically optimal design. The reader is referred to Algorithm

3.2 for a step-by-step summary of the proposed method.
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Algorithm 3.2: RAO

Initialize: Input initial R
(0)
BS, R

(s)(0)
SC (s ∈ Ω) and a maximum number of

iterations Niter. Set k = 1.
Repeat:

1) Calculate optimal λ∗s (s ∈ {0,Ω}) in (3.25) by Algorithm 1;

2) Calculate W
(k)
BS and W

(s)(k)
SC (s ∈ Ω) using (3.22);

3) Calculate optimal R
(k)
BS and R

(s)(k)
SC (s ∈ Ω) by substituting the W

(k)
BS and

W
(s)(k)
SC (s ∈ Ω) obtained in step 2) into (3.18);

4) Set k = k + 1.

Until: k = Niter.

Output: Output R
(Niter)
BS , R

(s)(Niter)
SC (s ∈ Ω), W

(Niter)
BS and W

(s)(Niter)
SC (s ∈ Ω)

as the solution.

3.5.2 Unconstrained Alternating Optimization with Nor-

malization (UAON)

As will be demonstrated later in Section 3.8, the RAO algorithm described above

offers superior performance, but at the cost of considerable complexity. Below we

present an alternative solution for the sum-MSE problem based on unconstrained

alternating convex optimization combined with a simple normalization step. More

precisely, by relaxing the equality constraints in (3.9b) and (3.9c) to constraints on

average power which are in turn satisfied by normalizing the W̄BS and W̄
(s)
SC (s ∈ Ω)

obtained by minimizing the objective function without constraints, optimal precod-

ing can be achieved quickly with reduced complexity relative to that of the RAO

algorithm. The technical details that materialize this approach are given as follows.

With X1 fixed:

The optimal R∗
BS and R

(s)∗
SC (s ∈ Ω) can be acquired in the same way as the

constrained alternating optimization, which results in (3.18).

With X2 fixed:

Given RBS and R
(s)
SC (s ∈ Ω), the optimization problem becomes

min
WBS,WSC

f2 (WBS,WSC) (3.26)
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where no constraints are imposed. Consequently, the global minimizer W∗
BS,W

(s)∗
SC

(s ∈ Ω) are obtained by solving [20]

∂f2 (WBS,WSC)

∂WBS

= 0,
∂f2 (WBS,WSC)

∂W
(s)
SC

= 0, s ∈ Ω (3.27)

which yield

W̄BS = Φ−1
BSGB−MR

H
BS (3.28a)

W̄
(s)
SC =

(
Φ

(s)
SC

)−1

G
(s,s)
S−S

(
R

(s)
SC

)H
, s ∈ Ω. (3.28b)

Then, the normalized optimal solutions are expressed as

W∗
BS =

W̄BS√
tr
{
W̄H

BSW̄BS

} (3.29a)

W
(s)∗
SC =

W̄
(s)
SC√(

W̄
(s)
SC

)H
W̄

(s)
SC

, s ∈ Ω.
(3.29b)

Algorithm 3.3: UAON

Initialize: Set initialR
(0)
BS,R

(s)(0)
SC (s ∈ Ω) and a maximum number of iterations

Niter. Set k = 1.
Repeat:

1) Calculate W̄
(k)
BS and W̄

(s)(k)
SC (s ∈ Ω) using (3.28), and normalize them using

(3.29) to obtain W
(k)
BS ,W

(s)(k)
SC (s ∈ Ω);

2) Calculate optimal R
(k)
BS and R

SC(k)
s (s ∈ Ω) by substituting the W

(k)
BS and

W
(s)(k)
SC (s ∈ Ω) obtained in step 1) into (3.18);

3) Set k = k + 1.

Until: k = Niter.

Output: Output R
(Niter)
BS , R

(s)(Niter)
SC (s ∈ Ω), W

(Niter)
BS and W

(s)(Niter)
SC (s ∈ Ω)

as the solution.

We remark that although UAON is much simpler than RAO, the optimal pre-

coder based on UAON still requires the knowledge about the channels from the

nodes to both MUEs and SUEs.
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3.6 Separate MSE Minimization Based Two-level

Precoding in HetNet

In Section 3.5, the precoders at the BS and all the SCs are jointly designed

by minimizing the sum-MSE. However, due to the non-convexity of the objective

functions and constraints, no non-iterative algorithms are available for the precoder

designs and intensive computation is required. In this section, a simplified solution

procedure is derived based on separate MSE minimization where block diagonaliza-

tion techniques act in the first-level and the second-level precoders at each node are

designed separately. As shown in what follows, the separate treatment of individual

precoders leads to a non-iterative algorithm.

3.6.1 MSE Minimization at the BS

In order to determine the precoding matrix WBS at the BS, the signal and

interference associated with the BS are taken into account in a way similar to [42].

This leads to

min
WBS,RBS

E
[
∥x̂BS − xBS∥2

]
(3.30a)

subject to
∥∥GH

B−SWBSxBS

∥∥2 ≤ γBS (3.30b)

tr
{
WH

BSWBS

}
≤ 1 (3.30c)

where γBS > 0 is a threshold parameter set to control the relative interference

involved. The item in the objective in (3.30a) is the sum of squares of errors seen

by the MUEs assuming no interferences included, i.e., yBS = GH
B−MWBSxBS +

nBS; and the item in (3.30b) is the sum of squares of the interference seen by

the SUEs. By tuning γBS, the BS trades off the beamforming gains for its target

MUEs against interference reduction to the neighboring SUEs. We stress that the

objective function is not jointly convex with respect to all design variables, but that

the induced interference constraint in (3.30b) and the average power constraint in

(3.30c) are convex. Certainly, similar to the RAO proposed in Section 3.5, an

iterative algorithm could provide an optimal solution for (3.30). To obtain a non-

iterative algorithm, we further simplify (3.30) by employing BD technique at the BS

side as a first-level precoder. Thereby, all the inter-MUE interferences are eliminated

and each MUE perceives an interference-free MIMO channel, which means that



50

problem in (3.30) can be divided into K independent sub-problems of the form

min
W

(i)
BS,R

(i)
BS

E

[∥∥∥x̂(i)
BS − x

(i)
BS

∥∥∥2] (3.31a)

subject to
∥∥∥GH

B−SW
(i)
BSx

(i)
BS

∥∥∥2 ≤ γ
(i)
BS

(3.31b)

tr

{(
W

(i)
BS

)H
W

(i)
BS

}
≤ α

(i)
BS (3.31c)(

Ḡ
(i)
B−M

)H
W

(i)
BS = 0 (3.31d)

where i ∈ I, Ḡ
(i)
B−M =

[
G

(1)
B−M, . . . ,G

(i−1)
B−M,G

(i+1)
B−M, . . .G

(K)
B−M

]
,

K∑
i=1

γ
(i)
BS = γBS and

K∑
i=1

α
(i)
BS = 1 with γ

(i)
BS > 0 and α

(i)
BS > 0. Here, the BD constraint of (3.31d)

is imposed to eliminate all inter-MUE interferences. By applying the SVD, we

have Ḡ
(i)
B−M = U

(i)
BSZ

(i)
BS

[
V

(i,1)
BS V

(i,0)
BS

]H
, where Z

(i)
BS is the diagonal matrix with non-

negative singular values as its diagonal elements, V
(i,1)
BS contains the singular vectors

corresponding to the nonzero singular values and V
(i,0)
BS consists of vectors corre-

sponding to the zero singular values. Hence, V
(i,0)
BS is an orthogonal basis for the

null space of Ḡ
(i)
B−M. For simplicity, we suppose that W

(i)
BS = W

(i)
BS,1W

(i)
BS,2 for ∀i ∈ I

with W
(i)
BS,1 = V

(i,0)
BS to satisfy the BD constraint of (3.31d). In this way, we trans-

form our focus from the design of W
(i)
BS to that of W

(i)
BS,2.

Similar to the RAO algorithm, suppose that W
(i)
BS are fixed, then the optimal

R
(i)
BS (i ∈ I) can be expressed as

R
(i)∗
BS =

(
W

(i)
BS

)H
G

(i)
B−M

[(
G

(i)
B−M

)H
W

(i)
BS

(
W

(i)
BS

)H
G

(i)
B−M + σ2

0INUE

]−1

. (3.32)

Substituting (3.32) into the objective function of (3.31a), we obtain

MSE
(i)
BS = NS − tr


[
σ2
0

((
G

(i)
B−M

)H
W

(i)
BS

(
W

(i)
BS

)H
G

(i)
B−M

)−1

+ INUE

]−1
 (3.33)

which means that minimizing MSE is equivalent to maximizing the term of∥∥∥∥(G(i)
B−M

)H
W

(i)
BS

∥∥∥∥2
F

. Since transmission symbols satisfy E {x} = 0 and E
{
xxH

}
=

I, the left-hand in (3.31c) equals to tr
{
Q

(i)
BS

}
, whereQ

(i)
BS = B

(i)
BSW

(i)
BS,2

(
W

(i)
BS,2

)H
B

(i)
BS

with B
(i)
BS =

[
G̃

(i)
B−S

(
G̃

(i)
B−S

)H] 1
2

, where G̃
(i)
B−S

∆
=
(
W

(i)
BS,1

)H
GB−S denotes the equiv-

alent channel matrix. Similarly, suppose that G̃
(i)
B−M

∆
=
(
W

(i)
BS,1

)H
G

(i)
B−M, then the
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objective function becomes∥∥∥∥(G(i)
B−M

)H
W

(i)
BS

∥∥∥∥2
F

= tr

{(
G̃

(i)
B−M

)H (
B

(i)
BS

)−1

Q
(i)
BS

(
B

(i)
BS

)−1

G̃
(i)
B−M

}
= tr

{
P
(i)
BSΣ

(i)
BS

(
T

(i)
BS

)H
Q

(i)
BST

(i)
BS

(
Σ

(i)
BS

)H(
P
(i)
BS

)H} (3.34)

where
(
G̃

(i)
B−M

)H (
B

(i)
BS

)−1

= P
(i)
BSΣ

(i)
BS

(
T

(i)
BS

)H
withΣ

(i)
BS = diag

{
σ
(i,1)
BS , . . . , σ

(i,NUE)
BS

}
is obtained by SVD in order to further simplify the problem. Using the Hadamards

inequality (see, e.g., [25]), the optimal solution for maximizing (3.34) is ob-

tained as Q
(i)∗
BS = T

(i)
BSΛ

(i)
BS

(
T

(i)
BS

)H
, where Λ

(i)
BS = diag

{
λ
(i,1)
BS , . . . , λ

(i,NUE)
BS

}
with

λ
(i,n)
BS (n = 1, . . . , NUE) being the only parameters to be determined. Thus, the

objective function in (3.31) can be transformed into
NUE∑
n=1

(
σ
(i,n)
BS

)2
λ
(i,n)
BS , the con-

straint in (3.31b) is equivalent to
NUE∑
n=1

λ
(i,n)
BS ≤ γ

(i)
BS, and (3.31c) is equivalent to

tr
{
Λ

(i)
BSX

(i)
BS

}
=

NUE∑
n=1

x
(i,n)
BS λ

(i,n)
BS ≤ α

(i)
BS with X

(i)
BS

∆
=
(
T

(i)
BS

)H(
B

(i)
BS

)−2

T
(i)
BS, where

x
(i,n)
BS denotes the (n, n)-th element of X

(i)
BS. In this way, the optimization problem

(3.31) can be formulated as

min
λ
(i)
BS

(
c
(i)
BS

)T
λ
(i)
BS (3.35a)

subject to eTλ
(i)
BS ≤ γ

(i)
BS (3.35b)(

x
(i)
BS

)T
λ
(i)
BS ≤ α

(i)
BS

(3.35c)

−λ(i)BS ≤ 0 (3.35d)

where λ
(i)
BS =

[
λ
(i,1)
BS , . . . , λ

(i,NUE)
BS

]T
, c

(i)
BS =

[
−
(
σ
(i,n)
BS

)2
, . . . ,−

(
σ
(i,NUE)
BS

)2]T
and

x
(i)
BS =

[
x
(i,1)
BS , . . . , x

(i,NUE)
BS

]T
. Notably, (3.35) is a standard linear programming

(LP) problem and can easily be solved by CVX. Upon obtaining the optimal λ
(i)∗
BS ,

the optimal precoder at the BS is found to be

WBSW
H
BS = V

(i,0)
BS

(
B

(i)
BS

)−1

T
(i)
BSΛ

(i)∗
BS

(
T

(i)
BS

)H(
B

(i)
BS

)−1 (
V

(i,0)
BS

)H
(3.36)

from which the optimal WBS can be obtained by SVD.

From the above solution procedure, it is clear that constructing an optimal pre-

coder at the BS only requires the knowledge about the channels from BS to both

MUEs and SUEs, a less stringent requirement relative to the sum-MUE minimiza-
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tion based precoding scheme.

3.6.2 MSE Minimization at each SC

Similarly, the design of precoding vector W
(s)
SC (s ∈ Ω) can be handled by solving

the LP problem for each SUE, given by

min
λ
(s,j)
SC

(
c
(s,j)
SC

)T
λ
(s,j)
SC (3.37a)

subject to eTλ
(s,j)
SC ≤ γ

(s,j)
SC (3.37b)(

x
(s,j)
SC

)T
λ
(s,j)
SC ≤ α

(s,j)
SC

(3.37c)

−λ(s,j)SC ≤ 0 (3.37d)

where j ∈ Js, λ
(s,j)
SC =

[
λ
(s,j,1)
SC , . . . , λ

(s,j,NUE)
SC

]T
, c

(s,j)
SC =

[
−
(
σ
(s,j,n)
SC

)2
, . . . ,

−
(
σ
(s,j,NUE)
SC

)2]T
and x

(s,j)
SC =

[
x
(s,j,1)
SC , . . . , x

(s,j,NUE)
SC

]T
. Here, the vector elements

are calculated accordingly based on the definitions and derivations in Subsection

3.6.1.

Like the precoder at the BS, only the knowledge about channels from s-th SC

to both MUEs and SUEs are required to construct the optimal precoder at s-th SC.

3.7 Robust Precoding Design With Imperfect

CSI in HetNet

Since perfect CSI is required in the above precoding design, it is often not

practical due to channel estimation error, feedback error and quantization error.

In this section, we propose more practical precoders for the HetNet with imperfect

CSI known at each node.

Assume that the CSI errors of all links are stochastic and modeled as Ĝ∗ =

G∗ + Ξ∗, where ∗ ∈ {B−M,B− S, S−M, S− S}, Ĝ∗ is the estimated channel

matrix, and Ξ∗ denotes the channel estimation error matrix which is assumed to

be Gaussian distributed with E [Ξ] = 0 and E
[
vec (Ξ∗) vec(Ξ∗)

H
]
= σ2

hI.
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3.7.1 Robust RAO With Imperfect CSI

With imperfect CSI known at each node, the RAO problem becomes

min
WBS,W

(t)
SC

RBS,R
(t)
SC, t ∈ Ω

f (WBS,WSC,RBS,RSC)
∣∣∣Ĝ∗

(3.38a)

subject to (3.13b), (3.13c), (3.13d) (3.38b)

where

f (WBS,WSC,RBS,RSC)
∣∣∣Ĝ∗ = MŜEBS +MŜESC (3.39)

with

MŜEBS
∆
= E

[
∥x̂BS − xBS∥2

∣∣∣Ĝ∗

]
=tr

{
RBS

[
ĜH

B−MWBSW
H
BSĜB−M +

S∑
s=1

(
Ĝ

(s)
S−M

)H
W

(s)
SC

(
W

(s)
SC

)H
Ĝ

(s)
S−M

]
RH

BS

−2RBSĜ
H
B−MWBS + IKNS

+ σ2
0RBSR

H
BS

}
+ σ2

hω̄tr
{
RH

BSRBS

}
(3.40)

MŜESC
∆
= E

[
S∑

s=1

∥∥∥x̂(s)
SC − x

(s)
SC

∥∥∥2 ∣∣∣Ĝ∗

]

=
S∑

s=1

tr

{
R

(s)
SC

[(
Ĝ

(s)
B−S

)H
WBSW

H
BSĜ

(s)
B−S +

S∑
t=1

(
Ĝ

(t,s)
S−S

)H
W

(t)
SC

(
W

(t)
SC

)H
Ĝ

(t,s)
S−S

](
R

(s)
SC

)H
−2R

(s)
SC

(
Ĝ

(s,s)
S−S

)H
W

(s)
SC + ILsNS

+ σ2
0R

(s)
SC

(
R

(s)
SC

)H}
+ σ2

hω̄tr

{(
R

(s)
SC

)H
R

(s)
SC

}
(3.41)

and ω̄ = tr
{
WH

BSWBS

}
+

S∑
t=1

tr

{(
W

(t)
SC

)H
W

(t)
SC

}
. Thus, following the step of RAO,

key equations can be derived from the KKT conditions for problem (3.38) as

R
(i)∗
BS =

(
W

(i)
BS

)H
Ĝ

(i)
B−M

[
Ψ̂

(i)
BS +

(
σ2
0 + σ2

hω̄
)
INUE

]−1

, i ∈ I (3.42a)

R
(s,j)∗
SC =

(
W

(s,j)
SC

)H
Ĝ

(s,s,j)
S−S

[
Ψ̂

(s,j)
SC +

(
σ2
0 + σ2

hω̄
)
INUE

]−1

, j ∈ Js, s ∈ Ω. (3.42b)

W∗
BS =

[
Φ̂BS +

(
λ̂0 + σ2

hr̄
)
INBS

]−1

ĜB−MR
H
BS (3.42c)

W
(s)∗
SC =

[
Φ̂

(s)
SC +

(
λ̂s + σ2

hr̄
)
INSC

]−1

Ĝ
(s,s)
S−S

(
R

(s)
SC

)H
, s ∈ Ω. (3.42d)
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where Ψ̂
(i)
BS =

(
Ĝ

(i)
B−M

)H
WBSW

H
BSĜ

(i)
B−M+

S∑
s=1

(
Ĝ

(s,i)
S−M

)H
W

(s)
SC

(
W

(s)
SC

)H
Ĝ

(s,i)
S−M, Ψ̂

(s,j)
SC

=
(
Ĝ

(s,j)
B−S

)H
WBSW

H
BSĜ

(s,j)
B−S+

S∑
t=1

(
Ĝ

(t,s,j)
S−S

)H
W

(t)
SC

(
W

(t)
SC

)H
Ĝ

(t,s,j)
S−S , Φ̂BS = ĜB−MR

H
BS

RBSĜ
H
B−M +

S∑
s=1

Ĝ
(s)
B−S

(
R

(s)
SC

)H
R

(s)
SC

(
Ĝ

(s)
B−S

)H
, Φ̂

(s)
SC = Ĝ

(s)
S−MR

H
BSRBS

(
Ĝ

(s)
S−M

)H
+

S∑
t=1

Ĝ
(s,t)
S−S

(
R

(t)
SC

)H
R

(t)
SC

(
Ĝ

(s,t)
S−S

)H
, and r̄ = tr

{
RH

BSRBS

}
+

S∑
t=1

tr

{(
R

(t)
SC

)H
R

(t)
SC

}
.

Based on (3.42), a robust RAO algorithm can be constructed in a way similar

to that in Subsection 3.5.1 where the RAO algorithm was developed. The optimal

Lagrange in the present case satisfy

∂L
(
λ̂
)

∂λ̂0
=

NBS∑
n=1

â
(n)
BS(

d̂
(n)
BS + λ̂0 + σ2

hr̄
)2 − 1

∆
= χ̂0

(
λ̂0

)
= 0 (3.43a)

∂L
(
λ̂
)

∂λ̂s
=

NSC∑
n=1

â
(s,n)
SC(

d̂
(s,n)
SC + λ̂s + σ2

hr̄
)2 − 1

∆
= χ̂s

(
λ̂s

)
= 0, s ∈ Ω (3.43b)

where â
(n)
BS , d̂

(n)
BS , â

(s,n)
SC and d̂

(s,n)
SC are defined in an entirely similar way to their

counterparts in Subsection 3.5.1. Evidently, a bisection search is applicable to

(3.43) to identify the optimal Lagrange multipliers.

3.7.2 Robust UAON With Imperfect CSI

As expected, the design of robust UAON with imperfect CSI can be carried

out by steps in parallel to those of Algorithm 3. Specifically, the optimal R∗
BS and

R
(s)∗
SC (s ∈ Ω) have the same expressions as (3.42a) and (3.42b). Consequently, the

global minimizers W∗
BS and W

(s)∗
SC (s ∈ Ω) for robust UAON can be obtained by

first computing

W̄BS =
(
Φ̂BS + σ2

hr̄INBS

)−1

ĜB−MR
H
BS (3.44a)

W̄
(s)
SC =

(
Φ̂

(s)
SC + σ2

hr̄INSC

)−1

Ĝ
(s,s)
S−S

(
R

(s)
SC

)H
, s ∈ Ω. (3.44b)

followed by a norm normalization step as in (3.29).

3.7.3 Robust Non-iterative Algorithm With Imperfect CSI

With imperfect CSI, there is a robust counterpart of the non-iterative precoding

developed in Subsection 3.6 based on separate MSE. To see this, note that the
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optimal R
(i)
BS (i ∈ I) with fixed W

(i)
BS can be expressed as

R
(i)∗
BS =

(
W

(i)
BS

)H
Ĝ

(i)
B−M

[(
Ĝ

(i)
B−M

)H
W

(i)
BS

(
W

(i)
BS

)H
Ĝ

(i)
B−M +

(
σ2
0 + σ2

hω̄
(i)
BS

)
INUE

]−1

(3.45)

where ω̄
(i)
BS = tr

{
W

(i)
BS

(
W

(i)
BS

)H}
. By substituting (3.45) into the imperfect CSI

based objective function, it is evident that minimizing MSE can be transformed into

maximizing the term of

∥∥∥∥(Ĝ(i)
B−M

)H
W

(i)
BS

∥∥∥∥2
F

. In this way, the optimization problem

after certain transformations can be rewritten as

min
λ̂
(i)
BS

(
ĉ
(i)
BS

)T
λ̂
(i)
BS (3.46a)

subject to eT λ̂
(i)
BS ≤ γ

(i)
BS (3.46b)(

x̂
(i)
BS

)T
λ̂
(i)
BS ≤ α

(i)
BS

(3.46c)

where λ̂
(i)
BS =

[
λ̂
(i,1)
BS , . . . , λ̂

(i,NUE)
BS

]T
, ĉ

(i)
BS =

[
−
(
σ̂
(i,n)
BS

)2
, . . . ,−

(
σ̂
(i,NUE)
BS

)2]T
and

x̂
(i)
BS =

[
x̂
(i,1)
BS , . . . , x̂

(i,NUE)
BS

]T
. Notably, (3.46) is a standard linear programming

(LP) problem and can easily be solved by CVX. Upon obtaining the optimal λ̂
(i)∗
BS ,

the optimal precoder at the BS is found to be

W
(i)
BS

(
W

(i)
BS

)H
= V̂

(i,0)
BS

(
B̂

(i)
BS

)−1

T̂
(i)
BSΛ̂

(i)∗
BS

(
T̂

(i)
BS

)H(
B̂

(i)
BS

)−1 (
V̂

(i,0)
BS

)H
(3.47)

where B̂
(i)
BS, T̂

(i)
BS and V̂

(i,0)
BS are obtained by replacing all involved G∗ with Ĝ∗.

Thus, the optimal imperfect CSI based WBS can be obtained by applying SVD

to eq. (3.47). Clearly, constructing an optimal precoder at the BS only requires

estimated knowledge about the channels from BS to both MUEs and SUEs, a

less stringent requirement relative to the sum-MUE minimization based precoding

scheme.

Similarly, the design of precoding vector W
(s)
SC (s ∈ Ω) can be handled by solving

the LP problem for each SUE, given by

min
λ̂
(s,j)
SC

(
ĉ
(s,j)
SC

)T
λ̂
(s,j)
SC (3.48a)

subject to eT λ̂
(s,j)
SC ≤ γ

(s,j)
SC (3.48b)(

x̂
(s,j)
SC

)T
λ̂
(s,j)
SC ≤ α

(s,j)
SC

(3.48c)
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where j ∈ Js, λ̂
(s,j)
SC =

[
λ̂
(s,j,1)
SC , . . . , λ̂

(s,j,NUE)
SC

]T
, ĉ

(s,j)
SC =

[
−
(
σ̂
(s,j,n)
SC

)2
, . . . ,

−
(
σ̂
(s,j,NUE)
SC

)2]T
and x̂

(s,j)
SC =

[
x̂
(s,j,1)
SC , . . . , x̂

(s,j,NUE)
SC

]T
. The components of the

above vectors are calculated in a way entirely similar to that performed in Sub-

section 3.6.1. Here we omit the details due to limited space. Like the precoder at

the BS, only the estimated knowledge about channels from s-th SC to both MUEs

and SUEs are required to construct the optimal precoder at s-th SC.

3.8 Simulation Results

Simulations were performed for the three MSE-based precoding strategies in the

MIMO HetNet systems to demonstrate the efficiency and performance of the pro-

posed precoder design schemes. In the simulations, the bandwidth was 20 MHz, the

cell radiuses for macro-cell and small cell were set to 800 m and 100 m, respectively,

and the inter site distance between MC and SC was set to 700 m, see Table 3.1

for simulation parameters and assumption details. Throughout the simulations, a

total of 1000 sets of channel realizations were utilized with each set consisting of

(K +L× S) BS-to-UE channels of size NBS ×NUE and S × (K +L× S) SC-to-UE

channels of size NSC×NUE, and 10, 000 quadrature-phase-shift keying (QPSK) sym-

bols were transmitted from the BS and each SC node under each channel realization

to obtain the BER performance. In all comparisons, unless specified otherwise, the

normalized channel estimation error defined by σ̄2
h

∆
=

σ2
h

σ2
0
was set to be 1.

Table 3.1: Simulation Parameters

Parameters Setting

Bandwidth 20 MHz
Cell radius MC: 800 m, SC: 100 m
Inter site distance 700 m
Transmit power BS: 46 ∼ 56 dBm, SC: 24 dBm
Noise power density -174 dBm/Hz
Number of Antennas NBS = 36, NSC = 8
Number of UEs K = 8 ∼ 18, L = 4
Pathloss model (BS) θBS(d) = 128.1+37.6log10(d), d (km) [45]
Pathloss model (SC) θSC(d) = 140.7+36.7log10(d), d (km) [45]
Penetration loss ζBS = ζSC = 20 dB [45]

Using the proposed sum-MSE based precoding schemes with perfect and im-

perfect CSI respectively, Fig. 3.2 plots the average MSE learning curves over 100

runs via alternating optimization methods. For comparison purpose, the red lines
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Figure 3.2: The average MSE per data stream learning curve over 100 runs (K = 8,
PBS = 46 dBm, σ̄2

h = 1).
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Figure 3.8: The BER per data stream for MUE/SUE versus normalized channel
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h (K = 8, PBS = 46 dBm, Imperfect CSI).

in Fig. 3.2 depict the average MSE per data stream obtained by the non-iterative

algorithm based on separate MSE. From the curves in the figure, it is observed that

between the sum-MSE based precoding schemes RAO offers a better performance

with a lower average MSE than UAON, but its convergence rate is always slower

than the simpler UAON. Also note that the MSE performance of the separate MSE

based precoding scheme obtained from the non-iterative algorithm is inferior to

that of RAO. Moreover, the performance curves in Fig. 3.2 reveal that when im-

perfect CSI is utilized, the MSE differences between the separate MSE based and

Sum-MSE based precoding are more pronounced relative to those in the perfect CSI

case, for all the three proposed schemes, and the convergence of the robust UAON

and robust RAO appears to be slower than their perfect CSI counterpart.

Efforts were made to investigate how the average MSE is related to the trans-

mission power. With a fixed PSC = 24 (dBm), Fig. 3.3 shows that the average

MSE for MUEs of iterative algorithms decreases gradually as the transmit power

at the BS increases with perfect CSI, while the average MSE for SUEs increases

slightly due to the increased inter-cell interferences. Furthermore, the sum-MSE

based RAO offers the smallest MSE gap between MUE and SUE, indicating better

user fairness, while the separate MSE based precoding has the largest one under the
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low transmit power. As for the separate MSE based non-iterative precoding scheme,

the average MSE for MUEs approaches to that of RAO as the transmit power at BS

increases, while the average MSE curve for SUEs goes up gradually. Subsequently,

Fig. 3.4 illustrates the corresponding BER performance of the proposed schemes,

indicating the same relationships as those of the average MSE performance revealed

in Fig. 3.3.

To further illustrate the factors that affect the MSE and BER performance,

Fig. 3.5 provides the average MSE curves for the three different precoding schemes

when the number of MUEs K increases from 8 to 18 under both perfect and im-

perfect CSI cases. It can be seen that the average MSE increases as the number of

MUEs gets larger, indicating the higher interferences from other MUEs, and that

the sum-MSE based RAO always outperforms both the UAON algorithm and the

separate MSE based precoding on the MSE performance under different configura-

tions. Also note that the MSE performance gaps between the separate MSE and

sum-MSE based schemes become larger as the number of MUEs increases, i.e., the

macro-BS has more antennas relative to the number of the MUEs. Furthermore,

the BER performances of the proposed three schemes are given in Fig. 3.6, showing

a consistent trend with those of Fig. 3.5. We remark that the BER reported here

was averaged over all users in the MC and SCs.

In Fig. 3.7, the MSE performance of the three proposed schemes with imperfect

CSI are depicted versus the normalized channel estimation error σ̄2
h, where K = 8

and the transmit power at BS was fixed to PBS = 46 (dBm). From the figure, it

is intuitively clear that the average MSE deteriorates as channel estimation error

increases. Similarly, the obtained BER curves Fig. 3.8 are consistent to those in

Fig. 3.7.

In summary, the sum-MSE based precoding scheme RAO proposed in Section 3.5

outperforms the separate MSE based precoding scheme described in Section 3.6 in

terms of the average MSE per user. On the other hand, RAO requires the informa-

tion of all channels in the HetNet and its superior performance is achieved at the

cost of increased computational complexity relative to that of non-iterative sepa-

rate MSE based precoding. Furthermore, when the macro-BS has a large number of

antennas relative to the number of the MUEs, the performance gap between these

two schemes shrinks. As a tradeoff algorithm, the sum-MSE based UAON is much

simpler and faster than RAO, with a performance slightly better than the separate

MSE based scheme in most configurations with reasonable number of BS antennas.
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3.9 Conclusion

This chapter has developed three new MSE-based precoding schemes for MIMO

downlinks in a HetNet architecture consisting of a macro tier overlaid with a second

tier of SCs. The first two are both based on the same sum-MSE minimization

problem focusing on the joint design of a set of BS and SC transmit precoding

matrices or vectors by minimizing the total user MSE under individual transmit

power constraints at each cell. On the other hand, we have also proposed a separate

MSE minimization based two-level precoder by a non-iterative algorithm in which

BD technique is employed as its first-level precoder and each cell designs its own

second-level precoder separately without the need to exchange user data or channel

state information over the backhaul. On the basis of the estimated imperfect CSI,

corresponding robust precoding schemes have been proposed. Simulation results

have shown that the sum-MSE based RAO algorithm always outperforms UAON

and the separate MSE-based precoding on the MSE performance. When the number

of antennas at the macro-BS is large enough relative to the number of MUEs,

the average MSE of the low complexity separate MSE-based precoding can come

close to those of RAO and UAON. Furthermore, the UAON algorithm has higher

convergence rate and lower computation complexity compared to RAO, thus is a

worthy trade-off between efficiency and performance.

3.10 Appendices

3.10.1 Proof of Equation (3.25)

To obtain the non-negative multipliers λ0 and λs (s ∈ Ω) in the above equations,

we substitute (3.22) into (3.20) and write

L (λ) = −tr
{
(ΦBS + λ0INBS

)−1GB−MR
H
BSRBSG

H
B−M

}
− λ0 + κ

−
S∑

s=1

[
tr

{(
Φ

(s)
SC + λtINSC

)−1

G
(s,s)
S−S

(
R

(s)
SC

)H
R

(s)
SC

(
G

(s,s)
S−S

)H}
+ λs

] (3.49)

where κ = σ2
0tr
{
RBSR

H
BS

}
+

S∑
s=1

σ2
0tr

{
R

(s)
SC

(
R

(s)
SC

)H}
+ KNS +

S∑
s=1

LsNS is in-

dependent of λ. Then, we start from the expressions of ΦBS = SH
BSDBSSBS

where SH
BSSBS = INBS

and DBS = diag
{
d
(1)
BS, d

(2)
BS, . . . , d

(NBS)
BS

}
, and Φ

(s)
SC =(

S
(s)
SC

)H
D

(s)
SCS

(s)
SC (s ∈ Ω) where

(
S
(s)
SC

)H
S
(s)
SC = INSC

andD
(s)
SC = diag

{
d
(s,1)
SC , . . . , d

(s,NSC)
SC

}
.
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By substituting the above two expressions into (3.49), we obtain

L (λ) = −tr
{
(DBS + λ0INBS

)−1SH
BSGB−MR

H
BSRBSG

H
B−MSBS

}
− λ0 + κ

−
S∑

s=1

[
tr

{(
D

(s)
SC + λtINSC

)−1(
S
(s)
SC

)H
G

(s,s)
S−S

(
R

(s)
SC

)H
R

(s)
SC

(
G

(s,s)
S−S

)H
S
(s)
SC

}
+ λs

]
.

(3.50)

Defining ABS = SH
BSGB−MR

H
BSRBSG

H
B−MSBS with the (n, n)-th entry denoted as

a
(n)
BS , and A

(s)
SC =

(
S
(s)
SC

)H
G

(s,s)
S−S

(
R

(s)
SC

)H
R

(s)
SC

(
G

(s,s)
S−S

)H
S
(s)
SC with the (n, n)-th entry

denoted as a
(s,n)
SC , we have

L (λ) = −
NBS∑
n=1

a
(n)
BS

d
(n)
BS + λ0

− λ0 −
S∑

s=1

(
NSC∑
n=1

a
(s,n)
SC

d
(s,n)
SC + λs

+ λs

)
+ κ. (3.51)

Using (3.51), computing the partial derivative of L w.r.t. λ0 and λs (s ∈ Ω) becomes

straightforward, hence the proof of (3.25).
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Chapter 4

Performance Analysis for

Pilot-Reused HetNets with

Large-Scale Antenna Arrays in

Downlink Systems

In the previous chapters, massive multiple-input multiple-output (MIMO) com-

bined with cooperative relaying and the mean square error precoding based heteroge-

neous networks (HetNets) have been investigated. As variable structure of antenna

arrays requires less space now, large-scale antenna arrays set at both base stations

and small cells become realizable. In this chapter, the performance analysis for

large-scale antennas equipped HetNets with pilot reuse will be done in downlink sys-

tems.

4.1 Introduction

A
s a viable and cost-effective way to increase network capacity, heterogeneous

networks (HetNets) that embed a large number of low-power nodes, called

small cells (SCs), into an existing macro network has emerged with the aim to of-

fload traffic from the macro cell (MC) to small cells [4, 32–34, 46–48] in hot spots

or to solve coverage holes in MC. Conventionally deploying more macro BSs in al-

ready dense networks may be prohibitively expensive and result in severe inter-cell

interference [34]. However, due to the large number of potentially interfering nodes

in the network, mitigating both the inter-cell and intra-cell interference becomes a

crucial issue facing HetNet. Interference control has been intensively studied and

applied in HetNet [35–37], including the coordinated multi-point (CoMP) trans-



65

mission [35]. Although the CoMP transmission was shown to provide high spectral

efficiency [38] with the backhaul among the coordinated tiers enabling both user

data and channel state information (CSI) exchange, the high signaling overhead

results in practical implementation limitations.

4.2 Related Work

Recently, multiple-input multiple-output (MIMO) transmission with large-scale

antenna arrays at the base station (BS) has attracted substantial interest from both

academia and industry. Using simple linear processing, such large-scale antenna ar-

rays were proved to be able to substantially reduce the effects of the uncorrelated

noise, small-scale fading and intracell interference [5, 6]. Then, the energy and

spectral efficiency of very large multiuser MIMO uplink systems were investigated

in [7], which showed that the power radiated by each terminal could be made in-

versely proportional to either the number of BS antennas or at least its square-root,

considering both perfect and imperfect CSI. In [4], it was stated that the potential

benefits have elevated large-scale MIMO to a central position as a promising tech-

nology for the next generation of wireless systems. In a HetNet setting, [49, 50]

proposed to use large scale antenna arrays at the BS and limited antennas at the

SCs due to their smaller form factor. As variable structures of antenna arrays, such

as a cylindrical array, requires less space [51], large-scale antenna arrays set at SCs

becomes realizable. Recently, NEC Corporation announced that it has developed

a prototype of A4-sized massive-element Active Antenna System for 5G small cell

base stations, and it proposed the use of a massive-element antenna in small cells for

capacity enhancement [52]. Up to date, few papers in the literature have studied the

effect of employing massive MIMO at SCs. In [53], HetNet with large-scale antenna

arrays was investigated on downlink performance with interference coordination,

and random matrix theory was used to simplify the analysis significantly. It was

shown in [54] that using large-scale antenna arrays in SC reduces both intra-tier

interference and the cross-tier interference from other nodes in the HetNet system,

leading to higher spectral efficiency and better coverage, especially for hot zones.

4.3 Contributions

This chapter presents a comprehensive study of a two-tier network with large-

scale antenna arrays set at both BS and SCs. In our preliminary literature [54],

maximum-ratio transmission (MRT) precoding was employed based on the esti-
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mated channels obtained from the orthogonal training scheme, and downlink ca-

pacity lower bounds for a user in the MC and for a user in an SC were derived in

closed-form expressions. However, there are still many critical yet unsolved prob-

lems. This paper makes the following contributions to address the remaining issues.

1) It was stated in [18, 55] that pilot overhead is proportional to the number of

user equipment (UE) for the conventional orthogonal training scheme, i.e., the

system performance will degrade as the UE number grows due to heavy pilot

overhead. In [5, 6], the pilot reuse (PR) technique is utilized among the macro

cells to reduce the pilot overhead, while UEs within a cell use orthogonal pilots.

In a two-tier HetNet with multiple small cells, massive antenna arrays and large

number of UEs, we propose to apply pilot reuse among the SCs in this chapter,

i.e., the same set of orthogonal pilots is reused among the small cells in one

macro-cell. Thus the number of orthogonal pilots is smaller than the total UE

number in the whole network.

2) We present for the first time the downlink capacity lower bounds of the large-

scale HetNet system, where simple linear precoding such as MRT or zero-forcing

transmission (ZFT) is employed at each node, followed by detailed asymptotic

analysis.

3) The design of an efficient and practical user scheduler for the large-scale HetNet

is an important and challenging problem, because the required CSI exchange

becomes prohibitively complicated due to the large-scale antenna arrays and

the large number of UEs in the MC and SCs. Based on the obtained capacity

bounds and asymptotic analysis, a greedy scheduling algorithm (GSA) and an

asymptotic scheduling algorithm (ASA) are proposed, respectively, where GSA

requires only statistical CSI (SCSI) shared between BS and SCs, and ASA even

removes the need for any CSI exchange among nodes.

The rest of the chapter is organized as follows. We briefly describe the system

model for HetNet with large-scale antenna arrays in Section 4.4. In Section 4.5,

lower bounds for the achievable rate are derived with both imperfect CSI based MRT

and ZFT, followed by corresponding asymptotic analysis. Then, two user scheduling

algorithms are developed in Section 4.6. Moreover, simulation results under different

system configurations are given in Section 4.7 to demonstrate the effectiveness of

both the derived rate expressions and the developed schemes. Finally, conclusions

are drawn in Section 4.8.
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Figure 4.1: System model for HetNet with SCs deployment.

4.4 System Model

Fig. 4.1 shows the considered two-tier network architecture with one cell consist-

ing of one macro BS, which is overlaid with a dense tier of S uniformly distributed

SCs by sharing the same time-frequency resources. Assume that the BS and SCs

are respectively equipped with large-scale arrays of NBS and NSC antennas, where

NBS > NSC ≫ 1, while each user has only one antenna due to the size or complexity

constraint. Notably, uniform user distribution in the cell is focused here. Based on

the biased user association [48], the users served by the macro BS are designated

to a macro UE (MUE) set, and those served by each SC are designated to a small

cell UE (SUE) set. Furthermore, suppose that the macro BS serves K MUEs si-

multaneously while each SC serves L SUEs with K ≤ NBS and L ≤ NSC. Denote

the MUE and SUE sets as UM and U
(m)
S (m ∈ {1, . . . , S}), respectively, then we

have K ≤ |UM| and L ≤
∣∣∣U (m)

S

∣∣∣. The selected subsets of MUE and SUE after user

scheduling are denoted by I and Jm (m ∈ {1, . . . , S}), respectively.
For the channel matrices, they account for both small-scale fading and large-

scale fading. Here, we assume that all the channels between the users and the nodes

follow independent and identically distributed (i.i.d.) Rayleigh fading and time divi-

sion duplex (TDD) is adopted with channel reciprocity satisfied. Denote the channel

matrices from the BS and nth (n ∈ {1, . . . , S}) SC to the K MUEs as GB−M =[
g
(1)
B−M, . . . ,g

(K)
B−M

]
∈ CNBS×K and G

(n)
S−M =

[
g
(n,1)
S−M, . . . ,g

(n,K)
S−M

]
∈ CNSC×K , respec-
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tively, and use G
(m)
B−S =

[
g
(m,1)
B−S , . . . ,g

(m,L)
B−S

]
∈ CNBS×L and G

(n,m)
S−S =

[
g
(n,m,1)
S−S , . . . ,

g
(n,m,L)
S−S

]
∈ CNSC×L to represent the channel matrices from the BS and the nth SC

to the L SUEs in the mth SC, respectively. We have GB−M = HB−MD
1/2
B−M, G

(m)
B−S =

H
(m)
B−S

(
D

(m)
B−S

)1/2
, G

(n)
S−M = H

(n)
S−M

(
D

(n)
S−M

)1/2
and G

(n,m)
S−S = H

(n,m)
S−S

(
D

(n,m)
S−S

)1/2
where n, m ∈ {1, . . . , S}, the first items HB−M ∈ CNBS×K , H

(m)
B−S ∈ CNBS×L,

H
(n)
S−M ∈ CNSC×K and H

(n,m)
S−S ∈ CNSC×L include the i.i.d. CN (0, 1) small-scale

fading coefficients, and the second items are the large-scale fading diagonal matri-

ces given by DB−M = diag
{
β
(1)
B−M, . . . , β

(K)
B−M

}
, D

(m)
B−S = diag

{
β
(m,1)
B−S , . . . , β

(m,L)
B−S

}
,

D
(n)
S−M = diag

{
β
(n,1)
S−M, . . . , β

(n,K)
S−M

}
, and D

(n,m)
S−S = diag

{
β
(n,m,1)
S−S , . . . , β

(n,m,L)
S−S

}
.

4.4.1 Channel Estimation with Pilot Reuse

Practically, the channel matrix from each node to its corresponding users, i.e.,

GB−M and G
(m,m)
S−S (m ∈ {1, . . . , S}), have to be estimated based on the uplink

training. At the beginning of each coherence interval T , all users simultaneously

transmit pilot sequences of length τ symbols. On account of the slight interferences

between low-power SCs which are far away from each other, we present a pilot reuse

pattern for small cells in a large-scale HetNet system.

First, we denote the reuse factor as γ, i.e., all SCs utilize γ sets of L pairwise

orthogonal pilot sequences with a total of SS = S/γ SCs sharing the same set.

This requires τ ≥ K + L × γ to satisfy the orthogonality of the MC and SC

pilot sets. Then, we group SCs into γ sets according to the maximum relative

distance criterion and SCs in one set use the same pilot sequences. Since all low-

power nodes are modeled as uniformly distributed in a circle with BS at the center

as shown in Fig. 4.1, we can denote the nth (n ∈ {1, · · · , γ}) SC set as An =

{n, n+ γ, · · · , n+ (SS − 1)γ}. Taking S = 8 and reuse factor γ = 2 for example,

the SC sets are A1 = {1, 3, 5, 7} and A2 = {2, 4, 6, 8}. The 4 SCs in each set share

one pilot set which includes L pairwise orthogonal pilot sequences, and there are 2

pilot sets for the total of 8 SCs.

Then the training matrix received at the BS and the mth (m ∈ Ar) SC can be

written as

YBS =
√
τpτGB−MΦMUE +

√
τpτ

γ∑
t=1

∑
l∈At

G
(l)
B−SΦ

(t)
SUE +NBS

Y
(m)
SC =

√
τpτ

γ∑
t=1

∑
l∈At

G
(m,l)
S−S Φ

(t)
SUE +

√
τpτG

(m)
S−MΦMUE +N

(m)
SC

(4.1)
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respectively, where pτ is the transmit power of each pilot symbol, NBS and N
(m)
SC

are the additive white Gaussian noise (AWGN) matrices with i.i.d. components

following CN (0, σ2
0), the training vectors transmitted by the ith (i ∈ I) MUE is

denoted by the ith row of ΦMUE ∈ CK×τ , satisfying ΦMUEΦ
H
MUE = IK , while the

training vector transmitted by the jth (j ∈ Jm) SUE of one SC in the rth set Ar

is represented by the jth row of Φ
(r)
SUE ∈ CL×τ , satisfying Φ

(r)
SUE

(
Φ

(r)
SUE

)H
= IL.

Moreover, since the rows of pilot sequence matrices are pairwise orthogonal, we

have ΦMUE

(
Φ

(r)
SUE

)H
= 0K×L and Φ

(r)
SUE

(
Φ

(t)
SUE

)H
= 0L×L (∀r ̸= t ∈ {1, . . . , γ}).

In order to estimate GB−M and G
(m,m)
S−S (m ∈ Ar), we employ the minimum

mean-square-error (MMSE) estimation at each node [22]. The estimated channels

are given by

ĜB−M =
1

√
τpτ

YBSΦ
H
MUED̃B−M = GB−MD̃B−M +

1
√
τpτ

ÑBSD̃B−M

Ĝ
(m,m)
S−S =

1
√
τpτ

Y
(m)
SC

(
Φ

(r)
SUE

)H
D̃

(m,m)
S−S =

∑
l∈Ar

G
(m,l)
S−S D̃

(m,m)
S−S +

1
√
τpτ

Ñ
(m)
SC D̃

(m,m)
S−S

(4.2)

where

D̃B−M
∆
=

(
D−1

B−Mσ
2
0

τpτ
+ IK

)−1

D̃
(m,m)
S−S

∆
=

[( ∑
l ̸=m,l∈Ar

D
(m,l)
S−S +

σ2
0

τpτ
IL

)(
D

(m,m)
S−S

)−1

+ IL

]−1

ÑBS
∆
= NBSΦ

H
MUE, Ñ

(m)
SC

∆
= N

(m)
SC

(
Φ

(r)
SUE

)H
(4.3)

with m ∈ Ar. Due to the property of ΦMUE and Φ
(r)
SUE, ÑBS and Ñ

(m)
SC are also

composed of i.i.d. CN (0, σ2
0) elements. Then, we have

GB−M = ĜB−M +ΞB−M

G
(m,m)
S−S = Ĝ

(m,m)
S−S +Ξ

(m,m)
S−S

(4.4)

where ΞB−M and Ξ
(m,m)
S−S denote the estimation error matrices which are indepen-

dent of ĜB−M and Ĝ
(m,m)
S−S from the property of MMSE channel estimation [22].

Hence, we have ĜB−M ∼ CN
(
0, D̂B−M

)
with D̂B−M = diag

{
β̂
(1)
B−M, . . . , β̂

(K)
B−M

}
,

Ĝ
(m,m)
S−S ∼ CN

(
0, D̂

(m,m)
S−S

)
with D̂

(m,m)
S−S = diag

{
β̂
(m,m,1)
S−S , . . . , β̂

(m,m,L)
S−S

}
, ΞB−M ∼

CN
(
0,DB−M − D̂B−M

)
with the ith column vector denoted by ξ

(i)
B−M, and Ξ

(m,m)
S−S ∼
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CN
(
0,D

(m,m)
S−S − D̂

(m,m)
S−S

)
with the jth column vector denoted by ξ

(m,m,j)
S−S . Here,

the estimated large-scale fading factors satisfy β̂
(i)
B−M =

τpτ
(
β
(i)
B−M

)2
τpτβ

(i)
B−M+σ2

0

, i ∈ I and

β̂
(m,m,j)
S−S =

τpτ
(
β
(m,m,j)
S−S

)2
τpτ

∑
l∈Ar

β
(m,l,j)
S−S +σ2

0

, where j ∈ Jm and m ∈ Ar.

4.4.2 Data Transmission

In the downlinks, the received signals at K MUEs and L SUEs in the mth small

cell are

yM = GT
B−MWBSxBS +

S∑
n=1

(
G

(n)
S−M

)T
W

(n)
SCx

(n)
SC + nM (4.5)

y
(m)
S =

(
G

(m)
B−S

)T
WBSxBS +

S∑
n=1

(
G

(n,m)
S−S

)T
W

(n)
SCx

(n)
SC + n

(m)
S (4.6)

respectively, whereWBS andW
(n)
SC represent the linear precoding matrices at the BS

and nth SC, respectively; xBS =
[
x
(1)
BS, . . . , x

(K)
BS

]T
and x

(n)
SC =

[
x
(n,1)
SC , . . . , x

(n,L)
SC

]T
are

the complex-valued data symbols from BS to its MUEs and from nth SC to its own

SUEs, respectively, satisfying E
[
xBSxBS

H
]
= INBS

and E

[
x
(n)
SC

(
x
(n)
SC

)H]
= INSC

;

and nM =
[
n
(1)
M , . . . , n

(K)
M

]T
and n

(m)
S =

[
n
(m,1)
S , . . . , n

(m,L)
S

]T
involves the AWGN of

variance σ2
0.

4.4.3 MRT Precoding

Aiming to maximize the received signal-to-noise ratio, the MRT technique is

utilized at both the BS and SCs to process the transmit signals towards the corre-

sponding users. Given the estimated channel state information, the MRT precoding

is expressed as [13]

WBS = αBSĜ
∗
B−M, W

(m)
SC = α

(m)
SC

(
Ĝ

(m,m)
S−S

)∗
(4.7)

where αBS and α
(m)
SC are normalization constants, chosen to satisfy the transmit

power constraints at the BS and SCs, respectively. On the basis of (4.7) and

Tr {AB} = Tr {BA}, we have

αBS =

√
pBS

NBSΦB−M

, α
(m)
SC =

√√√√ p
(m)
SC

NSCΦ
(m)
S−S

(4.8)
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where ΦB−M =
K∑
i=1

β̂
(i)
B−M, and Φ

(m)
S−S=

L∑
l=1

β̂
(m,m,l)
S−S with m ∈ {1, . . . , S}.

4.4.4 ZFT Precoding

Likewise, when ZFT is employed based on imperfect CSI, in which the pseudo-

inverse of the estimated channels in (4.4) are utilized for linear precoding, the

precoder is given by [13]

WBS = αBSĜ
∗
B−M

(
ĜT

B−MĜ
∗
B−M

)−1

= αBS
ˆ̄G

∗
B−M

W
(m)
SC = α

(m)
SC

(
Ĝ

(m,m)
S−S

)∗[(
Ĝ

(m,m)
S−S

)T(
Ĝ

(m,m)
S−S

)∗]−1

= α
(m)
SC

(
ˆ̄G

(m,m)

S−S

)∗ (4.9)

where ˆ̄GB−M = ĜB−M

(
ĜH

B−MĜB−M

)−1

, ˆ̄G
(m,m)

S−S = Ĝ
(m,m)
S−S

[(
Ĝ

(m,m)
S−S

)H
Ĝ

(m,m)
S−S

]−1

,

αBS and α
(m)
SC are normalization constants. Similarly, based on (4.9) and Tr {AB} =

Tr {BA}, we have

αBS =

√
(NBS −K − 1) pBS

ΨB−M

, α
(m)
SC =

√√√√(NSC − L− 1) p
(m)
SC

Ψ
(m)
S−S

(4.10)

where ΨB−M=
K∑
i=1

1

β̂
(i)
B−M

, and Ψ
(m)
S−S =

L∑
l=1

1

β̂
(m,m,l)
S−S

with m ∈ {1, . . . , S}. The detailed

derivation is given in Appendix 4.9.1.

4.5 Achievable Rate Analysis

The exact rate analysis of the MUE and SUE in the pilot assisted massive MIMO

heterogeneous network considered is highly complicated and intractable. In this

section, we provide a closed-form capacity lower bound of each user for both MRT

and ZFT precoding, respectively. The simple lower bounds can be applied to user

scheduling and power allocation optimization as detailed in subsequent sections.

4.5.1 MRT Precoding

In practice, only imperfect CSI derived from transmitted pilots is available at

each node for linear precoding. Utilizing MRT precoding in (4.5) and (4.6), the

received signal of the ith (i ∈ I) MUE and jth (j ∈ Jm) SUE at the mth (m ∈
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{1, . . . , S}) SC can be rewritten as

y
(i)
M = αBS

(
ĝ
(i)
B−M

)T(
ĝ
(i)
B−M

)∗
x
(i)
BS︸ ︷︷ ︸

desired signal

+ αBS

(
ξ
(i)
B−M

)T(
ĝ
(i)
B−M

)∗
x
(i)
BS︸ ︷︷ ︸

estimation error induced interference

+
K∑
k ̸=i

αBS

(
g
(i)
B−M

)T(
ĝ
(k)
B−M

)∗
x
(k)
BS︸ ︷︷ ︸

intra-MC interference

+
S∑

n=1

L∑
l=1

α
(n)
SC

(
g
(n,i)
S−M

)T(
ĝ
(n,n,l)
S−S

)∗
x
(n,l)
SC︸ ︷︷ ︸

cross-tier interference

+ n
(i)
M︸︷︷︸

noise at MUE

(4.11)

y
(m,j)
S =α

(m)
SC

(
ĝ
(m,m,j)
S−S

)T(
ĝ
(m,m,j)
S−S

)∗
x
(m,j)
SC︸ ︷︷ ︸

desired signal

+α
(m)
SC

(
ξ
(m,m,j)
S−S

)T(
ĝ
(m,m,j)
S−S

)∗
x
(m,j)
SC︸ ︷︷ ︸

estimation error induced interference

+
K∑
i=1

αBS

(
g
(m,j)
B−S

)T(
ĝ
(i)
B−M

)∗
x
(i)
BS︸ ︷︷ ︸

cross-tier interference

+
L∑

l1 ̸=j

α
(m)
SC

(
g
(m,m,j)
S−S

)T(
ĝ
(m,m,l1)
S−S

)∗
x
(m,l1)
SC︸ ︷︷ ︸

intra-SC interference

+
S∑

n ̸=m

L∑
l2=1

α
(n)
SC

(
g
(n,m,j)
S−S

)T(
ĝ
(n,n,l2)
S−S

)∗
x
(n,l2)
SC︸ ︷︷ ︸

inter-SC interference

+ n
(m,j)
S︸ ︷︷ ︸

noise at SUE

.

(4.12)

Note that both the BS and small cell nodes treat the estimated channels as the

true channels [7], and the first term is the desired signal. The remaining terms are

considered as interferences and noise, including estimation error caused interference

term. Accordingly, with imperfect CSI, the ergodic achievable rate of MUE i (i ∈ I)

and SUE j (j ∈ Jm) in the mth (m ∈ {1, . . . , S}) SC are given by

R
(i)
M = E

log2
1 +

α2
BS

∥∥∥ĝ(i)
B−M

∥∥∥4
EEIi + IMIi + CTIi + σ2

0


 (4.13)

R
(m,j)
S = E

log2
1 +

(
α
(m)
SC

)2∥∥∥ĝ(m,m,j)
S−S

∥∥∥4
EEIm,j + CTIm,j + ISIm,j + SSIm,j + σ2

0


 (4.14)

respectively, where EEIi, IMIi and CTIi denote the estimation error induced inter-

ference, the intra-MC interference and the cross-tier interference for the ith MUE,
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respectively, given by

EEIi =α
2
BS

∣∣∣∣(ξ(i)B−M

)H
ĝ
(i)
B−M

∣∣∣∣2, IMIi =
K∑
k ̸=i

α2
BS

∣∣∣∣(g(i)
B−M

)H
ĝ
(k)
B−M

∣∣∣∣2

CTIi =
S∑

n=1

L∑
l=1

(
α
(n)
SC

)2∣∣∣∣(g(n,i)
S−M

)H
ĝ
(n,n,l)
S−S

∣∣∣∣2,
(4.15)

and EEIm,j, CTIm,j, ISIm,j and SSIm,j denote the estimation error induced interfer-

ence, the cross-tier interference, the intra-SC interference and the inter-SC interfer-

ence for the jth SUE in the mth SC, respectively, given by

EEIm,j =
(
α
(m)
SC

)2∣∣∣∣(ξ(m,m,j)
S−S

)H
ĝ
(m,m,j)
S−S

∣∣∣∣2, CTIm,j =
K∑
i=1

α2
BS

∣∣∣∣(g(m,j)
B−S

)H
ĝ
(i)
B−M

∣∣∣∣2
ISIm,j =

L∑
l1 ̸=j

(
α
(m)
SC

)2∣∣∣∣(g(m,m,j)
S−S

)H
ĝ
(m,m,l1)
S−S

∣∣∣∣2

SSIm,j =
S∑

n ̸=m

L∑
l2=1

(
α
(n)
SC

)2∣∣∣∣(g(n,m,j)
S−S

)H
ĝ
(n,n,l2)
S−S

∣∣∣∣2.
(4.16)

Notably, the inter-SC interference SSIm,j includes the pilot contamination effect

caused by pilot reuse. In the above achievable rate expressions, expectations over

the estimated instantaneous CSI cannot be further derived into tractable forms.

Therefore, we adopt a similar bounding technique of [7] to obtain closed form rate

expressions, the result of which will provide insights on the impact of different

system parameters and facilitate further optimizations.

By the convexity of log2
(
1 + 1

x

)
and Jensen’s inequality, from (4.13) and (4.14),

a lower bound on the achievable rate is obtained as

R
(i)
0,M,M = log2

1 +

E

EEIi + IMIi + CTIi + σ2
0

α2
BS

∥∥∥ĝ(i)
B−M

∥∥∥4



−1 (4.17)

R
(m,j)
0,S,M = log2

1 +

E

EEIm,j + CTIm,j + ISIm,j + SSIm,j + σ2
0(

α
(m)
SC

)2∥∥∥ĝ(m,m,j)
S−S

∥∥∥4



−1 . (4.18)

Theorem 4.1: With imperfect CSI based MRT, NBS ≥ 2 and NSC ≥ 2, the

downlink achievable rate of the ith (i ∈ I) MUE and jth (j ∈ Jm) SUE in the
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mth (m ∈ {1, . . . , S}) SC, for finite NBS and NSC, are lower bounded by

R
(i)
0,M,M = log2

1 +
a
(i)
MRpBS

b
(i)
MRpBS +

S∑
n=1

c
(n,i)
MR p

(n)
SC + σ2

0

 (4.19)

R
(m,j)
0,S,M = log2

1 +
d
(m,j)
MR p

(m)
SC

S∑
n=1

e
(n,m,j)
MR p

(n)
SC + f

(m,j)
MR pBS + σ2

0

 (4.20)

where

a
(i)
M =

(NBS − 1)(NBS − 2)
(
β̂
(i)
B−M

)2
NBSΦB−M

, c
(n,i)
M = β

(n,i)
S−M

b
(i)
M = β

(i)
B−M − 2

NBS

β̂
(i)
B−M −

(NBS − 4)
(
β̂
(i)
B−M

)2
+2β

(i)
B−Mβ̂

(i)
B−M

NBSΦB−M

d
(m,j)
M =

(NSC − 1) (NSC − 2)
(
β̂
(m,m,j)
S−S

)2
NSCΦ

(m)
S−S

, f
(m,j)
M = β

(m,j)
B−S

e
(n,m,j)
M =



β
(n,m,j)
S−S , n ̸= m, n /∈ Ar

NSC

(
β
(n,m,j)
S−S

)2(
β̂
(n,n,j)
S−S

)2
(
β
(n,n,j)
S−S

)2
Φ

(n)
S−S

+ β
(n,m,j)
S−S , n ̸= m, n ∈ Ar

β
(m,m,j)
S−S − 2

NSC
β̂
(m,m,j)
S−S −

(NSC−4)
(
β̂
(m,m,j)
S−S

)2
+2β

(m,m,j)
S−S β̂

(m,m,j)
S−S

NSCΦ
(m)
S−S

, n = m.

(4.21)

Proof: See Appendix 4.9.2.

Remark 4.1: Since the proof in Appendix 4.9.2 does not use any asymptotic

assumptions on the antenna size, Theorem 1 is also valid for conventional scale

MIMO systems. The capacity lower bounds for perfect CSI can be obtained by

setting β̂
(·)
· = β

(·)
· in (4.19) and (4.20). Moreover, it can be observed from Ap-

pendix 4.9.2 that all the interferences contained in the received signals of the MUEs

(i.e., EEI, IMI and CTI) can be significantly mitigated relative to the desired signals

by increasing NBS. Similarly, all the interference effect at the SUEs (i.e., EEI, CTI,

ISI and SSI) is able to be reduced by increasing NSC. These observations support

the use of large scale antenna arrays at both BS and SC. In addition, the expression

of R
(i)
0,M,M indicates that the MUE rate increases monotonically with NBS but has no

relationship with NSC. Similarly, the SUE rate increases monotonically with NSC

and is independent of NBS.



75

4.5.2 ZFT Precoding

For imperfect CSI based ZFT precoding, the received signal can be rewritten as

y
(i)
M = αBSx

(i)
BS︸ ︷︷ ︸

desired signal

+ αBS

(
ξ
(i)
B−M

)T(
ˆ̄g
(i)
B−M

)∗
x
(i)
BS︸ ︷︷ ︸

estimation error induced interference

+
K∑
k ̸=i

αBS

(
ξ
(i)
B−M

)T(
ˆ̄g
(k)
B−M

)∗
x
(k)
BS︸ ︷︷ ︸

intra-MC interference

+
S∑

n=1

L∑
l=1

α
(n)
SC

(
g
(n,i)
S−M

)T(
ˆ̄g
(n,n,l)
S−S

)∗
x
(n,l)
SC︸ ︷︷ ︸

cross-tier interference

+ n
(i)
M︸︷︷︸

noise at MUE

(4.22)

y
(m,j)
S = α

(m)
SC x

(m,j)
SC︸ ︷︷ ︸

desired signal

+α
(m)
SC

(
ξ
(m,m,j)
S−S

)T(
ˆ̄g
(m,m,j)
S−S

)∗
x
(m,j)
SC︸ ︷︷ ︸

estimation error induced interference

+
K∑
i=1

αBS

(
g
(m,j)
B−S

)T(
ˆ̄g
(i)
B−M

)∗
x
(i)
BS︸ ︷︷ ︸

cross-tier interference

+
L∑

l1 ̸=j

α
(m)
SC

(
ξ
(m,m,j)
S−S

)T(
ˆ̄g
(m,m,l1)
S−S

)∗
x
(m,l1)
SC︸ ︷︷ ︸

intra-SC interference

+
S∑

n ̸=m

L∑
l2=1

α
(n)
SC

(
g
(n,m,j)
S−S

)T(
ˆ̄g
(n,n,l2)
S−S

)∗
x
(n,l2)
SC︸ ︷︷ ︸

inter-SC interference

+ n
(m,j)
S︸ ︷︷ ︸

noise at SUE

(4.23)

respectively, where
(
ĝ
(i)
B−M

)T(
ˆ̄g
(i)
B−M

)∗
= 1,

(
ĝ
(m,m,j)
S−S

)T(
ˆ̄g
(m,m,j)
S−S

)∗
= 1, and the

intra-MC interference IMIi and intra-SC interference ISIm,j are reduced because

ZFT precoding is able to null multi-user interference signals, i.e.,
(
ĝ
(i)
B−M

)T(
ˆ̄g
(k)
B−M

)∗
=

0 and
(
ĝ
(m,m,j)
S−S

)T(
ˆ̄g
(m,m,l)
S−S

)∗
= 0 for ∀k ̸= i and ∀l ̸= j. Similarly, by the convexity

of log2
(
1 + 1

x

)
and Jensen’s inequality, capacity lower bounds of MUE i (i ∈ I) and

SUE j (j ∈ Jm) in the mth (m ∈ {1, . . . , S}) SC in (4.17) and (4.18) become

R
(i)
0,M,Z = log2

(
1 +

(
E

[
EEIi + IMIi + CTIi + σ2

0

α2
BS

])−1
)

(4.24)

R
(m,j)
0,S,Z = log2

1 +

E

EEIm,j + CTIm,j + ISIm,j + SSIm,j + σ2
0(

α
(m)
SC

)2



−1 . (4.25)
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where

EEIi =α
2
BS

∣∣∣∣(ξ(i)B−M

)H
ˆ̄g
(i)
B−M

∣∣∣∣2, IMIi =
K∑
k ̸=i

α2
BS

∣∣∣∣(ξ(i)B−M

)H
ˆ̄g
(k)
B−M

∣∣∣∣2

CTIi =
S∑

n=1

L∑
l=1

(
α
(n)
SC

)2∣∣∣∣(g(n,i)
S−M

)H
ˆ̄g
(n,n,l)
S−S

∣∣∣∣2
(4.26)

EEIm,j =
(
α
(m)
SC

)2∣∣∣∣(ξ(m,m,j)
S−S

)H
ˆ̄g
(m,m,j)
S−S

∣∣∣∣2, CTIm,j =
K∑
i=1

α2
BS

∣∣∣∣(g(m,j)
B−S

)H
ˆ̄g
(i)
B−M

∣∣∣∣2
ISIm,j =

L∑
l1 ̸=j

(
α
(m)
SC

)2∣∣∣∣(ξ(m,m,j)
S−S

)H
ˆ̄g
(m,m,l1)
S−S

∣∣∣∣2, SSIm,j =
S∑

n ̸=m

L∑
l2=1

(
α
(n)
SC

)2∣∣∣∣(g(n,m,j)
S−S

)H
ˆ̄g
(n,n,l2)
S−S

∣∣∣∣2.
(4.27)

Theorem 4.2: With imperfect CSI based ZFT, NBS ≥ 2 and NSC ≥ 2, the

downlink achievable rate of the ith (i ∈ I) MUE and jth (j ∈ Jm) SUE in the

mth (m ∈ {1, . . . , S}) SC, for finite NBS and NSC, are lower bounded by

R
(i)
0,M,Z = log2

1 +
a
(i)
ZFpBS

b
(i)
ZFpBS +

S∑
n=1

c
(n,i)
ZF p

(n)
SC + σ2

0

 (4.28)

R
(m,j)
0,S,Z = log2

1 +
d
(m,j)
ZF p

(m)
SC

S∑
n=1

e
(n,m,j)
ZF p

(n)
SC + f

(m,j)
ZF pBS + σ2

0

 (4.29)

where

a
(i)
Z =

NBS −K − 1

ΨB−M

, b
(i)
Z = ξ

(i)
B−M, c

(n,i)
Z = β

(n,i)
S−M, d

(m,j)
Z =

NSC − L− 1

Ψ
(m)
S−S

e
(n,m,j)
Z =


β
(n,m,j)
S−S , n ̸= m, n /∈ Ar

β
(n,m,j)
S−S

(
Ψ

(n)
S−S−

1

β̂
(n,n,j)
S−S

)
Ψ

(n)
S−S

+
(NSC−L−1)

(
β
(n,m,j)
S−S

)2
Ψ

(n)
S−S

(
β
(n,n,j)
S−S

)2 , n ̸= m, n ∈ Ar

ξ
(m,m,j)
S−S , n = m

f
(m,j)
Z = β

(m,j)
B−S .

(4.30)

Proof: See Appendix 4.9.3.

Remark 4.2: Similar to MRT, conclusions in Remark 4.1 are also valid for

ZFT based Theorem 4.2. Moreover, the capacity lower bounds in (4.28) and (4.29)

indicate that R
(i)
0,M,ZF decreases monotonically as the estimation error ξ

(i)
B−M increases
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for fixed ΨB−M. Similar conclusions are drawn for the capacity lower bounds of

SUEs.

Remark 4.3: From (4.28), we can conclude that the expression of R
(i)
0,M,Z for the

ith MUE involves only NBS, but no NSC, which indicates that the capacity lower

bound of MUE depends on NBS but has no relationship with NSC. Furthermore, the

signal-to-interference-plus-noise ratio (SINR) involved in R
(i)
0,M,Z is approximately a

linearly increasing function of NBS, when NBS ≫ K. Similarly, from (4.29), it can

be concluded that the capacity lower bound of SUE increases monotonically with

NSC but is independent of NBS. However, due to the pilot contamination effect

caused by pilot reuse, the increase of the SINR in R
(m,j)
0,S,Z is not linear even when

NSC ≫ L.

4.5.3 Asymptotic Analysis with Massive Arrays

Having obtained the closed-form expressions for the achievable rate in (4.19) and

(4.20), this subsection provides the asymptotic analysis under two different cases

when the number of antennas approaches infinity. Suppose that all SCs have the

same transmit power, i.e., p
(1)
SC = · · · = p

(S)
SC = pSC , and NBS = λNSC with λ ≥ 10.

Proposition 4.1: In case I where pτ is fixed, p
(s)
SC = pSC = ESC

N
χ1
SC

(s = 1, · · · , S),
pBS = EBS

N
η1
BS

, and ESC and EBS are fixed, to achieve non-vanishing user rate as

NSC → ∞ with NBS = λNSC, the SC and BS transmit power scaling factors χ1 and

η1 must satisfy 0 ≤ χ1 ≤ 1 and 0 ≤ η1 ≤ 1. When χ1 = η1 = 1, the asymptotic

achievable rate expressions of the ith (i ∈ I) MUE and jth (j ∈ Jm) SUE in the

mth (m ∈ {1, . . . , S}) SC for imperfect CSI based MRT and ZFT are

R
(i)
0,M,M

a.s.−→
NSC→∞

log2

1 +
EBS

(
β̂
(i)
B−M

)2
ΦB−Mσ2

0



R
(m,j)
0,S,M

a.s.−→
NSC→∞

log2

1 +
ESC

(
β̂
(m,m,j)
S−S

)2
/Φ

(m)
S−S

σ2
0 +

∑
n ̸=m
n∈Ar

ESC

(
β̂
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S−S β
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S−S
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Φ

(n)
S−S

(
β
(n,n,j)
S−S
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(4.31)
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R
(i)
0,M,Z

a.s.−→
NSC→∞

log2

(
1 +

EBS

ΨB−Mσ2
0

)
, R

(m,j)
0,S,Z
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NSC→∞

log2
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ESC/Ψ
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n∈Ar

ESC

(
β
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)2
Ψ

(n)
S−S

(
β
(n,n,j)
S−S

)2


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respectively, which show that the transmit powers at both BS and SCs can be

scaled down by up to 1
NSC

to maintain a given rate in case I. When 0 ≤ χ1 < 1 and

0 ≤ η1 < 1, the asymptotic achievable rate of each user approaches to infinity as

NSC → ∞.

Remark 4.4: Obviously, when the pilot reuse factor γ = S, i.e., no pilot reuse, we

have R
(m,j)
0,S,M

a.s.−→
NSC→∞

log2

(
1 +

ESC

(
β̂
(m,m,j)
S−S

)2
Φ

(m)
S−Sσ

2
0

)
and R

(m,j)
0,S,Z

a.s.−→
NSC→∞

log2

(
1 + ESC

Ψ
(m)
S−Sσ

2
0

)
.

For practical system configurations, we suppose that χ1 ≥ η1 in case I to guar-

antee pSC < pBS. When 0 < χ1 < 1 and 0 < η1 < 1, the asymptotic achievable rate

of both MUEs and SUEs approaches to infinity as NSC → ∞ for both MRT and

ZFT. When χ1 = 1 and η1 = 0, we have

R
(i)
0,M,M

a.s.−→
NSC→∞

∞, R
(i)
0,M,Z

a.s.−→
NSC→∞

∞

R
(m,j)
0,S,M

a.s.−→
NSC→∞

log2

1 +
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β̂
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S−S

)2
/Φ

(m)
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B−S EBS +

∑
n̸=m
n∈Ar

ESC

(
β̂
(n,n,j)
S−S β

(n,m,j)
S−S
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

(4.33)

respectively, indicating that the cross-tier interferences at SUEs can not be elimi-

nated when pSC is scaled down proportionally to 1
NSC

with fixed pBS in case I.

Proposition 4.2: In case II where pτ = Eτ

Nθ
SC
, p

(s)
SC = pSC = ESC

N
χ2
SC

(s = 1, · · · , S),
pBS = EBS

N
η2
BS

, and Eτ , EBS and ESC are fixed, to achieve non-vanishing user rate as

NSC → ∞ with NBS = λNSC and the pilot reuse factor γ = S, the pilot, SC and BS

transmit power scaling factors θ, χ2 and η2 must satisfy 0 < θ ≤ 1, 0 ≤ χ2 ≤ 1− θ

and 0 ≤ η2 ≤ 1 − θ. When 0 < θ < 1 and χ2 = η2 = 1 − θ, the asymptotic

achievable rate expressions of the ith (i ∈ I) MUE and jth (j ∈ Jm) SUE in the
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mth (m ∈ {1, . . . , S}) SC for imperfect CSI based MRT and ZFT are

R
(i)
0,M,M

a.s.−→
NSC→∞

log2
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log2
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log2
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τEτESC

L∑
l=1

(
β
(m,m,l)
S−S

)−2

σ4
0
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respectively, from which we conclude that the transmit powers of BS and SCs can

only be reduced by up to 1

N1−θ
SC

with the pilot transmit power set as pτ = Eτ

Nθ
SC

and

pilot reuse factor γ = S (no pilot reuse) in case II. When 0 < θ < 1, 0 ≤ χ2 < 1− θ

and 0 ≤ η2 < 1 − θ, the asymptotic achievable rate of each user approaches to

infinity as NSC → ∞.

Remark 4.5: To guarantee MUE and SUE achievable rate, χ2 = η2 = 0 should

be satisfied in case II when θ = 1, which means that the pilot power can be scaled

down by up to 1
NSC

with fixed transmit power at both BS and SC nodes. Then, the

asymptotic achievable rate can be expressed as

R
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0,M,M
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log2
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for MRT and ZFT, respectively, where the residual items are RDi = EBSβ
(i)
B−M +

ESC

S∑
n=1

β
(n,i)
S−M and RDm,j = ESC

M∑
n=1

β
(n,m,l)
S−S +EBSβ

(m,j)
B−S . It indicates that the channel

estimation error induced interference, cross-tier and inter-SC interferences can not

be eliminated when pτ is scaled down proportionally to 1
NSC

with fixed pBS and pSC

in case II.

Proposition 4.3: In case II as stated in Proposition 2, to achieve non-vanishing

user rate as NSC → ∞ with NBS = λNSC and the pilot reuse power γ < S, i.e.,

considering the pilot reuse introduced contamination, the pilot power scaling factor

must satisfy θ = 0. If θ > 0, the MUE rate R
(i)
0,M,M and R

(i)
0,M,Z still follow (4.34) and

(4.35), while the asymptotic achievable rate expressions of the jth (j ∈ Jm) SUE in

the mth (m ∈ {1, . . . , S}) SC for imperfect CSI based MRT and ZFT are

R
(m,j)
0,S,M

a.s.−→
NSC→∞

0, R
(m,j)
0,S,Z

a.s.−→
NSC→∞

0. (4.37)

4.6 User Scheduling Algorithms

To maximize the sum rate of the scheduled MUEs and SUEs, exhaustive search

in the whole MUE and SUE sets is one possible method to obtain optimal results.

However, it is not practical since it has rather low searching speed with high com-

plexity. In this section, γ = S, i.e., no pilot reuse, is assumed1. As a traditional

suboptimal method, a greedy scheduling algorithm is proposed according to the

derived capacity lower bounds in Section 4.5. Then, in comparison to the greedy

scheduling algorithm, we propose a much simpler scheduling algorithm based on

the obtained asymptotic results to maximize each cell’s sum rate supposing that

NSC → ∞. It is called asymptotic scheduling algorithm which significantly reduces

the computation complexity.

4.6.1 Greedy Scheduling Algorithm (GSA)

Aiming to obtain an optimal user scheduling algorithm, we formulate an opti-

mization problem considering the maximization of total achievable rate for all the

scheduled MUEs and SUEs, subject to the constraints on the scale of each UE set,

1For other pilot reuse factors, the corresponding user scheduling algorithm can be a similar
way.
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i.e.,

max
I⊆UM,Jm⊆U

(m)
S

RSUM (I, J1, . . . , JS)
∆
=
T − τ

T

(∑
i∈I

R
(i)
0,M +

S∑
m=1

∑
j∈Jm

R
(m,j)
0,S

)
(4.38a)

s.t. |I| = K, |Jm| = L, m = 1, . . . , S (4.38b)

which can surely be solved by inefficient exhaustive search. To reduce the com-

putation complexity, a greedy scheduling algorithm is proposed, as summarized in

Algorithm 4.1. In one iteration, each cell schedules one additional user, the user

that maximizes the total sum rate is added in one cell, given the scheduled users

in all other cells. This process repeats until the number of scheduled users in each

cell reaches the target value.

As shown above, the proposed GSA is a suboptimal solution for the maximiza-

tion of the sum rate, but it still results in high computation complexity, since each

user’s achievable rate is determined by the SCSI of the downlink channels from the

BS and all SC nodes to the users, i.e., the BS and each SC node should share SCSI

with one another even for each cell’s own user scheduling.

Algorithm 4.1: Greedy scheduling algorithm

Initialization: N =
⌊
K
L

⌋
, I = ∅, Jm = ∅, ŨM = UM and Ũ

(m)
S = U

(m)
S for

m = 1, . . . , S.
Repeat:
For1 k = 1 to N

i∗ = argmax
i∈ŨM

RSUM (I ∪ {i} , J1, . . . , JS)

I = I ∪ {i∗}, ŨM = ŨM\ {i∗}
Endfor1
For2 m = 1 to S

j∗m = argmax
jm∈Ũ(m)

S

RSUM (I, J1 . . . , Jm ∪ {jm} . . . , JS)

Jm = Jm ∪ {j∗m}, Ũ
(m)
S = Ũ

(m)
S \ {j∗m}

Endfor2
Until: If |Jm| = L with m = 1, . . . , S, change N = K mod (L), go through
For1 Loop and then stop;
Output: Output I and Jm (m = 1, . . . , S) as the solutions.

4.6.2 Asymptotic Scheduling Algorithm (ASA)

In order to further reduce the computation complexity of the traditional GSA,

a new algorithm named ASA is presented for MRT and ZFT, respectively, based on
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the asymptotic results as given in Subsection 4.5.3. From Propositions 1 and 2, it

can be concluded that there is no inter-cell interference when NSC → ∞, i.e., each

cell is able to do user scheduling according to its own statistical CSI and there is

no information exchange requirement among the BS and SC nodes any more.

Asymptotic Scheduling Algorithm for MRT (ASA-M):

Since the Propositions 4.1 and 4.2 provide the asymptotic results for MRT, we

define the achievable rate of the ith (i ∈ UBS) MUE and jth (j ∈ U
(m)
SC ) SUE in the

mth (m = 1, . . . , S) SC as R
(i)
0,M,M−AS and R

(m,j)
0,S,M−AS according to (4.31) or (4.34)

in Subsection 4.5.3. Since maximizing the sum rate is equivalent to maximizing

each cell’s rate, optimization problems for the MC and each SC are proposed on

the constraints of the sizes for each selected user subset, respectively, i.e.,

max
I⊆UM

RBS,M (I)
∆
=
T − τ

T

∑
i∈I

R
(i)
0,M,M−AS (4.39a)

s.t. |I| = K (4.39b)

max
Jm⊆U

(m)
S

R
(m)
SC,M (Jm)

∆
=
T − τ

T

∑
j∈Js

R
(m,j)
0,S,M−AS (4.40a)

s.t. |Jm| = L (4.40b)

which can be solved separately by exhaustive search. Similarly, as a suboptimal

solution, a simplified greedy search method is proposed, in which the user scheduling

at each cell is operated separately, i.e., it can be completed by its own node without

sharing any CSI with other cells. The reader is referred to Algorithm 4.2 for a

step-by-step summary of the proposed method.

Asymptotic Scheduling Algorithm for ZFT (ASA-Z):

Likewise, since the Propositions 4.1 and 4.2 also provide the asymptotic results

for ZFT, we can define the achievable rate of the ith (i ∈ UBS) MUE and jth (j ∈
U

(m)
SC ) SUE in the mth (m = 1, . . . , S) SC as R

(i)
0,M,Z−AS and R

(m,j)
0,S,Z−AS according to

(4.32) or (4.35) in Subsection 4.5.3. However, notably, R
(1)
0,M,Z−AS = R

(2)
0,M,Z−AS =

· · · = R
(K)
0,M,Z−AS for fixed

K∑
k=1

(
β
(k)
B−M

)−η

, and R
(m,1)
0,S,Z−AS = R

(m,2)
0,S,Z−AS = · · · = R

(m,L)
0,S,Z−AS
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Algorithm 4.2: Asymptotic scheduling algorithm for MRT

Initialization: I = ∅, Jm = ∅, ŨM = UM and Ũ
(m)
S = U

(m)
S for m =

1, . . . , S.
Repeat1:

i∗ = argmax
i∈ŨM

RBS,M (I ∪ {i})

I = I ∪ {i∗}, ŨM = ŨM\ {i∗}
Until1: Stop if |I| = K.
For m = 1 to S
Repeat2:

j∗m = argmax
jm∈Ũ(m)

S

R
(m)
SC,M (Jm ∪ {jm})

Jm = Jm ∪ {j∗m}, Ũ
(m)
S = Ũ

(m)
S \ {j∗m}

Until2: Stop if |Jm| = L.
Endfor
Output: Output I and Jm (m = 1, . . . , S) as the solutions.

for fixed
L∑
l=1

(
β
(m,m,l)
S−S

)−η

withm = 1, · · · , S2, which means that maximizing the sum

rate is equivalent to

min
I⊆UM

∑
k∈I

(
β
(k)
B−M

)−η

(4.41a)

s.t. |I| = K (4.41b)

min
Jm⊆U

(m)
S

∑
l∈Jm

(
β
(m,m,l)
S−S

)−η

(4.42a)

s.t. |Jm| = L. (4.42b)

Different from ASA-M, the optimal ASA-Z can be realized by the max-beta based

scheduling algorithm, the process of which is similar to the Algorithm 2. To solve

this optimization problems of (4.41) and (4.42), we just need to find K MUEs

with the first K-maximum β
(k)
B−M and L SUEs with the first L-maximum β

(m,m,l)
S−S ,

respectively. Hence, we replace the item RBS,M (I ∪ {i}) and R(m)
SC,M (Jm ∪ {jm}) in

the Algorithm 2 by β
(i)
B−M and β

(m,m,jm)
S−S , respectively, to realize the optimal ASA-Z,

which is much simpler than ASA-M as neither achievable rate calculation nor SCSI

exchange is needed at each node.

2Here, η = 1 for case I in (4.32) and η = 2 for case II in (4.35).



84

4.7 Numerical Results

In this section, we present numerical results to validate the derived achievable

rate expressions and examine the performance of HetNet with large-scale antenna

arrays in downlink channels. A dense tier of S SCs that are uniformly distributed

in a circle as shown in Fig. 4.1. Suppose that the users in the cell are uniformly

distributed with the total number 200 and 500 for S = 8 and S = 20, respectively,

and that the MUEs and SUEs are identified by the bias user association. The num-

ber of scheduled MUEs and SUEs in each SC are K = 20 and L = 4, respectively,

with training length τ = K + L × γ and bias factors κBS = 1 and κSC = 1.2 [48]

for BS and SC nodes, respectively. Also we assume that equal transmit power at

the each SC node satisfies p
(1)
SC (dBm)= · · · = p

(S)
SC (dBm)= pBS (dBm)−22 (dB) as

pBS changes, and that NBS/NSC = λ = 10 is fixed as NBS changes. See Table 4.1

for simulation parameters and assumption details.

Table 4.1: Simulation Parameters

Parameters Setting

Bandwidth 20 MHz
Macro Cell radius 1000 m
Distance between BS and SCs 800 m
The number of SCs S = 8 or 20
Pilot Reuse factor γ = 1 ∼ 8 or 1 ∼ 20
Coherent interval T = 200

Transmit power threshold (BS/SC) pBS − pSC = 22 dB, p
(1)
SC = · · · = p

(S)
SC = pSC

Noise power density -174 dBm/Hz
Number of MUEs/SUEs K = 20, L = 4
Pathloss model (BS) θBS(d) = 128.1 + 37.6log10(d), d (km) [45]
Pathloss model (SC) θSC(d) = 140.7 + 36.7log10(d), d (km) [45]

4.7.1 Comparison between One-Tier and Two-Tier Net-

work Topologies

First, the effectiveness of the considered large-scale two-tier model is demon-

strated by comparing it with the one-tier network topology. Here, suppose that

simple random scheduling algorithm (RSA) is utilized for user scheduling, pτ = 0

dBm, S = 8 and γ = 8. To be fair, in the one-tier network the number of antennas

is assumed to satisfy N = NBS + S × NSC and the number of UEs is set to be

K +S ×L including both MUEs and SUEs in the two-tier network. Fig. 4.2 shows

that the two-tier network outperforms one-tier network on the spectral efficiency
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Figure 4.2: Spectral efficiency versus pBS for one-tier and two-tier network topologies
(RSA, pτ = 0 dBm, S = 8, γ = 8).

with both MRT and ZFT precoding schemes in the downlink channels. As an indi-

cation of coverage, Fig. 4.3 plots the cell boundary small cell user rate versus pBS

with fixed NBS = 80, 160 and 320, where the cell boundary users are composed of

all the SUEs identified by the biased user association [48]. For MRT the two-tier

network has much higher cell boundary user rate, indicating better coverage than

one-tier. However, for ZFT the two-tier network underperforms the one-tier for cell

boundary SUEs, since neither the inter-SC interference nor the cross-tier interfer-

ence can be cancelled in the non-cooperative two-tier HetNet systems. While in

the one-tier network, the inter-user interferences could be totally eliminated by the

ZFT precoding without inter-SC and cross-tier interferences. On the other hand,

the ZFT precoding of the one-tier network is much more complex than that of the

two-tier network due to the larger number of UEs (K+S×L) served simultaneously

by the BS.

4.7.2 Validation of Lower Capacity Bounds and Pilot Reuse

Pattern

In this subsection, the effectiveness of the derived capacity lower bounds with

imperfect CSI based MRT in (4.19) and (4.20) and ZFT in (4.28) and (4.29) is

evaluated by comparing them with the Monte-Carlo simulation results. Then, the
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Figure 4.3: Cell boundary SC user rate versus pBS for one-tier and two-tier network
topologies (RSA, pτ = 0 dBm, S = 8, γ = 8).
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Figure 4.5: Spectral efficiency versus NBS for different PR factors (RSA, pBS =
46 dBm, pτ = 0 dBm, S = 20).

performance of the presented simple PR pattern is evaluated. Besides, the asymp-

totic analyses with massive arrays for the two cases in Propositions 4.1 and 4.2 are

examined in this subsection. Here, random scheduling algorithm (RSA) is utilized.

Firstly, pτ = 0 dBm, S = 8 and γ = 8 are set. In Fig. 4.4, the spectral efficiency

versus pBS curves with fixed NBS = 80, 160 and 320 for capacity lower bounds are

compared with those obtained from (4.13) and (4.14) by Monte-Carlo simulation.

“Lower Bound (MRT)” indicates the capacity lower bound obtained by (4.19) and

(4.20), and “Lower Bound (ZFT)” is calculated from (4.28) and (4.29). It can be

observed from Fig. 4.4 that the relative performance gap between “Lower Bound

(ZFT)” and “Monte-Carlo (ZFT)” is quite smaller than that between “Lower Bound

(MRT)” and “Monte-Carlo (MRT)”, especially at lower transmit power with larger

number of transmit antennas. Moreover, the spectral efficiency of ZFT increases

much faster than that of MRT as pBS increases, due to the fact that the effect of

interference is much larger than that of the noise for higher SNR while ZFT is able

to null multi-user interference signals [23]. In this way, the derived capacity lower

bounds by Jensen’s inequality are proved to be accurate predictors of the system

performance.

Secondly, setting pBS = 46 dBm, pτ = 0 dBm and S = 20, the spectral efficiency

of the presented PR pattern with different pilot reuse factor γ versus the number
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of transmit antennas at BS is illustrated in Fig. 4.5. When the spectral efficiency

is calculated by (4.19) and (4.20) taking the influence of the pilot overhead τ into

consideration, Fig. 4.5 indicates that PR factor γ = 4 yields the best performance

for both MRT and ZFT, which achieves the optimal trade off between pilot overhead

and pilot contamination from the reuse of the pilot sets. Notably, when the PR

factor is reduced to γ = 2 and γ = 1, the spectral efficiency of ZFT is no longer

larger than that of MRT as shown in Fig. 4.5, which indicates that pilot reuse

introduced pilot contamination effect is more severe for ZFT than that for MRT. It

can be explained by the fact that more pilot reuse increases the channel estimation

error, and thus monotonically decreases the SINR of the SUEs in the ZFT case as

stated by Remark 4.2.

Finally, the asymptotic analyses with massive arrays for the two cases in Propo-

sitions 4.1 and 4.2 are examined with the MUE and SUE large-scale fading fac-

tors fixed as βB−M = 1, βB−S = 0.2, β
(m,m)
S−S = 5, β

(m,n)
S−S = 0.6 (m ̸= n) and

βS−M = 0.6 considering pathloss, noise variance σ2
0 = 1 and the normalized pilot

power pτ = 0 dB. Fig. 4.6 shows the required MC and SC transmit power pBS and

pSC to achieve 1 bit/s/Hz per MUE and SUE, respectively, for MRT in case I. It is

obvious from Fig. 4.6 that in case I where the pilot power pτ is fixed, the required

pBS and pSC are significantly reduced as NSC increases, and that the required pBS

with γ = 1 is the lowest and the pSC with γ = 4 is the lowest in comparison to other

PR factors. Moreover, for γ < 4 in Fig. 4.6, it is evident that the lower the PR fac-

tor γ is, the higher pSC is required to achieve 1 bit/s/Hz per user. The observation

indicates that the pilot contamination effect existed at the SCs increases the re-

quired transmit power pSC to achieve 1 bit/s/Hz per SUE. Regarding the imperfect

CSI effect, Fig. 4.7 shows that less transmit power in both MC and SCs are required

when pτ is high. For case II with Eτ = 0 dB and the pilot power scaling down by

pτ = Eτ

Nθ
SC
, Fig. 4.8 shows that higher θ leads to more slowly reduced Pτ , because

the imperfect CSI effect becomes more severe when the pilot power is reduced much

faster with the increase of NSC.

4.7.3 User Scheduling

In this subsection, the proposed user scheduling algorithms are examined with

respect to the spectral efficiency of the HetNet downlink systems. Here, we choose

pτ = 5 dBm, S = 8 and γ = 8 for comparison fairness.

First, simulations are performed for MRT on the proposed two user scheduling

algorithms in regard to the spectral efficiency versus pBS, which is given in Fig. 4.9

with fixed NBS = 80, 160 and 320. We obtain the results that GSA outperforms
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Figure 4.6: Transmit power required to achieve 1 bit/s/Hz per user for case I
(normalized pτ = 0 dB, S = 8).
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Figure 4.10: Spectral efficiency versus pBS for different user scheduling algorithms
(ZFT, pτ = 5 dBm, S = 8, γ = 8).

ASA and RSA even when NBS is not sufficiently high, and that the curve of ASA

approaches to the curve of GSA as NBS increases. Furthermore, the performance

gap between ASA and RSA for MRT is large. Fig. 4.10 shows the spectral efficiency

versus pBS for ZFT on two different user scheduling schemes. It can be observed

that the two curves for GSA and ASA almost coincide with each other even when

the number of antennas is not very large, which demonstrates the effectiveness of

ASA. Hence, for user scheduling of both MRT and ZFT, ASA is a good choice

that achieves better performance with lower complexity. Moreover, by comparing

Fig. 4.4 with Fig. 4.9 and Fig. 4.10, it is shown that increasing pτ from 0 dBm to

5 dBm introduces better performance for ZFT than MRT, indicating that different

imperfect CSI effect on ZFT and MRT.

4.8 Conclusion

In this chapter, we have investigated the performance of a two-tier network with

large-scale antenna arrays set at both BS and SCs. With MRT precoding employed

at each node, we have derived capacity lower bounds with closed-form expressions

for both imperfect CSI based MRT and ZFT cases, where a simple pilot reuse

pattern is utilized for the channel estimation procedure to obtain the estimated
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imperfect CSI, followed by asymptotic analyses. The benefits of employing large

number of antennas at both BS and SCs have been demonstrated. Simulation

results have shown that the derived closed-form expressions for the achievable rate

are accurate predictors of the system performance for both MRT and ZFT, and that

more pilot reuse is able to yield higher effective performance under different system

configurations even though pilot contamination exists. As for user scheduling, two

schemes have been proposed. The greedy scheduling algorithm designed based

on the derived capacity lower bounds only requires the statistical CSI but not

the instantaneous CSI exchange among BS and SCs. The asymptotic scheduling

algorithm, based on the asymptotic analysis results, has even lower complexity by

removing the need for any CSI exchange among nodes, and can still achieve near-

optimal performance for both MRT and ZFT in the asymptotic regime of massive

antenna arrays. Furthermore, it has been found that in the asymptotic regime

and when ZFT is used, the capacity lower bound of a user is proportional to the

large-scale fading factor of the channel from the user to its base station. Therefore,

ASA-Z can further reduce complexity by circumventing the need to calculate the

achievable rate.

4.9 Appendices

4.9.1 Proof of (4.10)

As to the detailed derivation of (4.10), we use the identity [30, 31]

E
[
W−1

]
=

Σ−1

n−m− 1
(4.43)

where W ∼ Wm(Σ, n) is an m×m central complex Wishart matrix with n (n > m)

degrees of freedom and the distribution of W−1 is called an inverted Wishart distri-

bution, following W−1
m (Σ−1, n). It can be easily concluded that

(
ĜH

B−MĜB−M

)−1

∼

W−1
K (D̂−1

B−M, NBS) and

[(
Ĝ

(m,m)
S−S

)H
Ĝ

(m,m)
S−S

]−1

∼ W−1
L (
(
D̂

(m,m)
S−S

)−1

, NSC) for ∀m ∈

{1, · · · , S}, hence

E

[(
ĜH

B−MĜB−M

)−1
]
=

D̂−1
B−M

NBS −K − 1

E

[[(
Ĝ

(m,m)
S−S

)H
Ĝ

(m,m)
S−S

]−1
]
=

(
D̂

(m,m)
S−S

)−1

NSC − L− 1

(4.44)
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where NBS > K and NSC > L. In this way, we have

αBS =

√√√√√ PBS

E

[
Tr

{(
ĜH

B−MĜB−M

)−1
}] =

√
(NBS −K − 1)PBS

ΨB−M

α
(m)
SC =

√√√√√√ P
(m)
SC

E

[
Tr

{[(
Ĝ

(m,m)
S−S

)H
Ĝ

(m,m)
S−S

]−1
}] =

√√√√(NSC − L− 1)P
(m)
SC

Ψ
(m)
S−S

(4.45)

where ΨB−M=
K∑
i=1

1

β̂
(i)
B−M

, and Ψ
(m)
S−S =

L∑
l=1

1

β̂
(m,m,l)
S−S

with m ∈ {1, . . . , S}.

4.9.2 Proof of Theorem 4.1

To derive the closed-form expression of the MUE achievable rate in (4.19) based

on Jensen’s inequality, we start from the expectation of the SINR’s reciprocal, given

by

E

EEIi + IMIi + CTIi + σ2
0

α2
BS

∥∥∥ĝ(i)
B−M

∥∥∥4


= E

 EEIi

α2
BS

∥∥∥ĝ(i)
B−M

∥∥∥4
+ E

 IMIi

α2
BS

∥∥∥ĝ(i)
B−M

∥∥∥4
+ E

 1∥∥∥ĝ(i)
B−M

∥∥∥4
 E [CTIi] + σ2

0

α2
BS

(4.46)

where the item of
E[CTIi]+σ2

0

α2
BS

does not depend on ĝ
(i)
B−M. Since large-scale antenna

arrays are set at both the BS and SCs, some results from Gaussian distributed

estimated channel in (4.4)3 [28] can be utilized. Using [29, Lemma 2.9]

E
[
Tr
{
W−1

}]
=

m

n−m

E
[
Tr2

{
W−1

}]
=

m

n−m

(
n

(n−m)2 − 1
+

m− 1

n−m+ 1

) (4.47)

3Due to the estimated channel model in (4.4), we have that ĝi and ĝj are mutually independent
N×1 vectors with ∀i ̸= j whose elements are i.i.d. zero-mean Gaussian distributed with variances
σ̂2
i and σ̂2

j , respectively. Then, it can be concluded that E
[
ĝH
i ĝi

]
= Nσ̂2

i , E
[
ĝH
j ĝj

]
= Nσ̂2

j , and

E
[
ĝH
i ĝj

]
= 0. Also, we can obtain that E

[
|ĝH

i ĝj |2
]
= Nσ̂2

i σ̂
2
j .
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where W ∼ Wm (In, n) is an m ×m central complex Wishart matrix with n (n >

m+ 1) degrees of freedom, we have

E

 1∥∥∥ĝ(i)
B−M

∥∥∥2
 =

1

(NBS − 1)β̂
(i)
B−M

, E

 1∥∥∥ĝ(i)
B−M

∥∥∥4
 =

1

(NBS − 1)(NBS − 2)
(
β̂
(i)
B−M

)2 .
(4.48)

Then, we define ξ̃
(i)
B−M

∆
=

(
ξ
(i)
B−M

)H
ĝ
(i)
B−M∥∥∥ĝ(i)

B−M

∥∥∥ ∼ CN
(
0, β

(i)
B−M − β̂

(i)
B−M

)
and ˆ̃g

(k)

B−M
∆
=

(
ĝ
(i)
B−M

)H
ĝ
(k)
B−M∥∥∥ĝ(i)

B−M

∥∥∥ ∼ CN
(
0, β̂

(k)
B−M

)
. Conditioned on ĝ

(i)
B−M, ξ̃

(i)
B−M and ˆ̃g

(k)

B−M are Gaussian

distributed and independent of ĝ
(i)
B−M. Hence, we have

E

 EEIi

α2
BS

∥∥∥ĝ(i)
B−M

∥∥∥4
 = E

 1∥∥∥ĝ(i)
B−M

∥∥∥2
E

[∣∣∣ξ̃(i)B−M

∣∣∣2] = β
(i)
B−M − β̂

(i)
B−M

(NBS − 1)β̂
(i)
B−M

(4.49)

and

E

 IMIi

α2
BS

∥∥∥ĝ(i)
B−M

∥∥∥4
 =

K∑
k ̸=i

E


∣∣∣∣(ĝ(i)

B−M+ξ
(i)
B−M

)H
ĝ
(k)
B−M

∣∣∣∣2∥∥∥ĝ(i)
B−M

∥∥∥4


=E

 1∥∥∥ĝ(i)
B−M

∥∥∥2
 K∑

k ̸=i

E

[∣∣∣ˆ̃g(k)B−M

∣∣∣2]+ E

 1∥∥∥ĝ(i)
B−M

∥∥∥4
 K∑

k ̸=i

E

[∣∣∣∣(ξ(i)B−M

)T(
ĝ
(k)
B−M

)∗∣∣∣∣2
]

=

K∑
k ̸=i

β̂
(k)
B−M

(NBS − 1)β̂
(i)
B−M

+

NBS

K∑
k ̸=i

(
β
(i)
B−M−β̂

(i)
B−M

)
β̂
(k)
B−M

(NBS − 1)(NBS − 2)
(
β̂
(i)
B−M

)2 .
(4.50)

Also, Gaussian distribution leads to

E [CTIi] =
S∑

n=1

L∑
l=1

(
α
(n)
SC

)2
E

[∣∣∣∣(g(n,i)
S−M

)T(
ĝ
(n,n,l)
S−S

)∗∣∣∣∣2
]
=

S∑
n=1

(
α
(n)
SC

)2
NSCΦ

(n)
S−Sβ

(n,i)
S−M.

(4.51)



95

By substituting (4.49), (4.50) and (4.51) into (4.46), (4.17) leads to

R
(i)
0,M,M = log2

1 +
α2
BS(NBS − 1)(NBS − 2)

(
β̂
(i)
B−M

)2
α2
BSχ̂

(i)
BS +

S∑
n=1

(
α
(n)
SC

)2
NSCΦ

(n)
S−Sβ

(n,i)
S−M + σ2

0

 (4.52)

where χ̂
(i)
BS = ΦB−M

(
NBSβ

(i)
B−M − 2β̂

(i)
B−M

)
− (NBS − 4)

(
β̂
(i)
B−M

)2
− 2β̂

(i)
B−Mβ

(i)
B−M.

For the derivation of the closed-form expression for the SUE achievable rate in

(4.20), the expectation of the SINR’s reciprocal can be written as

E

EEIm,j + CTIm,j + ISIm,j + SSIm,j + σ2
0(

α
(m)
SC

)2∥∥∥ĝ(m,m,j)
S−S

∥∥∥4
 = E

 EEIm,j(
α
(m)
SC

)2∥∥∥ĝ(m,m,j)
S−S

∥∥∥4


+ E

 ISIm,j(
α
(m)
SC

)2∥∥∥ĝ(m,m,j)
S−S

∥∥∥4
+ E

 1∥∥∥ĝ(m,m,j)
S−S

∥∥∥4
 E [CTIm,j] + E [SSIm,j] + σ2

0(
α
(m)
SC

)2
(4.53)

where
E[CTIm,j ]+E[SSIm,j ]+σ2

0(
α
(m)
SC

)2 is independent of ĝ
(m,m,j)
S−S . According to the [29,

Lemma 2.9] given in (4.47), we have

E

 1∥∥∥ĝ(m,m,j)
S−S

∥∥∥2
 =

1

(NSC − 1) β̂
(m,m,j)
S−S

E

 1∥∥∥ĝ(m,m,j)
S−S

∥∥∥4
 =

1

(NSC − 1) (NSC − 2)
(
β̂
(m,m,j)
S−S

)2 .
(4.54)

Likewise, we define ξ̃
(m,m,j)
S−S

∆
=

(
ξ
(m,m,j)
S−S

)H
ĝ
(m,m,j)
S−S∥∥∥ĝ(m,m,j)

S−S
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S−S
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S−S

)
, both of which do not depend on

ĝ
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S−S conditioned on it, then we obtain
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 EEIm,j(
α
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SC
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S−S
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S−S
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(m,m,j)
S−S − β̂
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and

E

 ISIm,j(
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SC

)2∥∥∥ĝ(m,m,j)
S−S
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(4.56)

Similarly, the law of large numbers [28] leads to

E [CTIm,j] = α2
BSNBSΦB−Mβ

(m,j)
B−S (4.57)

E [SSIm,j] =
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SC
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where β̂
(n,m,j)
S−S

∆
=

τpτ
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β
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S−S

)2
τpτ

∑
l∈Ar

β
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S−S +σ2

0

. Then, substituting (4.55), (4.56), and (4.57) into

(4.54), (4.18) leads to
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)2
χ̂
(n,m,j)
SC,2 + σ2

0


(4.59)

where χ̂
(m,j)
SC = Φ

(m)
S−S

(
NSCβ

(m,m,j)
S−S − 2β̂

(m,m,j)
S−S

)
−(NSC − 4)

(
β̂
(m,m,j)
S−S

)2
−2β

(m,m,j)
S−S β̂

(m,m,j)
S−S ,

χ̂
(m,j)
BS = NBSΦB−Mβ

(m,j)
B−S , χ̂

(n,m,j)
SC,1 = NSCΦ

(n)
S−Sβ

(n,m,j)
S−S , and χ̂

(n,m,j)
SC,2 = N2

SCβ
(n,m,j)
S−S β̂

(n,m,j)
S−S .

Finally, by substituting (4.8) into (4.52) and (4.59), (4.19) and (4.20) are ob-

tained and thus Theorem 4.1 is demonstrated.
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4.9.3 Proof of Theorem 4.2

Similar to the proof of Theorem 1 in Appendix 4.9.2, to derive the closed-form

expression of the ZFT based MUE achievable rate in (4.28) based on Jensen’s

inequality, we start from the expectation of the SINR’s reciprocal, given by

E

[
EEIi + IMIi + CTIi + σ2

0

α2
BS

]
=

E [EEIi + IMIi] + E [CTIi] + σ2
0

α2
BS

. (4.60)

Then, the property of the inverted Wishart Distribution in (4.44), the law of

large numbers [28] and Tr {AB} = Tr {BA} offer us

E [EEIi + IMIi] = E

[
α2
BS

∣∣∣∣(ξ(i)B−M

)H
ˆ̄g
(i)
B−M

∣∣∣∣2 + K∑
k ̸=i

α2
BS

∣∣∣∣(ξ(i)B−M

)H
ˆ̄g
(k)
B−M

∣∣∣∣2
]

= α2
BSE

[(
ξ
(i)
B−M

)H ˆ̄GB−M
ˆ̄G

H

B−Mξ
(i)
B−M

]
= α2

BS

(
β
(i)
B−M − β̂

(i)
B−M

) ΨB−M

NBS −K − 1

(4.61)

and

E [CTIi] = E

[
S∑

n=1

L∑
l=1

(
α
(n)
SC

)2∣∣∣∣(g(n,i)
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(n,n,l)
S−S
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]
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(
α
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(
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(n,n)

S−S

)H
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S−M

]
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S∑

n=1

(
α
(n)
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)2
β
(n,i)
S−STr

{
E

[[(
Ĝ

(n,n)
S−S

)H
Ĝ
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S−S

]−1
]}
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S∑

n=1

(
α
(n)
SC

)2
β
(n,i)
S−S

Ψ
(n)
S−S

NSC − L− 1

(4.62)

where ΨB−M =
K∑
i=1

1

β̂
(i)
B−M

, and Ψ
(n)
S−S =

L∑
l=1

1

β̂
(n,n,l)
S−S

with n ∈ {1, . . . , S}.

By substituting (4.61) and (4.62) into (4.60), then (4.17) leads to

R
(i)
0,M,Z = log2

1 +
α2
BS

α2
BS

(
β
(i)
B−M−β̂

(i)
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)
ΨB−M
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S∑
n=1

(
α
(n)
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)2
β
(n,i)
S−S

Ψ
(n)
S−S

NSC−L−1
+ σ2

0

 .

(4.63)

For the derivation of the closed-form expression for the SUE achievable rate in
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(4.29), the expectation of the SINR’s reciprocal can be written as

E

EEIm,j + CTIm,j + ISIm,j + SSIm,j + σ2
0(

α
(m)
SC

)2


=
E [EEIm,j + ISIm,j] + E [CTIm,j] + E [SSIm,j] + σ2

0(
α
(m)
SC

)2 .

(4.64)

Similarly, according to the property of the inverted Wishart Distribution in

(4.44), we have

E [EEIm,j + ISIm,j] = E

[(
α
(m)
SC

)2∣∣∣∣(ξ(m,m,j)
S−S

)H
ˆ̄g
(m,m,j)
S−S
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(m)
SC

)2∣∣∣∣(ξ(m,m,j)
S−S

)H
ˆ̄g
(m,m,l1)
S−S

∣∣∣∣2
]
=

(
α
(m)
SC

)2 (
β
(m,m,j)
S−S − β̂

(m,m,j)
S−S

)
Ψ

(m)
S−S

NSC − L− 1

(4.65)

E [CTIm,j] = E

[
K∑
i=1
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BS
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)H
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(4.66)

and

E [SSIm,j] =
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(4.67)

Then, substituting (4.65), (4.66) and (4.67) into (4.64), (4.18) leads to
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(4.68)
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where η̂
(m,j)
SC =

(
β
(n,m,j)
S−S −β̂

(m,m,j)
S−S

)
Ψ

(m)
S−S
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and η̂
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[(
β
(n,m,j)
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β
(n,n,j)
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)2

− β
(n,m,j)
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(NSC−L−1)β̂
(n,n,j)
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]
. Finally, by substituting (4.10) into

(4.63) and (4.68), (4.28) and (4.29) are obtained and thus Theorem 4.2 is demon-

strated.
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Chapter 5

Conclusions and Further Research

Issues

5.1 Conclusions

I
n this dissertation, we have investigated the multi-Pair two-way AF massive

MIMO relaying, MSE precoding based HetNet and large-scale antenna arrays

equipped HetNet. The conclusions are drawn as follows:

• Power Allocation for Multi-Pair Massive MIMO Two-Way AF Re-

laying with Linear Processing

We have investigated the performance of a multi-pair two-way AF massive

MIMO relaying system. With imperfect CSI based MRC/MRT and ZFR/ZFT

beamforming employed at the relay side, respectively, we have derived closed-

form lower bound for the achievable rate, based on which the asymptotic analy-

sis has been provided for two different cases under massive arrays configurations.

Then, according to the derived capacity lower bound, power allocation schemes

have also been proposed under certain practical power constraints. Simulation

results have shown that optimal power allocations schemes outperform equal

power allocation in various scenarios. It has also been found that the asymp-

totically optimal power solutions for MRC/MRT and ZFR/ZFT achieve almost

the same performance as OPA when the SNR is high and the number of an-

tennas at the relay is large. Both AOPA and OPA outperform EPA on the

spectral efficiency. Besides, the allocated power of each user in AOPA is inverse

to the large-scale fading factor of the channel from the user to the relay, and

proportional to the channel from the relay to its destination for MRC/MRT

under the condition that the link end-to-end large-scale fading factors among
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all pairs are equal, and the AOPA for ZFR/ZFT tends to be EPA when the

number of antennas at the relay is large.

• MSE-based Precoding for MIMO Downlinks in Heterogeneous Net-

works

We have developed three new MSE-based precoding schemes for MIMO down-

links in a HetNet architecture consisting of a macro tier overlaid with a second

tier of SCs. Based on the same sum-MSE minimization problem, the first two

precoding schemes have been presented focusing on the joint design of a set

of BS and SC transmit precoding matrices or vectors by minimizing the total

user MSE with individual transmit power at each cell constrained. Besides, a

separate MSE minimization based two-level precoder has been proposed by a

non-iterative algorithm, where BD technique is employed as its first-level pre-

coder and each cell designs its own second-level precoder separately. There

is no need to exchange user data or channel state information over the back-

haul. Furthermore, robust precoding schemes have been proposed on the basis

of the estimated imperfect CSI. Simulation results have shown that the sum-

MSE based RAO algorithm offers better performance on the MSE at the cost of

considerable complexity in comparison to UAON and the separate MSE-based

precoding. When the number of antennas at the macro-BS is large enough rel-

ative to the number of MUEs, the average MSE of the low complexity separate

MSE-based precoding comes close to those of RAO and UAON. Moreover, the

UAON algorithm is a worthy trade-off between efficiency and performance, as

it has higher convergence rate and lower computation complexity compared to

RAO.

• Performance Analysis for Pilot-Reused HetNets with Large-Scale An-

tenna Arrays in Downlink Systems

We have investigated the performance of a two-tier network with large-scale

antenna arrays set at both BS and SCs. The main contributions can be summa-

rized as follows: First, we have derived capacity lower bounds with closed-form

expressions for both imperfect CSI based MRT and ZFT precoding employed at

each node, where a pilot reuse pattern has been utilized for the channel estima-

tion procedure to obtain the estimated CSI, followed by asymptotic analyses.

Second, we have presented two different kinds of user scheduling algorithms,

GSA and ASA, to further improve the system performance without require-

ment of instantaneous CSI exchange between BS and SCs. Simulation results
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have shown that the derived closed-form expressions for the achievable rate are

accurate predictors of the system performance for both MRT and ZFT pre-

coding, and that more pilot reuse is able to yield higher effective performance

under different system configurations even though pilot contamination exists.

Furthermore, the effectiveness of the proposed user scheduling algorithms has

been demonstrated in comparison to the corresponding random scheduling al-

gorithm.

5.2 Further Research Issues

There are many open issues for further research related to the topics in the

dissertation.

• It is well known that pilot overhead is proportional to the number of user

equipment for the conventional orthogonal training scheme, i.e., the system

performance will degrade as the UE number grows due to heavy pilot overhead.

In a two-tier HetNet with multiple small cells, massive antenna arrays and large

number of UEs, we propose to apply pilot reuse among the SCs in Chapter 4,

i.e., the same set of orthogonal pilots is reused among the small cells in one

macro-cell. Thus the number of orthogonal pilots is smaller than the total UE

number in the whole network. Simulation results demonstrate the effectiveness

of the proposed pilot reuse method, but the introduced pilot contamination

effect becomes the bottleneck of the performance improvement. Hence, we

could focus on the pilot decontamination scheme design in the future work.

• Most of the existing work on pilot contamination in massive MIMO systems

are focused on the traditional homogeneous networks. In Chapter 4, we have

considered a single-cell setting with a two-tier architecture and performed anal-

ysis with MRT precoding utilized at each node. However, it is only reasonable

with orthogonality between the pilots in different cells guaranteed. In practical

cellular networks, channel coherence times are not long enough due to mobil-

ity to allow for such long training sequences. While the multi-cell setting for

HetNet with large-scale antenna arrays set at both BS and small cells has not

been studied yet. Therefore, a multi-cell setting with hexagonal structure with

both MRT and ZFT precoding could be employed at each node in the future

work. And our goal is to propose pilot reuse strategies and complete perfor-

mance analysis for pilot contamination in the multi-cell scenario. Moreover,

we could propose user scheduling algorithms for multi-cell model and do the

corresponding evaluation.
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