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1. Introduction

1.1 Background and Motivation

The evolution of wireless networks has positioned massive Multiple-Input
Multiple-Output (MIMO) as a pivotal technology for both fifth-generation (5G)
and forthcoming beyond 5G networks. Massive MIMO is characterized by the
deployment of a significantly large number of antennas at the base station (BS)
within a cell to serve multiple users concurrently. This concept offers significant
benefits, including increased spectral efficiency (SE) and energy efficiency, as
well as enhanced system capacity [1-5] with low computational cost [1, 6, 7].
The architecture has been shown to harness the spatial domain to its maximum
potential, effectively multiplying the capacity of a wireless link.

Moving beyond the conventional cell-based system, Cell-Free massive Multiple-
Input Multiple-Output (CFmMIMO) presents a promising advancement. Con-
trary to the traditional cellular approach, where each user is associated with
a specific BS or cell, in CFmMIMO, all the antennas distributed across a large
geographical area simultaneously serve all the users. This provides superior
benefits, such as improved performance for cell-edge users and circumvents
handover issues of cellular systems [8]. The essence of the cell-free paradigm
lies in the coherent processing of signals from all antennas, which can provide
uniform coverage throughout the network area, leading to a more efficient and
reliable wireless communication system [8-13].

Massive MIMO and CFmMIMO systems, while being innovative and promising
technologies, face a host of challenges, especially concerning resource allocation.
Addressing resource allocation issues is crucial for the successful deployment
and performance of these systems. Key among these challenges are the pilot
and power allocation algorithms, both of which have a significant bearing on the
system performance of massive MIMO. The substantial increase in the number
of antennas in massive MIMO systems necessitates a corresponding escalation
in pilot overhead for reliable channel estimation. However, the feasibility of
this increase is constrained by the coherence bandwidth and coherence time,
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leading to a finite amount of available resources (transmit symbols) for pilot
transmission. This limit on pilot overhead demands a meticulous and strategic
allocation to optimize system efficiency. Furthermore, power allocation presents
another critical resource allocation challenge. The difficulty lies in optimally
distributing power across multiple channels to minimize inter-user interference
while concurrently ensuring that each user receives sufficient power for reliable
communication. Power allocation is especially extremely challenging in the DL
of a CFmMIMO due to the centralized nature of its architecture.

This thesis aims to address the aforementioned challenges by focusing on the
optimization of resource allocation in massive MIMO and CFmMIMO systems,
with particular emphasis on pilot and power allocation. The motivation behind
this research focus stems from the critical impact these aspects have on the over-
all performance of wireless communication systems. Efficient allocation of pilot
sequences is vital to accurate channel estimation and system throughput, while
robust power control schemes are necessary to minimize inter-user interference
and ensure reliable communication for all users.

1.2 Objectives of the Research

The core objectives guiding this research endeavor can be succinctly stated as
follows:

¢ Initiate a detailed study on the impact of pilot overhead and the accuracy
of channel estimation on the SE in massive MIMO systems. A key aim is to
develop closed-form expressions for uplink (UL) and downlink (DL) SEs of mas-
sive MIMO systems with imperfect channel information. These expressions
are expected to provide significant insights, thereby aiding in the creation of
strategies for efficient pilot resource allocation.

* Conduct a comprehensive investigation of the DL power control issue preva-
lent in CFmMIMO systems. The goal is to propose an effective solution,
underpinned by deep learning techniques, to address this innate challenge,
hence improving the overall performance of the system.

1.3 Contributions of the Thesis
This thesis furnishes significant advancements in understanding and addressing
key challenges in massive MIMO and CFmMIMO systems, as detailed in the

following research publications:

® In Publication I, we delve into the theoretical aspects of the UL SE for a user in
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a massive MIMO system, establishing an analytical lower bound, particularly
under conditions when the channel vector and covariance matrices are not
known or readily available. The derived bounds are expressed as a function
of pilot overhead, providing a clear quantification of the number of samples
needed for covariance estimation to meet specific SE targets. The comparison
between the analytical bounds and simulated outcomes confirms the reliability
of the lower bound.

Publication II presents our derivation of analytical expressions encapsulating
both the UL and DL SEs of a massive MIMO system with imperfect Chan-
nel State Information (CSI). These are explicitly formulated as functions of
pilot overhead, while the massive MIMO system employs Linear Minimum
Mean Square Error (LMMSE) and element-wise LMMSE channel estima-
tion methodologies. The analysis highlights how pilot overhead affects the
accuracy of covariance matrix estimation, thereby impacting the overall SE
performance. A detailed theoretical discussion quantifies the SE behavior as a
function of pilot overhead, capturing the trade-off between additional pilots
and the improvement in channel estimation quality.

In Publication III, we introduce a novel solution to the prevalent DL power
control problem in CFmMIMO systems. Here we design a new Attention Neu-
ral Network (ANN) that harnesses the capabilities of the Masked Multi Head
Attention Network (MMHAN) module, which is a building block of the popular
transformers [14]. The model’s robustness is proven through comprehensive
numerical simulations and an analysis of computational complexity is given.
The proposed network efficiently addresses pilot contamination by incorpo-
rating pilot allocation information in its design, and significantly reduces the
computational cost compared to traditional optimization-based methods.

In a significant step forward, Publication IV refines and extends the approach
introduced in Publication III by developing a Pilot Contamination-Aware
Power Control (PAPC) transformer neural network for DL power control in
CFmMIMO systems. This work introduces crucial architectural enhancements,
such as additional pre-processing and post-processing stages, and an improved
objective function, resulting in enhanced performance. While PAPC retains the
core principles of the ANN, these modifications not only improve performance
but also enhance scalability and adaptability in CFmMIMO networks. By
integrating pilot allocation information, PAPC effectively reduces the nega-
tive impact of pilot contamination, improving the quality of power control
in large-scale systems. Additionally, PAPC’s ability to dynamically adapt to
varying numbers of users without retraining demonstrates its flexibility to
varying number of users. The PAPC model effectively handles pilot contami-
nation and demonstrates a significant reduction in computational complexity
compared to traditional methods. Through extensive simulations, this study
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showcases the PAPC’s ability to match the performance of state-of-the-art al-
gorithms, emphasizing its robustness and effectiveness in complex CFmMIMO

environments.

1.4 Structure of the Thesis

Chapter 2 offers a comprehensive overview of massive MIMO technology, pre-
senting its fundamental concepts and inherent challenges. It also introduces
CFmMIMO systems, highlighting their distinctive advantages over traditional
cell-based systems.

Chapter 3 delves into the implications of pilot overhead and the accuracy of
channel estimation on the SE in massive MIMO systems. Drawing upon the
insights from Publications I and II, this chapter conducts an extensive analysis
of pilot resource allocation.

Chapter 4 presents an advanced approach to DL power control in CFmMIMO
systems using PAPC. This chapter addresses the complexities of power control,
including the non-convex nature of the problem and the inefficiencies of tradi-
tional iterative methods. It begins with describing an unsupervised learning
framework where the neural network optimizes power allocation without the
need for extensive labeled data. Initially, an ANN is introduced, leveraging
MMHAN modules, as detailed in Publication III. Building on this foundation,
the chapter introduces PAPC developed in Publication IV, which retains the core
principles of the ANN but incorporates significant architectural enhancements,
resulting in improved performance, and a reduction in computational complexity,
as demonstrated by extensive simulations.

Chapter 5 serves as the culmination of the thesis, summarizing the key find-
ings and contributions, and proposing directions for future research within the
domain of massive MIMO and CFmMIMO resource allocation.



2. Massive MIMO and Cell-Free Massive
MIMO Systems

2.1 Introduction

In the ever-evolving landscape of wireless communication, MIMO has emerged
as a crucial cornerstone technology. This transformative technology, especially
in its ‘massive’ variant, holds the potential to redefine the frontiers of capacity,
energy efficiency, and robustness. Massive MIMO, often considered synonymous
with large-scale antenna systems, involves BSs equipped with a large number of
antennas that simultaneously serve multiple users on the same time-frequency
resources. Therefore, this is a multi-user MIMO setup, often referred to as
multi-user massive MIMO or MU-massive-MIMO. The spatial multiplexing
capabilities due to the abundance of antennas at the BS has the potential to
increase the system capacity by orders of magnitude, thus enabling a paradigm
shift in network design. Furthermore, by virtue of its design, massive MIMO
can enhance the system’s robustness against several disruptive factors, such as
interference and fading [1-5, 15].

As an extension of massive MIMO technology, CFmMIMO has started to take
form, introducing a notable evolution in the field of wireless communication.
This technology spreads the multitude of antennas in massive MIMO systems
across a large geographical spread, rather than confining them to discrete
BSs. This design approach substantially enhances the robustness of the system
against disruptions from shadowing and fading effects, while improving the user
experience due to reduced inter-user interference. Its potential for providing
uniformly good coverage to all users makes CFmMIMO an attractive prospect
for beyond 5G wireless networks [8,16,17].

Successful implementation of massive MIMO and CFmMIMO systems involves
overcoming several challenges. The benefits of massive MIMO systems are
predominantly subject to the availability of perfect CSI at the BS and the
user. However, the limited availability of time-frequency resources leads to
issues like pilot contamination and inaccurate CSI information. In CFmMIMO,
challenges such as power control and pilot assignment, due to their centralized
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nature, become more pronounced [17-19]. Downlink power control algorithm is
particularly challenging in CFmMIMO systems.

These challenges, while significant, provide ample research opportunities.
This chapter sets the stage by outlining the system models for both technologies,
highlighting the challenges faced in pilot resource allocation for massive MIMO
and power control in CFmMIMO. The details of how our published works address
these challenges will be explored in subsequent chapters.

While this thesis focuses on pilot overhead and its impact on the performance of
massive MIMO systems, power control in massive MIMO is not addressed. This
is because, although power control is important, it presents fewer challenges
in massive MIMO compared to CFmMIMO, where the centralized coordination
across distributed antennas makes power control more complex. As a result, the
thesis prioritizes the investigation of pilot-related challenges in massive MIMO,
while addressing power control in the context of CFmMIMO.

2.2 Massive MIMO Systems

2.2.1 System Description

We consider a multi-cell, multi-user massive MIMO system, hear after simply
referred to as massive MIMO. This system is characterized by L distinct cells,
each having a BS equipped with M antennas serving K single-antenna users.
The number of antennas M at each BS is significantly larger than the number
of users K, facilitating spatial multiplexing, where all the users use the same
time-frequency resources for communication.

The system employs a time-varying and frequency-selective block-fading chan-
nel model. The model assumes invariance over a coherence bandwidth, B,
and a coherence time, T, creating a coherence block with 7. = B. T, symbols.
Here, the coherence bandwidth and time represent, respectively, the range of
frequencies and the duration for which the channel’s response is considered flat.

The BS performs essential operations like receive combining in the UL and
transmit precoding in the DL. The receive combining module coherently com-
bines signals from a given user to different receiver antennas thereby enhances
the Signal-to-Noise Ratio (SNR) and minimizes inter-user interference. On the
other hand, transmit precoding pre-adjusts signals from different antennas to
superimpose constructively at the target user’s location, boosting signal qual-
ity and mitigating multi-user interference in the downlink. The computational
burden of these complex operations is delegated to the BS due to its superior com-
putational capabilities and resources, allowing user devices to be less complex
and more power-efficient.



Massive MIMO and Cell-Free Massive MIMO Systems

2.2.2 TDD for Massive MIMO

Accurate CSI is necessary for the implementation of receive combining and
transmit precoding. As, the number of antennas M grows, the number of pi-
lot symbols needed for DL channel estimation increases, leading to increased
overhead and complexity. This situation is problematic, given that these pilot
symbols consume valuable resources which could be otherwise used for data
transmission. The available transmission resources for the pilot are constrained
by the coherence time and bandwidth. Furthermore, DL CSI acquisition pro-
cess induces a heavier computational load on user devices and demands more
resources for CSI feedback in the uplink.

Time division duplexing (TDD) is often chosen to navigate this complex sce-
nario due to its inherent property of channel reciprocity in the UL and DL. In a
TDD system, the same frequency band is used for both UL and DL transmissions
but at different times. Consequently, the DL channel can be estimated from the
UL channel, alleviating the overhead associated with DL channel estimation
and the CSI feedback in UL. A crucial advantage of this approach is that both
the uplink pilot sequence length and the CSI feedback overhead scale only with
the number of users within a cell, and not with the number of BS antennas. This
guarantees that the channel estimation overhead remains manageable, even as
the number of BS antennas increases, ensuring system scalability.

To leverage the reciprocity property, the TDD system divides the time within a
coherence block into distinct periods for UL and DL transmissions. At the start
of each coherence block, users transmit their pilot signals in the UL. Following
this, the users transmit their data in the UL. The BSs utilize the UL pilots to
determine the UL channel, which is then used to decode the UL data via the
receive combining process. During the subsequent DL transmission phase, the
BSs perform precoded DL data transmission using the estimated UL channel,
thanks to channel reciprocity.

2.2.3 System Model

The UL channel between the user (I, k%) (the kth user in the [t* cell) and the BS
in the j** cell (BS j) is represented as h i1k € CM . This channel follows a complex
normal distribution €A (0,R %), with R, being the spatial covariance matrix
that encapsulates the statistical properties of the channel. Here, 0 stands for
that the mean of all the elements of the channel being zero.

As elaborated in Subsection 2.2.2, accurate channel estimation is vital for
implementing receive combining and transmit precoding. In TDD mode, the
users transmit UL pilots to perform channel estimation. Consequently, massive
MIMO dedicates a set of P (= K) symbols to UL pilots for channel estimation
in each coherence block. Suppose the pilot sequence py, € CP is used by the k"
user of all L cells for channel estimation. For a different user ¢, we assume that
the pilot sequence p, is mutually orthogonal to p;, and unit power is allocated



Massive MIMO and Cell-Free Massive MIMO Systems

to all the users, i.e., pf Pg = Pbpq. Further, we assume that the same P pilots
are reused in each cell. UL transmit power is denoted by p.

Assuming perfect synchronization in pilot transmissions across all cells, the
signal received at BS j during pilot transmissions in the n'”* coherence block,
denoted as Y;p )[n], can be expressed as:

L K
Y2n1=3 "N vihjyp] + NP ln). (2.1)
=1 k=1
In this equation, N;-P [n]ecM*P represents the noise during the pilot transmis-
sion. The noise elements are mutually independent and follow the distribution
€ A (0,1). The superscript (p) indicates that the signals are related to the pilot
transmission phase.

Subsequently, the UL data that is transmitted by user (/,%) in the same
coherence block n is denoted as x;,[n] € CC«. Here, C,, is the number of symbols
allocated for UL data transmission in each coherence block. This data is assumed
to be a complex Gaussian vector with zero mean and identity covariance matrix,
expressed as x;;[n] ~€A4(0,1).

The signal received at BS j, denoted as Y;[n] € CM*Cu_ consists of superposition
of all received signals from all the users in the n‘* coherence block, perturbed
by AWGN noise Nj[n] € CM*Cu_The noise elements are mutually independent
and follow the unit normal distribution. The signal Y;[n] can be represented as:

L K
Yjlnl=> > Vihjyx],nl+N;inl. 2.2)
=1 k=1

In contrast with (2.1), the superscript (p) is skipped in the above equation,
indicating that these signals correspond to the data transmission phase.

During the DL communication, the base BS [ conveys payload data, denoted
as d;p[nl e CC, to its associated user (I, k), where Cy is the number of symbols
allocated for DL data transmission in each coherence block. This data, which
follows a complex normal distribution €.4(0,1), is transmitted via a precoding
vector by;, € C¥. The precoding vector is normalized to ensure that the average
transmitted power, represented by A, remains constant, that is, E{||b; |12} = 1.

The signal received z;,[n] € CC at user (j,u) is distorted by AWGN noise
e € C%, assumed to be complex Gaussian noise with zero mean and identity
covariance matrix, i.e., €./ (0,I). This can be formulated as below.

L K
zjulnl=> Y VAT by)dgln]+ejylnl.
1=1 k=1

2.2.4 Pilot Contamination

The time-varying and frequency-selective nature of wireless channels imposes
limitations on the available pilot resources, which are bounded by B, and T..
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Allocating more pilot resources increases overhead and reduces SE, while using
fewer pilot resources can result in pilot contamination. Pilot contamination
leads to issues such as inaccurate channel estimation and improper design
of transmit precoders and receive combiners, resulting in degraded system
performance [1, 20, 21]. This presents a trade-off between increasing pilot
resources, which reduces SE due to overhead, and using fewer pilots, which
increases pilot contamination. In Chapter 3, this trade-off is further explored
with a focus on the overhead related to covariance estimation, supported by
simulation results.

Pilot contamination, a fundamental challenge in massive MIMO, occurs when
the pilot sequences assigned to different users are non-orthogonal, leading to
inter-user interference. Within the same cell, pilot contamination is prevented
through orthogonal pilot allocation, leveraging the assumption that P = K.
However, due to the limited availability of pilot resources, pilot reuse across
users in different cells becomes unavoidable. In the following subsections, we
review the widely adopted LMMSE channel estimation technique, a robust
method in the presence of inter-cell interference caused by the pilot reuse.

2.2.5 Channel Estimation

The LMMSE channel estimation technique aims to estimate the channels by
utilizing the LS channel estimate and considering the covariance matrices of the
target user’s and interfering users’ channels. Let the LS channel estimate of user
(j,u) at BS j in the nth coherence block be h ’ Ju[n] It is obtained by minimizing
the Euclidean distance between the received signal during pilot transmission,
YE-p )[n], and the estimated signal \/ﬁg“pzt, where g is the parameter vector for
optimization. Solving this simple linear optimization problem, the LS channel

estimate can be derived to obtain the following expression.

Afjsu[n]— —Y(p)[n]p,j hjj+ >y, + 2.3)

P J
I#] \/—

Then, as shown in [22], the corresponding LMMSE estimate thA;IMSE[n] is

given by:

LMMSE
)0 (] = Ry, QLR ). @2.4)

[n](h

”u[n])H} and can be expressed as

Here the matrix Q; Ju is given by [E{h iu
= ZZ:IRZJU P,JI'

2.2.6 Spectral Efficiency Analysis for Uplink and Downlink

This subsection focuses on the exploration of SE within the massive MIMO
architecture. The study utilizes a linear receive combiner and a linear transmit
precoder for UL and DL communications, respectively.
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In the context of UL, the linear receive combiner for user (j,u) at BS j is
represented as v, € CM . By assuming LMMSE channel estimation, the tightest
lower bound for UL channel capacity of user (j,u) within a massive MIMO
system is given by [7]:

P
SEY = (1 - C—) Elogy (1 +Y(”Z)) ; [bits/s/Hz]. (2.5)

The pre-log factor in this equation accounts for pilot overhead, and the instanta-

neous Signal-to-Interference-plus-Noise Ratio (SINR), Y(Vl)

u is expressed as:

IV |2
T = s : 2.6)

vi lzl z hﬂkh,k+z Vi
(lk)#-(Ju)

where, Z”l Z Z (R R Qi Ryr) + lI Note that we have excluded the

LMMSE superscrlpt and the coherence block index n of the channel estimate for
simplicity.

Moving on to DL data transmission, as described in Subsection 2.2.3, the linear
precoding vector for user (/,k) at BS [ is represented as b;;. Analogously to the
UL SE, a lower bound for DL channel capacity of user (j,u) within a massive
MIMO system is given by [7]:

SE@ = Elog, (1 + y‘d”) , [bits/s/Hz]. ©@.7)
The instantaneous SINR for DL is then given by:
Yie = fe , 2.8)

Z 2 blkh,]uhmblkudl
=1
(lk)#(]u)

where ZJ lzlkzlblk (RlJu Rl]quuleu)blk+*
In TDD systems, the DL communication relies on channel hardening prop-

erty and long-term statistical knowledge of the DL channel. This property is
supported by the fact that the instantaneous channel gains closely approximate
their statistical averages. The achievable SE expressions presented in this sub-
section are formulated by taking this property into consideration and invoking
the worst-case Gaussian distribution technique [20,23].

2.2.,7 Imperfect CSI: Challenges in Pilot Resource Allocation

Assuming asymptotic linear independence of interfering users’ covariance ma-
trices, [24,25] demonstrated that the pilot contamination is not a fundamental

10
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asymptotic limitation in massive MIMO. In simpler terms, the sum of UL SE
(given in (2.5)) of all the users in a cell continues to grow boundlessly with M.

The assumption of LMMSE channel estimation is essential for the validity
of the UL SE bound given in (2.5). In addition to LMMSE channel estimation
assumption, the assumption of LMMSE receive combining is also vital for the
asymptotic boundlessness result in [24,25]. However, it should be noted that the
LMMSE channel estimation requires perfect knowledge of covariance matrices,
which is often absent in practical massive MIMO systems.

The challenge lies in estimating individual covariance matrices in practical
settings where raw channel estimates, from which the covariance estimates are
computed, are themselves contaminated, introducing additional pilot overhead
to achieve the necessary accuracy. This creates a trade-off between better
covariance estimation and the impact on SE due to the increased pilot overhead.
Addressing this trade-off is essential for managing system performance.

The covariance estimation problem has been extensively investigated in stud-
ies such as [22,26-30]. These studies assume channel covariance matrices to
be constant across multiple coherence blocks and use observations from a few of
these blocks to estimate the covariance matrices.

The work [26] performs user clustering of multipath components using the
power-delay function to estimate the spatial covariance matrices, while [29]
presents a technique that allocates varying pilots across different coherence
blocks to attain maximum-likelihood estimates of the covariance matrices. More-
over, [22] suggests two methodologies to prevent contamination in covariance
matrices by dedicating additional orthogonal pilots to each user. Similarly, [30]
introduces additional pilots for covariance estimation, but with a unique pilot
structure, and it also develops corresponding covariance estimation method. The
additional pilots for this method are not exclusively dedicated to each user, like
in [22]. As a result, the number of extra pilots in [30] does not increase with the
total number of users in the entire system (LK).

The method proposed in [30] offers higher throughput and lower mean squared
error (MSE) of the (resulting) channel estimates compared to the method in [22].
Despite the need for additional pilots, this method refrains from assuming
additional structures on the true covariance matrices of the users, unlike [26—
28]. Moreover, this method does not require backhaul communication between
neighboring cells, as in [29]. Therefore, this thesis will explore the performance
of massive MIMO with the covariance estimation method outlined in [30].

In Chapter 3, we present a detailed description of the structure of the ad-
ditional pilots and the corresponding covariance estimation method proposed
in [30]. We also present the contributions of publications Publication I and
Publication II in providing SE expressions (averaged over estimated covariance
matrices) for massive MIMO with imperfect CSI, particularly, imperfect covari-
ance information. It is important to note that the SE expressions given in (2.5)
and (2.7) are no longer valid due to the violation of the perfect CSI knowledge
assumption in LMMSE channel estimation.

11
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The chapter then describes how these publications utilize the newly derived
SE expressions to determine the required amount of additional pilot overhead
for UL and DL communication. It also presents the SE expressions for a compu-
tationally efficient variant of the covariance estimation, where only the diagonal
elements of the covariance are estimated, as derived in these publications. Based
on numerical simulations, the chapter presents the conclusions drawn from these
publications.

The newly derived SE expressions serve as crucial tools for quantifying the
trade-off between better covariance estimation and the impact of additional
pilot overhead on SE. By analyzing these expressions, it becomes possible to
determine the optimal pilot resource allocation to balance estimation accuracy
and reduced pilot overhead. Chapter 3 provides a detailed analysis of this
trade-off, addressing the core problem statement introduced in this section.

2.3 Cell-Free Massive MIMO Systems

2.3.1 System Description

The CFmMIMO system under consideration consists of M access points (APs) or
BSs uniformly distributed over a wide coverage area, serving K single-antenna
users. Each AP is equipped with N antennas. Unlike traditional massive MIMO
systems, CFmMIMO eliminates the concept of distinct cells or cell-boundaries.
Instead, all APs are interconnected to a Central Processing Unit (CPU) via a
fronthaul network, which orchestrates them to simultaneously serve all users
using the same time-frequency resources.

We assume a block fading channel similar to our previous massive MIMO
setup, with 7 symbols within a coherence block. Furthermore, the CFmMIMO
system operates in TDD mode, as explained in Subsection 2.2.2. This mode is
primarily chosen for its ability to estimate UL and DL channels based solely
on UL pilots, leveraging channel reciprocity. In this TDD configuration, each
coherence block is partitioned into three transmission time intervals: 1. UL
training, 2. UL data transmission, and 3. DL data transmission.

When it comes to communication techniques, the CFmMIMO system uses
conjugate beamforming for both UL and DL communication. This technique is
favored for its computational simplicity, which allows for UL channel estimation
and UL and DL beamforming to be conducted at the APs in a distributed manner,
thus relieving the CPU of a considerable computational load.

In this setup, the CPU performs slow rate processing that does not require
instantaneous CSI. It only receives the payload data from the APs. Most of the
algorithms that require instantaneous CSI, such as UL channel estimation and
UL and DL beamforming, are executed at the APs. This distributed processing
capability of the CFmMIMO system is effectively utilized. Consequently, the

12
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CPU handles global level processing tasks such as power control and pilot
assignment, which can significantly improve the performance of the CFmMIMO
system without the need of instantaneous CSI.

2.3.2 System Model

The channel linking the £ user to the m' AP is characterized by g, =
ﬁ}ﬁhmk. In this expression, f,,; denotes the large-scale fading coefficient
(LSFC), and h,,,;, € CV represents the small-scale fading coefficients for each
antenna of the AP, following a distribution of €.4(0,I). We assume that this
channel remains constant within a coherence block. In the following sections,
we provide detailed descriptions of the uplink training (including channel es-
timation) and downlink data transmission (encompassing DL SE expressions)
phases of operation, thereby laying foundation for the DL power control problem
statement.

Uplink Training and Channel Estimation

In each coherence block, a segment of symbols, denoted by 7, (<« 7), is reserved
for pilot transmission. The &% user transmits the pilot sequence, VIp¥y € C'2,
with the constraint ||y, |2 = 1. The noise matrix, represented by Z,, ,,, € CN*tp,
consists of elements that are independently and identically distributed as per

€.4(0,1). The uplink received signal at the m*”* AP is hence expressed as

K
R, =+{p1p ngiwz +Zp m,
i=1

where, {;, denotes the transmit SNR for each pilot symbol.

We assume the LSFCs are available at the APs and the CPU. Now, we can pro-
ceed to estimate the g,,; using Minimum Mean Square Error (MMSE) estimator.
The estimate is computed as

vV (prﬁmk

1+8p7p Z{; Brmil w2

& = R,y 2.9)

Furthermore, the mean square value of the n'” element in g, 1s denoted by
Vmk, and is computed as

(PTPﬁran
1+{pTp Z{{:l ﬁmi|W{IV’k|2

It is important to note that this value, v,,;,, remains invariant to the antenna

Vik = E(&pnll?) =

element index n.

Downlink Data Transmission

Here, we focus on matched filter beamforming. Let the downlink payload data
symbol for the k" user be c;, such that E{|c;|} = 1. Let {4 be the maximum
transmit SNR of each data symbol, normalized to the noise power. Let u;

13
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represent the power control coefficient of the signal directed to the i** user
from the m®" AP. Hence, the beamformed downlink signal at the m*" AP is
constructed as follows:

K
Hmi ~x
Xm =/ {d ——8miCi-

It is noteworthy that the total transmit power at the m®* AP is given by
Ellxm 13} = CaN S5 12,

Let 24, represent the noise signal, distributed as €.4(0,1). Therefore, the
signal received by the k£ user is as follows:

M
TE= Y BhiXm+Zdm. (2.10)
m=1

We next consider the downlink spectral efficiency of a user within the CFm-
MIMO system. Let us define p,, 4 [tm1, -+, Umk] as the vector of power control
coefficients associated with the m?”* AP, and M 4 [uI,-u ,HITW]T as the matrix
of all power control coefficients. It is important to note that the power control
coefficients are positive real numbers that satisfy the downlink power constraint

[E{||Xm||§} < {4, or equivalently, ||ﬂm||§ = Ef{:l y%ni <1/N,forl<m<M.
Let D}, be a diagonal matrix with \/,Lﬂ as the m** diagonal element, and

n; = [1i,- -, uari 1T be the vector of power control coefficients associated with the
it" user. Also, let
T
A 1k Mk
vir = lylyi| \/Vliﬁ ,"',\/VMiﬁ .
B Bumi

Using the well-known use-and-then-forget capacity bounding technique in the
mMIMO and CFmMIMO literature [8,23,31,32], we present the following SINR,
along with a lower bound on downlink spectral efficiency (bits/s/Hz) of the k"
user:

Ca(mlvie)®
Y (M) = : . , @.11)
{a ZzK:l,i#.k(I‘;rVik)Z + (Nd Zf{zl”DkI‘i I3+ ﬁ
T
SEL M) = (12 ) logy(1+7, D). 212

2.3.3 Power Allocation in Cell-Free Massive MIMO

The CFmMIMO system, as previously described, is designed to provide uniformly
good service to all users within the system. This level of service is achievable
due to the architectural simplicity of the considered system, in conjunction with
distributed processing techniques such as channel estimation and matched filter
beamforming. However, the global optimization problems associated with UL
and DL power control, as well as pilot allocation, pose significant challenges.

14
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This thesis primarily focuses on addressing the power control problem within
the CFmMIMO system. Power control in a CFmMIMO system is complex due to
the computational difficulty involved in solving the non-convex max-min fairness
maximization problem [8,31]. In this subsection, we explore the power control
problem of the CFmMIMO system, treating it as a constrained optimization
problem.

We formulate the max-min fairness maximization problem for the DL power
control, subject to power constraints |, II% < %, 1<m=<M. LetS@ 2
{MIM =0;llp,, |I§ < %, l=ms< M} The constrained max-min fairness DL power
control problem can then be formulated as

maximize min SEgedl)(M)
M 1<k<K (2.13)
subject to Me S,

SCA has been the standard technique for handling such types of quasi-convex
problems, and these problems are typically solved using off-the-shelf second-
order methods such as interior point methods [8,32-34]. However, due to the
computational complexity involved in the second-order methods used in SCA
solvers, the first-order APG method was proposed in [31] to solve the optimiza-
tion problem more efficiently. In Publication III, we propose an ANN-based
unsupervised learning method to further reduce the computational complexity
in performing the DL power control. Unsupervised learning is particularly
advantageous as it eliminates the need for large labeled datasets that are dif-
ficult to generate in power control scenarios. In Publication IV, we propose an
improvised variant for better DL power control performance. Chapter 4 provides
details of the contributions in Publication III and Publication IV.

While Fully Connected Networks (FCNs) have been employed in previous
works, they flatten the input data, leading to a loss of structural information
crucial in LSFCs, mainly the inter-user relationships. Although some works
have explored alternatives like Convolutional Neural Networks (CNNs) and
Graph Neural Networks (GNNs) to preserve such structures, these approaches
face challenges with pilot contamination and scalability, limiting their effective-
ness in large-scale CFmMIMO networks. In contrast, attention-based neural
networks, specifically transformers, can effectively preserve this structure and
handle systems of large sizes, as demonstrated in Publications III and IV. The
proposed transformer-based models not only capture inter-user channel rela-
tionships but also incorporate pilot contamination data, offering scalability to
large-scale networks.

2.4 Conclusion

This chapter sets the foundation for subsequent discussions by outlining the
key principles and challenges of Massive MIMO and CFmMIMO systems in
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wireless communication. Emphasis has been placed on the impact of pilot
overhead on massive MIMO system performance and vitality and challenges
involved in power control for CFmMIMO systems. The subsequent Chapter 3
will delve into the specifics of Publication I and Publication II, presenting a
detailed exploration of the topics introduced here for massive MIMO. This will
be followed by Chapter 4, focusing on Publication III and Publication IV for
insights into the contributions of this thesis for the CFmMIMO technology.

16



3. Performance Analysis of Massive
MIMO Systems with Pilot Resource
Allocation

3.1 Introduction

As described in the previous chapter, realizing enhanced SE potential of massive
MIMO systems requires the acquisition of accurate CSI at the BS. However,
due to the limited size of the coherence block, obtaining accurate CSI is a
non-trivial task, consequently affecting system performance. In particular, the
issue of pilot contamination, arising from the reuse of pilot sequences by the
users in different cells, poses significant challenges in estimating the channels,
as well as the covariance matrices, of individual users. This contamination
significantly impacts the SE of the massive MIMO system, hence necessitating
careful consideration of pilot overhead in resource allocation strategies.

The motivation of this chapter is to analyze the trade-off between the SE
and the additional pilot overhead required for covariance matrix estimation in
massive MIMO systems. A thorough understanding of this trade-off enables us to
develop efficient resource allocation strategies to optimize system performance
in practical scenarios. The following sections delve into the details of this
analysis, describing the interplay of various factors contributing to the system
performance and the implications for pilot resource allocation in massive MIMO
systems.

3.2 Channel Estimation

For channel estimation, we consider two types of UL pilots, namely, (i) ChEst:
pilots for estimating the channel and (ii) CovEst: pilots for estimating the
covariance matrix. Both ChEst pilots and CovEst pilots are assumed to be of
length P symbols.
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3.2.1 LMMSE-type Channel Estimation

In the Chapter 2, the LMMSE channel estimation was discussed under the
assumption that the covariance information was readily known to the BS. How-
ever, this is not always the case in practical scenarios. In realistic environments,
the covariance information must be estimated at the BS. It is thus essential to
substitute the actual covariance matrices with their estimated counterparts, de-
noted as R jju and Q iu- The resultant formulation of the LMMSE-type’ channel
estimate is given by:

- LS
h;j,[n]= RJ]uQJu iulnl. 3.1)
The total computational complexity required for evaluating (3.1) is given
by G(M? + M2Ng + M2NQ ), where, Nr and Ng represent the number of pilot
sequences (samples) utilized to compute R jju and Q ju» Tespectively.

3.2.2 Element-wise LMMSE-type Channel Estimation

As an alternative to LMMSE channel estimation, element-wise channel estima-
tion is a popular method which holds an advantage in requiring fewer samples or
pilots for covariance estimation that does not scale with M [35]. The expression
for the element-wise LMMSE estimate of the channel is given by:

[hel-LMMSE [S;julpp mLs

jju [ ]]p = [Pju]pp ]/u[n]]p’ pE {1,,M} (32)

where S;;, and P;, are defined as the diagonalized versions of matrices R,
and Qj, respectively. The corresponding element-wise LMMSE-type estimate
with estimated covariance matrices, denoted as S jju and P ju, is represented as
bellow

(R}, [nl], = [ﬂﬂ[hffu[ nlly, pell,...,M} (3.3)
Pjulpp

Each diagonal element of § jju and f*‘ju is derived from a sample variance
estimator corresponding to the element of the channel vector. Considering Nr
and Ng as the number of samples for estimating S jju and P ju, respectively,
the computational complexity for evaluating R i 18 OMNEg + MNg). Notably,
while the element-wise LMMSE-type channel estimation significantly mitigates
computational complexity, this comes with a trade-off: potential performance
degradation arising from the omission of non-diagonal elements of R jju and

Q Ju*
3.2.3 Covariance Matrix Estimation

In both LMMSE-type and element-wise LMMSE-type channel estimation
methodologies, Publications I and II adopt the covariance estimator detailed
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in [30]. This subsection provides an overview of the covariance estimation
method from [30]. The rationale behind selecting this particular covariance
estimation method was elaborated upon in the preceding chapter.

It is generally assumed that the spatial covariance matrices for all channels
remain constant over a time-interval and bandwidth significantly longer than
that of a single coherence block [22, 26,29, 30, 36]. Therefore, we assume that
the covariance matrices remain unchanged across a time-interval denoted by 7T's
and a system bandwidth Bg. This suggests that the matrices can be considered
constant over 75 = B;Ts/1. coherence blocks.

While each of the 7, coherence blocks contains ChEst pilots dedicated for
channel estimation, only N coherence blocks encompass additional CovEst
pilots. The primary objective of these CovEst pilots is to enable the estimation
of the pair Rj ju and Q ju» or alternatively S jju and o ju, for each series of 7
contiguous coherence blocks.

To estimate Q jiu» the sample covariance estimates are derived from the LS
channel estimates spanning Ng coherence blocks. Similarly, element-wise sam-
ple variance estimates are employed to obtain P iu-

To estimate Rj;, and S;;,, the CovEst pilot sequence, comprising P symbols
transmitted by each user, is employed. Specifically, the CovEst pilot transmitted
by user (I, ) within the n** coherence block is represented as ¢[nl= el0mp,
a phase shifted variant of the ChEst pilots. The phase-shifts, represented as
{Oln}n 1> conform to the uniform distribution %[0,27). A critical observation is
that the CovEst pilots are transmitted in only Nr out of the 75 coherence blocks,
and they vary across different coherence blocks.

The LS channel estimates derived from the pilots p, and ¢;, are denoted as
(1)

h;;,[n] and R y ]u[n] respectively. They are defined as:
(1) *
R, n1 =R nl=hyju+ > hyy, + WNEP)[n]pu (3.4)
I#]
(2)

hj,[n]= JJu_,_Zhjluej(@zn*gjn) iz Mr)[n]pue TOjn (3.5)

1#] Vi

Estimation off{jju
The independence of the interference and noise terms (second and third terms) in
(3.4) from those in (3.5) allows the (ensemble) cross-correlation between h

o Uu[ nl
and huu

unbiased Hermitian-symmetric sample cross-covariance matrix can be expressed

[n] to result in the covariance matrix R;;, [30]. Consequently, the

as an estimate for R;;;,:

Nr
- 1 D L2 @ A
RHFZAIR;( Sl (B ]]u[n]> +B, 101 (B n)) ) (3.6)

As Ny approaches infinity, the estimated covariance matrix converges in prob-
P
ability towards the actual covariance matrix, symbolized as Ry, N R jju
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Notably, for finite Ng, this unbiased estimator does not ensure positive diagonal
elements. Thus, we introduce a regularized estimate for the covariance matrix:

Rjju = apRjju + (1 - ap)Rs, 3.7

where, R;, represents an arbitrary symmetric positive definite bias-matrix, with
ag as a design parameter.

Estimation of S;j,

For the purpose of element-wise LMMSE-type estimation, our focus is centered
on estimating the diagonal matrix S;;,. To achieve this, we employ an unbiased
Hermitian-symmetric variance estimate, denoted as S it

[8)ulpp = W (Z[hﬁ’u[ 1, [R [n11] + (R, [n11, (RS, [n11 ) Vpell,..., M}

(3.8)

Further refining our approach, we introduce a regularized estimate for S;;,,
expressed as:

Sjju = arS;ju +(1- ag)diagRp). (3.9)

3.3 Spectral Efficiency Metrics

The SE formulations described in Subsection 2.2.6 represent the tightest UL
and DL SE bounds for massive MIMO systems. However, when the receivers
adopt LMMSE-type or element-wise LMMSE-type channel estimators, these
bounds no longer hold. For these cases where estimated channels use imperfect
covariance information, we refer to relatively looser "use-and-then-forget" SE
bounds, as given in [22,29, 30]. The name "use-and-then-forget" derives from
the underlying assumption that receivers utilize the channel estimates solely
for receiver combining, bypassing their use for signal detection. These alternate
bounds accommodate a range of channel estimation and combining methods.

3.3.1 Uplink Spectral Efficiency

Consider a receiver employing a maximum ratlo comblner (MRC), represented

by the combining vector v;,[n] = h”u[n] = W]uh [n] where Wju is given by:

Jju

- | Rju Q j_ul , for LMMSE-type channel estimate
W Ju— A1 . . (310)
juPjy, for element-wise LMMSE-type channel estimate.

U)) M>
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Upon combining, the received signal can be represented as:
K
+Z\/ﬁvﬁhjjkxjk+zz\/ﬁvﬁhﬂkxlk +V§{tnj- (3.12)

k#u 1#j k=1

The terms in this expression correspond to various components of the received
signal:

® The first term captures the desired signal component.

® The second term emerges from uncertainty in the array gain.

® The third term represents non-coherent intra-cell interference.

® The fourth term accounts for coherent interference due to pilot contamination.
* The final term represents additive noise.

Given that the desired signal component is uncorrelated with the other compo-
nents, a lower bound on the SE of the UL channel from user (j,u) to BS j can be
represented as [22]:

P NgP
SEW = logy (1+74"), 3.13
T\ Ty T Cur ) B2 T 3.13)

where the SINR, y;‘;l), is:
IE(vE ;12
Yo = Ju I . (3.14)
E(VE b2 — [EVE By 2 + LEVE v}

1

be
TMN

l

Within the pre-log factor, C% accounts for ChEst pilots, and % accommodates
for CovEst pilots.

For a particular realization of w ju, the SINR expression can be further simpli-
fied as [22]:

Itr(WH R, )2
Yo' = i , (3.15)

(W, Qju Wi Ry) + 5 [er (WL R 7,)12 — [6r (W R )12
=1

with

RS_ZZ ik + 1 (3.16)

=1 k=1
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3.3.2 Downlink Spectral Efficiency

This section presents the DL spectral efficiency for user (j,u) when employing a
matched filter (MF) precoder. Specifically, the precoder can be represented as

s ~LS
b ju = Wj hjju

\ EOW, B [n1)2)

For this scenario, the received signal at user (j,u) is formulated as:

zju = VAEDL hjjuddjy + VAL — B b Dd

K
+Y VA®Lhde+ Y 0 VAbEL b dig +e . (3.17)

k#u I#j k=1

Each term in this expression represents distinct components:
® The first term signifies the desired signal component.
® The second term highlights the uncertainty in the DL transmit array gain.
® The third term denotes non-coherent intra-cell interference.
® The fourth term conveys coherent interference due to pilot contamination.
* Lastly, the fifth term denotes additive noise.

Assuming that the scalar in the denominator of the precoding vector,

\/[E{IlW juﬁfji[n]lﬁ}, is a constant known at the BS, we can derive the following

SE expression. Similar to UL SE, the lower bound on DL channel SE for user
(j,u) can be derived as:

SE%Z) =log, (1 + y%”) [bits/s/Hz].

The SINR for the DL SE, in relation to a specific realization of w jus 18t

Itr (W R j,)12
yidb - Ju”Ju , (3.18)

J L
- < H < H -
(W, Qi Wi RD) 3 [6e (W Ry, )12 — [br (W R, )12 + 1
=1

L K
and R 2 3° 3" Ry,
I=1k=1

3.4 Contributions

The performance of a massive MIMO system is closely linked to the quality of
channel covariance estimates. The quality of these estimates largely depends on
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the CovEst pilot overhead. Existing literature, such as [22,29, 30], commonly
focuses on the achievable SE for a single realization of covariance matrices,
as demonstrated in equations (3.15) and (3.18). While this single-realization
approach is crucial for practical receiver design, it does not sufficiently capture
the effects of the CovEst pilot overhead. This observation underscores the
necessity for average SE expressions, calculated over multiple covariance matrix
realizations (ensemble average). Employing these expressions as performance
metrics offers a comprehensive understanding of the impact of pilot overhead on
system performance.

The main objective of the average SE-based performance metrics, detailed in
Publications I and II, is to shed light on the effects of pilot overhead in massive
MIMO systems. The focal point of this chapter is the foundational research
presented in these two publications.

Publication I conducts a comprehensive exploration of the UL SE in massive
MIMO systems. One of its pivotal contributions is the derivation of a closed-
form expression for average UL SE under LMMSE-type channel estimation.
This deepens our understanding of the effects of pilot overhead on system
performance. Moreover, it sets the groundwork for subsequent studies. Building
on the groundwork laid by Publication I, Publication II encompasses a more
holistic analysis of both UL and DL SEs using both LMMSE-type and element-
wise LMMSE-type channel estimation methods.

Collectively, these publications significantly enhance our understanding of
how to optimize pilot resource allocation in massive MIMO systems. In the next
section, we will delve deeper into these key contributions, emphasizing their
relevance in the design considerations related to pilot overhead.

3.5 Average Spectral Efficiency and Impact of Pilot Overhead

It is essential to recognize that the UL and DL SE expressions specified in (3.15)
and (3.18) treat W ju as a known matrix in the expectation operation. In this
study, however, we regard it as a random matrix, dependent on the random
realizations of Rj ju and Q i (Or S jju and P iu). Moreover, we assume mutual
independence between Wju and ﬁf}gu[n]. As such, E{-} = Ew{E,Ls{-}}, where Ew
represents the expectation over W, and Ej,.s is the expectation over the LS
estimate.

In Publications I and IT, the UL and DL SINR expressions for this configuration
are given by:
[y (tr(W o, R 7, )} 2

1
Y =

A A L A A
Ew (br(W ;, Qju Wi, R} + 3 Ew {Itr(W o, Rz,)I2) — [Eyy (tr(W o, R, 2
=1

(3.19)
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and
@n_ [ (tr(W, R )} 2
Y]u - ’

A A L A A
Ew {6r(W o Qs Wy ROV} + 3 vy (1tr(W o, R )12 - [Ex bW R} 2+ 1
=1
(3.20)

with subsequent derivations of the results of the expectation operation in each
term embedded in these SINR expressions, respectively. When these expres-
sions are evaluated for LMMSE-type and element-wise LMMSE-type channel
estimation methods, they manifest as functions of Ng and Ng. This formulation
aids in analyzing the effect of CovEst pilots. For the sake of conciseness, we
refrain from detailing the exact outcomes of these expressions, directing readers
instead to Theorems 1 and 2 in Publication II.

Although the derived SE expressions in these theorems are for MRC combining
and MF precoding, we also consider ZF combining and precoding in the simula-
tions and analysis. Due mathematical intractability of the expectation operation
for ZF beamforming, we consider only numerical averages of the SE expressions.
The work [37] demonstrated that the ZF beamforming along with the LMMSE
channel estimation, when the covariance matrix is known, provides an effective
combination. Therefore, here we present a comprehensive overview of the mas-
sive MIMO system performance, under imperfect covariance information, that
is not only impacted by the pilot overhead, but also by the channel estimation
choice (between LMMSE-type and element-wise LMMSE-type techniques) and
beamforming choice (between MF and ZF beamforming).

Using (3.19) and (3.20), we have established a direct relation between the
average SE value and the parameters Ng and Ng. The expectation terms given
in these theorems contain two components: (i) the component that corresponds
to the true covariance information and (ii) a penalty component due to regular-
ization of R;j, estimate and due to covariance estimation error. If ag =1, and
as Ng and Ng tend to infinity, the penalty components of the expectation terms
vanish.

In Fig. 3.1 and 3.2, we consider UL and DL SE with both channel estimation
methods and both beamforming techniques for different values of Nr and Ng.
These figures are plotted for L =7 cells with M =100 and K = 10 users per cell.
The BSs are at a distance of 300 m apart from each other, and the users are
uniformly spaced at a distance of 120 m from the BS in their cells. The angular
spread of the channel cluster is assumed to be 20°, within which the received
paths from a user are assumed to be uniformly distributed. We consider a
3GPP urban macro [38] scenario with a non-line-of-sight channel for simulating
the path loss model. Furthermore, we also consider coherence block length as
C, =100 symbols, pilot sequence length as P = 10, and the number of coherence
blocks for which the channel covariance matrices are considered constant as
75 = 25000. Additionally, we choose agr = 0.95, and Ry, = 1. Sample averaging for
all the expectation terms is computed using 2000 trials. Our simulations are
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Figure 3.1. UL SE for different channel estimation techniques.

conducted for varying degrees of pilot overhead, quantified by different values of
Npg = {125,250,500, 1000, 2000,4000,8000} and Ng = {125,4000}.

Uplink Spectral Efficiency

In Fig. 3.1, we present a comparative analysis of UL SE curves for varying
values of Ng. The methods evaluated include LMMSE channel estimation
paired with MRC, element-wise LMMSE channel estimation (assuming perfect
knowledge of the diagonal elements of the covariance matrix) paired with MRC,
LMMSE-type channel estimation paired with both MRC and ZF combining,
and lastly, the element-wise LMMSE-type channel estimation with both MRC
and ZF. Additionally, the figure contrasts the theoretical SE curves for MRC
combining with their simulated average SE counterparts. Specifically, Fig. 3.1(a)
showcases the SE values when Ng = 125, while Fig. 3.1(b) details the SE values
for Ng =4000. Here is a summary of the analysis on UL SE curves:

® The simulated SEs match the theoretical values for both the channel estima-
tion techniques tested, thereby validating the derivations.

* For MRC combining, while LMMSE is always better than element-wise
LMMSE, LMMSE-type is not necessarily better than element-wise LMMSE-

type.

* Using simulations for the given setup, we observe that element-wise LMMSE-
type channel estimation outperforms LMMSE-type when Ny is less than a
threshold 263. Furthermore, for Ng = 4000 (which is greater than 263), the
element-wise LMMSE-type channel estimation outperforms the LMMSE-type
for N below the derived theoretical threshold, Nz.

* For both LMMSE-type and element-wise LMMSE-type channel estimations,
when paired with MRC combining, the UL SE curve exhibits an initial increase
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Figure 3.2. DL SE for different channel estimation techniques.

with Nr due to improved covariance estimates. However, it subsequently
declines due to the significant impact of CovEst pilot overhead.

* Compared to LMMSE-type, the SE for element-wise LMMSE-type reaches
the SE for known covariance case faster.

® ZF combining performs well only for the larger number of pilots (Ng = 4000
and Ngr = 500) and needs additional computational complexity. However, the
ZF combining does not significantly improve the performance for element-wise
LMMSE channel estimation; it is marginally better than the performance
corresponding to the MRC combining.

¢ For large Nr and Ng values, ZF combining outperforms the MRC combining.
This is enabled by the better covariance estimates.

Downlink Spectral Efficiency

Similar to the UL simulation, here, we consider the DL SE expressions corre-
sponding to LMMSE channel estimation paired with MF precoding, element-
wise LMMSE channel estimation (assuming perfect knowledge of the diagonal
elements of the covariance matrix) paired with MF precoding, LMMSE-type
channel estimation paired with both MF precoding and ZF precoding, and lastly,
the element-wise LMMSE-type channel estimation with both MF precoding
and ZF precoding. In Fig. 3.2, we plot the SE as a function of Ny for the two
aforementioned channel estimation techniques. Fig. 3.2(a) depicts the SE val-
ues for Ng = 125, and Fig. 3.2(b) shows SE values for Ng = 4000. In DL SE
plots we observe similar behavior to the UL SE case. Distinct from what we
observe in UL SE, here, in DL SE we observe that the threshold for Ng under
which the element-wise LMMSE-type channel estimation always outperforms
LMMSE-type channel estimation is 272.
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4. Transformer Neural Network for
Downlink Power Control in Cell-Free
Massive MIMO Systems

4.1 Introduction

In Chapter 2, we outlined the CFmMIMO setup, its numerous advantages, and
the critical role of power allocation in achieving optimal system performance.
We also discussed the complexity challenges associated with downlink power
control due to the non-convex nature of the problem and the large number of
optimization parameters. These issues are compounded by the limitations of
existing online iterative methods, which often fail to scale efficiently in large
CFmMIMO networks.

To address these challenges, this chapter delves into advanced deep learning
techniques, specifically transformers, for downlink power control. Leveraging
unsupervised learning, these networks are trained to solve complex optimization
problems without the need for extensive labeled data. Moreover, the proposed
transformer neural networks effectively handle issues such as pilot contamina-
tion, which significantly impacts the performance of CFmMIMO systems. These
methods offer a scalable and computationally efficient alternative to traditional
online iterative approaches. The techniques discussed in this chapter are based
on the methodologies presented in Publications IIT and IV, which contribute to
the development and implementation of these neural networks. This chapter
aims to provide a comprehensive description of these publications, highlighting
their contributions to the field.

4.2 Unsupervised Learning Approach for Downlink Power Control

Recall that M is the number of APs or BSs in a CFmMIMO system simultane-
ously serving all the K users. Let us now define an M x K matrix of large-scale
fading coefficients (LSFCs) as B. The rows of B correspond to the LSFCs of
different APs, while the columns correspond to LSFCs of users. Note that, in
Subsection 2.3.2, we have defined a similar M x K matrix of power control coeffi-
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cients as M. Let @ be the K x K interference matrix, where the element located
in the i** row and k** column is given by ®;;, = lezw;‘ 2.

Let us consider an unsupervised learning setup utilizing an arbitrary
Deep Neural Network (DNN) with trainable parameters W, represented
as Fpyn(-,;W). The DNN takes the input pair (®,B) and outputs M =

Fpnn(®,B;W). Furthermore, we define the soft-minimum utility function as:

K
oB)2 L1 - :
uM;®,B) = /lln (K;exp( /ISEk(M,(I),B))>. 4.1

The soft-minimum function provides a differentiable approximate of the hard
minimum function, given by 1I<I}ei£1KSEk(M;CD,B). Furthermore, in the above
equation, A is the smoothening parameter.

In the unsupervised learning framework, the goal is to maximize the expected
smoothed-minimum utility function. The expectation operation attempts to train
the DNN weights W using several training examples, such that the average
utility function, among the training samples, is maximized. During inference,
this setup aims to replace expensive solvers for the max-min fairness problem,
seeking the mapping Fp(®,B;W,;;) that achieves similar performance. The

optimization problem that the training process solves is!:

max‘iNmize Elu (Fpyn(®,B;W); ®,B)], 4.2)

where, the optimization parameter is W instead of M, unlike in (2.13).

Assuming the distribution of B is unknown, we generate a large set of LSFC
matrices {BP) e RMY*K v 1 < p < P}, representing different random user place-
ments, based on a fixed AP placement and path loss model. Correspondingly,
the pilot allocation algorithm produces {®P] e [R%If *K v 1 < p < P}. Since the
unsupervised learning setup described here is independent of the specifics of
the data generation process, the details of the LFSCs and pilot information
are deferred to Subsection 4.5.1. Using these sets, the optimal W is found by
maximizing the empirical average of the utility function:

P
1
imi = [p] plrl.wn. ®lr] Rir]
maximize pE,lu(FDNN((D ,B'Y; W), ®'”' B ) 4.3)

As the number of samples P increases, the empirical average approximates
the ensemble average, providing a practical alternative to the problem in (4.2).
While the original ensemble problem cannot be solved directly, this empirical
methodology offers a viable solution through extensive data-driven training.

INote that the optimization problem in (2.13) is distinct from the training problem
given here.
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4.3 Literature Review on Deep learning Based Solutions

Learning-based optimization solutions significantly reduce computational com-
plexity by avoiding iterative solvers during real-time operations. These ap-
proaches efficiently map input LSFCs directly to the output power control
coefficients, enhancing system performance and scalability [39-59].

For uplink power control, Fully Connected Network (FCN) based unsuper-
vised learning solutions are discussed in [40—42], while supervised setups using
Long Short-Term Memory (LSTM) and FCN are detailed in [43—45]. Various
Reinforcement Learning (RL) based solutions are explored in [46-49].

For Downlink, FCN-based unsupervised learning methods are examined
in [560-52], and RL-based solutions are detailed in [53]. Supervised Convo-
lutional Neural Network (CNN) and Graph Neural Network (GNN) solutions
are proposed in [54-56]. However, these methods often assume ideal conditions,
overlooking pilot contamination and thereby encountering practical limitations
in large-scale CFmMIMO systems. Although the studies in [567-59] consider
pilot contamination scenarios while evaluation, they avoid handling pilot con-
tamination scenarios while training or model design.

FCN methods tend to lose crucial associations among APs and users, while
CNN methods preserve matrix B’s structures but may not be suitable for LSFC
matrices. GNN approaches utilize structural information effectively but do not
adequately address pilot contamination complexities [56].

There remains a gap in DNN-based solutions for managing downlink power
control in CFmMIMO systems faced with pilot contamination. A robust solution
is needed to handle these complexities while maintaining the structural integrity
of the LSFC matrix.

4.4 Contributions

This section presents the contributions made in two publications, referred to
as Publication III and Publication IV. Both are built on modified transformer
architectures. Publication III, a conference paper, and Publication IV, a journal
article, both focus on solving the downlink power control problem in CFmMIMO
systems using deep learning techniques.

Publication III introduces an attention neural network (ANN) designed to
efficiently solve the power control problem by utilizing the structure in LSFCs
and incorporating pilot allocation information as input. Building on this, Pub-
lication IV introduces the Pilot contamination-Aware Power Control (PAPC)
transformer, an enhanced version of the ANN. It incorporates architectural
improvements to demonstrate the transformer’s ability to handle pilot contam-
ination scenarios and offers scalability to larger-scale CFmMIMO networks.
These contributions represent a significant advancement in solutions for down-
link power control in CFmMIMO systems.
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44.1 Why Transformer-Based Models for CFmMIMO?

The transformer architecture was chosen for downlink power control in CFm-
MIMO systems due to its ability to efficiently exploit the inherent structure in
LSFCs. Unlike FCNs, which flatten input matrices and lose critical relational
information, transformers preserve the two-dimensional structure of the LSFC
matrix B. By retaining the structure in the data, the transformer significantly
reduces training time, lowers the amount of data required for training, and
improves model accuracy.

Another key advantage of transformers is their masking mechanism, which,
through customized modification, allows the incorporation of pilot alloca-
tion information. This is essential for handling both pilot-contaminated and
contamination-free scenarios, as it enables the model to use the available prior
pilot information to mitigate interference and optimize power control decisions.

4.4.2 Overview of ANN Model

The ANN model, proposed in Publication III, serves as the initial application of
the transformer-based architecture for downlink power control in CFmMIMO
systems. It leverages masked multi-head attention networks (MMHAN) to
solve the challenging non-convex optimization problem of power control while
maintaining the structural integrity of the LSFC matrix. This approach allows
the ANN to capture inter-user channel dependencies effectively, a significant
improvement over traditional FCNs.

The ANN model incorporates pilot allocation information, though at this
stage of development, it was not explicitly evaluated in pilot contamination
scenarios. Power constraints in the ANN are managed through a more intricate
training process using an interior point method. The ANN demonstrated the
potential of transformer solutions to improve computational complexity in the
power control applications with reasonable performance close to state-of-the-art
iterative solutions.

4.4.3 Transition to the PAPC Model (Publication IV)

The PAPC model, introduced in Publication IV, builds on the foundation of the
ANN model and extends it with enhanced features and evaluations. The core
transformer block, shown in Figure 4.1, remains the same as in the ANN model,
consisting of a customized multi-head attention block (MMHA, the same as
MMHAN referred to in Publication III). The overall architecture of the MMHA
module is illustrated in Fig. 4.2. However, key improvements are made to the
ANN using additional modules.

One of the major architectural enhancements in PAPC is the additional pre-
processing stage, which increases the input dimensionality of the rows of the
LSFC matrix. This allows the model to capture richer features. Additionally,

30



Transformer Neural Network for Downlink Power Control in Cell-Free Massive MIMO Systems

Y/

—( Add and Normalize )
T N

Y
CFeed—forward network)

Y
—( Add and Normalize )

Ty
( MMHA —

X (V)

Figure 4.1. The PAPC transformer block processes the input using an MMHA and a feed-forward
network, with residual connections and layer normalizations.

PAPC simplifies the handling of power constraints by replacing the complex
interior-point method used in ANN with a more efficient projection operation in
a new post-processing stage.

Furthermore, in Publication IV, the PAPC model was evaluated in more com-
plex scenarios, including pilot contamination, which was not explored in the ANN
model. This demonstrated PAPC’s ability to effectively mitigate interference by
leveraging pilot allocation information, resulting in improved SE and fairness.
These evaluations highlight the robustness of PAPC in both pilot-contaminated
and contamination-free environments, demonstrating its potential to efficiently
utilize the available pilot information. PAPC’s computational efficiency, scala-
bility, and adaptability to varying number of users were also demonstrated in
Publication IV.

The improved performance of the PAPC model can be attributed primarily
to the enhanced feature extraction enabled by the additional preprocessing
stage. This step allows the potential of the transformer-based architecture,
initially proposed in ANN, to be fully realized. Since PAPC has demonstrated
superior capability, the next section presents the results of the PAPC model. The
performance of ANN is not included, as PAPC is both an enhancement of ANN
and offers better overall performance.
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Figure 4.2. MMHA architecture in the PAPC transformer, processing the input through multiple

attention heads combined with masking feature to model inter-user relationships
and handle pilot contamination.
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4.5 Results

4.5.1 Simulation Setup

To assess the effectiveness of the PAPC in downlink power control for CFm-
MIMO systems, we analyze four scenarios labeled from Scenario 0 to Scenario 3.
Scenario 0 represents a small-scale CFmMIMO network, consisting of M = 10
APs and K =4 users within an area of 0.01 sq. kms. In contrast, Scenarios 1,
2, and 3 scale up the network to M = 100 APs, with K =20, K =40, and K =80
users respectively, all distributed over 0.1 sq. kms. A wrap-around topology is
employed to simulate a larger area and mitigate boundary effects. Across all
scenarios, the performance evaluation is based on 2000 testing samples. Neural
networks are trained using P = 12,000,000 samples unless otherwise stated.
For a fair comparison of computational times across different algorithms, testing
is carried out without GPU assistance.

In each of these scenarios, the AP density is maintained at 1000 APs per sq. km,
with each AP featuring N =4 antennas. The coherence block and pilot sequence
lengths are defined as 7 = 200 symbols and 7, = 20 symbols, respectively. For our
numerical simulations, we assume that the pilot allocation algorithm selects K
sequences from a pool of 7, orthogonal sequences. Consequently, in Scenarios 2
and 3, the number of users (K) surpasses the available orthogonal pilots (7),
necessitating pilot reuse. This scenario inevitably leads to pilot contamination,
presenting a significant challenge in these large-scale configurations.

The distance between the m® AP and the k" user, denoted as d,,, in km, is
used to determine the path loss, PL,,, in dB for the channel connecting the m**
AP to the k" user. This path loss is calculated using a three-slope model, given
by PL,;, = —Lo —15logy(d1) —20logyo(d),,). The parameter d),, is defined as:

dy ifd,p <dy
't =S dmp ifdo<dpmp<di (4.4)
d1 ifdmk >d1.

The LSFC for the channel between the m!” AP and the k" user is expressed as
Bmk = PL 1, +2 e dB, where z,,,;, represents shadow fading, modeled as a normal
distribution with a mean of 0 dB and a variance of th dB. Following the setup
in [8], the parameters are set to Lo = 140.72 dB, d¢ = 0.01 km, d; = 0.05 km, and
osh =8 dB.

Data generation process: Given a fixed placement of APs or BSs, the data
generation process generates P random user placements in the given area of
coverage. The process computes the LSFCs matrix B sample using the path loss
model described above for each user placement. Furthermore, the random pilot
allocation algorithm described in this subsection produces corresponding pilot
allocation matrix ®.
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AP Density 2000 APs per sq. km.
Length of the coherence block 200 symbols
Length of the pilot sequence 20 symbols
Ly 140.72 dB
do 0.01 km
di 0.05 km
Standard deviation of shadow fading (ogp) 8 dB
Noise power spectral density Ny —173.98 dBm/Hz
BandWidth 20 MHz
Total Noise power at the receiver (P;,) -91.97 dBm
Transmit SNR of uplink pilot ({}) 1/P,
Transmit SNR of downlink data ({g) 0.2/P,
Smoothening parameter (1) 3

Table 4.1. Simulation Setup Parameters

Given a noise figure of Ny = 9 dB, a noise power spectral density of No =
—173.98 dBm/Hz, and a channel bandwidth of BW = 20 MHz, the total noise
power is computed as P,, = BW10WNo+Nr=30¥10 i, W. Consequently, the transmit
SNR for the uplink pilot and downlink data are set to {, = 0.2/P, and (g = 1/P,,
respectively. Table 4.1 outlines the common CFmMIMO simulation parameters
for all scenarios.

4.5.2 Results Summary

* Scenario 0 (Fig. 4.3): As the number of training samples increases, both
PAPC and FCN approach the performance of the APG algorithm. PAPC
outperforms FCN with fewer training samples, highlighting its structural
advantages. With sufficient samples, PAPC surpasses both FCN and EPA,
matching the performance of APG.

* Scenarios 1 to 3 (Fig. 4.4): PAPC approaches APG performance across all
scenarios, even in the presence of pilot contamination. FCN fails to perform
adequately in Scenario 1 and deteriorates further with increased pilot con-
tamination in Scenarios 2. PAPC’s ability to handle pilot contamination and
maintain performance is validated.

¢ Computational Efficiency (Table 4.2): PAPC significantly reduces compu-
tational time compared to APG, demonstrating its efficiency. PAPC’s run-time

is marginally higher than EPA but provides superior performance.

¢ Varying K Feature (Fig. 4.5 and Fig. 4.6): PAPC trained with varying K
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Figure 4.3. CDF comparison of PAPC, FCN, EPA, and APG in Scenario 0 for different training
samples. To interpret the results, note that for the max-min fairness objective, a
CDF curve that ascends sharply and is also positioned further to the right compared
to other curves is considered advantageous. Thus, PAPC outperforms FCN and EPA,
approaching APG’s performance faster as the number of samples increases.

feature maintains performance across different user counts. Furthermore, the
performance of PAPC with varying K matches that of PAPC trained with a
fixed K, demonstrating adaptability without loss in performance.

Note that, unlike traditional optimization techniques, deep learning models
do not offer mathematical guarantees of performance for specific configurations.
Their correctness and efficiency can only be empirically validated through simu-
lation results. This limitation makes it inherently challenging to provide a solid
computational complexity analysis for the proposed methods. Moreover, since
these models are typically tailored to specific CFmMIMO network configurations
(e.g., number of users and access points), adapting to different configurations
requires retraining or redesigning the network, further complicating a formal
analysis. Nonetheless, as demonstrated in Table 4.2, the empirical results show
that PAPC significantly reduces computational time compared to traditional
methods.
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Figure 4.4. CDF comparison across Scenarios 1 to 3 for different algorithms. PAPC consistently
approaches APG performance, outperforming other algorithms due to its masking
and attention mechanisms. FCN struggles due to its lack of structure and pilot
allocation information.

Algorithm | Run-time (in secs)
APG 38.7373
PAPC 0.0262
EPA 0.0003

Table 4.2. Run-time of different algorithms in Scenario 3.
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Figure 4.5. Run-time of the algorithms in Scenario 3. EPA is the fastest algorithm, while PAPC
achieves comparable performance to that of APG, but it is nearly 1000 times faster

than APG.
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Figure 4.6. Comparison of PAPCs trained on Scenario 2 and Scenario 3 (tested with K = 40),
showing matching performance on Scenario 2 and validating that larger configura-
tions with padding do not compromise results.
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5. Conclusion and Future Work

5.1 Conclusion

This thesis has delved into a comprehensive exploration, analysis, and com-
parison of pilot resource allocation and power control techniques for massive
MIMO systems. The research findings are encapsulated in four publications and
provide an encompassing understanding of resource optimization within these
systems. The significant insights and conclusions drawn from this investigation
can be summarized as follows:

® Publications I and II have revealed the intricate relationship between pilot
overhead, channel estimation, and SE in massive MIMO systems. The analyti-
cal expressions, derived in these studies, establish the critical importance of
optimal pilot overhead allocation for enhancing performance in both uplink
and downlink transmissions. The closed-form expressions serve as vital tools
for selecting optimal pilot overhead parameters.

The innovative ANN framework proposed in Publication III has significantly
advanced the downlink power control in CFmMIMO systems. Achieving the
performance close to the state-of-the-art methods, this methodology signifi-
cantly curtails computational complexity.

The PAPC architecture detailed in Publication IV further enhanced the down-
link power control problem using additional custom designed architectural
changes. With these advanced deep learning architectures, the PAPC enhanced
the ANN to outperforms existing power control algorithms in computational
efficiency while maintaining comparable performance. It presents a robust
solution to the challenges associated with non-convexity and non-orthogonal
pilots, inherent in power control.

* The comparative analysis of pilot resource allocation and power control tech-
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niques highlighted in the thesis underscores the trade-offs among performance,
complexity, and robustness. These insights are pivotal in guiding the design of
efficient, practical algorithms for massive MIMO systems.

5.2 Future Work

Grounded on the insights obtained from this comprehensive study, several
potential avenues for future research in the realm of resource optimization for
massive MIMO systems emerge:

® Publications I and II in this thesis primarily concentrate on deriving analytical
expressions pertaining to MRC beamforming. ZF beamforming, while more
challenging, could potentially offer enhanced performance in massive MIMO
systems. As such, a worthwhile avenue for future investigation might entail
the derivation of similar analytical expressions for ZF beamforming.

® Another promising direction could be to rethink the performance metrics
employed for designing pilot overhead. While our study uses average spectral
efficiency as the metric, considering the dropout probability might provide
a more realistic performance assessment. The development of analytical
expressions for dropout probability, particularly with imperfect covariance
estimates, presents an intriguing and challenging problem for future research.

¢ While the chosen method from [30] for covariance matrix estimation was
justified for its tractability in deriving closed-form SE expressions, future work
could explore alternative covariance estimation techniques. The results from
such exploration could provide a richer basis for comparison and yield deeper
insights into the trade-offs between estimation accuracy and pilot overhead.
Additionally, such a comparison may further reinforce our choice of [30] as
the most suitable method for evaluating the impact of the pilot overhead.

* The matter of pilot resource allocation in CFmMIMO systems is a crucial,
yet complex, aspect that warrants further exploration. Moreover, the task
of concurrently addressing pilot allocation and power control can elevate the
challenges but is pivotal for maximizing the overall system performance. The
development of innovative algorithms that tackle both aspects within a unified
framework could be a fertile ground for research and significantly impact
CFmMIMO systems.

* The power control techniques explored in Publications III and IV showed

considerable promise. Further refinement and testing of these methods under
varying scenarios, particularly those involving real-world constraints and non-
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ideal conditions, could provide further valuable insights and developments.
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ABSTRACT

An analytical lower bound on uplink channel capacity of
a user in a massive multiple-input multiple-output system
where the channel vector and the covariance matrices of the
users in that cell are unknown is derived in this paper. This
analytical bound enables us to choose appropriate sample
size for covariance matrix estimation to meet the spectral
efficiency requirements. The accurate agreement between
the derived bound and the simulated bound based on random
samples of channel vectors and covariance matrices is shown.

Index Terms— Achievable rate, spectral efficiency, Mas-
sive multiple-input multiple-output (MIMO), covariance esti-
mation, channel estimation, pilot contamination.

1. INTRODUCTION

Increased spectral efficiency through spatial multiplexing
makes massive multiple-input multiple-output (MIMO) sys-
tem, where each base station (BS) has large number of an-
tennas to serve multiple users within the cell, one of the key
technologies for the next generation mobile networks [1-3].
However, knowledge of channel state information (CSI) at
the BS is essential for the communication between the users
and the BS.

A limited number of pilots are used for channel estima-
tion due to finite coherence time and finite coherence band-
width, which results in the pilot contamination problem in
multi-cell scenarios [1]. It has been shown recently that, un-
der certain assumptions on the spatial covariance matrices,
the sum rate for the massive MIMO system is unbounded de-
spite the presence of pilot contamination [4]. However, this
result assumes availability of the individual user covariance
matrices at the BS, which, in practice, are also contaminated.
Several methods have been proposed in recent literature for
estimating the spatial covariance matrices [5-8], and with the
estimated channel and covariance information, bounds on the
channel capacity are numerically studied in these papers.

However closed form expressions for such bounds uti-
lizing estimated covariance matrices are not available in the

978-1-5386-4658-8/18/$31.00 ©2019 IEEE
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literature, to the best of our knowledge. Such bounds can pro-
vide useful insights into the number of observations needed
for estimating the covariance matrices to achieve a target
spectral efficiency (SE).

In this paper, we derive closed form expressions for the
SE in a massive MIMO system with imperfect channel and
covariance matrix estimates at the BS, thereby characterizing
the SE in terms of the number of samples required to estimate
the covariance matrices.

2. SYSTEM MODEL

A massive MIMO system with L cells having K users within
each of them is considered. All the BSs are assumed to have
M antennas each, and all the users have single antenna.

The uplink (UL) channel between the k%" user in the It"
cell, indexed as (I, k), and a BS j is denoted as hy, € CM
(the subscript j is dropped for the sake of simplicity), and
is assumed to be a zero mean circularly symmetric complex
Gaussian random vector, denoted as CN' (0, Ryy,), where Ry,
is the covariance matrix. The channel is assumed to be con-
stant for 7, symbols —length of the coherence block, while its
second order statistics are assumed to be constant for 74 co-
herence blocks. C,, symbols are used for UL communication
within each coherence block.

The UL received signal Y € C*C« in n** coherence
block at j** BS, is given by:

L K
Y[n] => > ihyx][n] + Nin] (1

=1 k=1

where 1 is the transmit power at each user, N € CM*xCu
is the additive white Gaussian noise whose elements are dis-
tributed as CA'(0, 1), x;, € CC is the signal transmitted by
user (1, k) whose elements are distributed as CA/(0, 1). It con-
tains the data signal as well as the pilot signals for estimating
the channel and the covariance matrices.

In the following subsections, the pilot structures and esti-
mation techniques for the channel vector and the covariance
matrices are explained.

ICASSP 2019
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2.1. LMMSE Channel Estimation

The BSs and users are assumed to be perfectly synchronized,
and K symbols in each coherence block are dedicated for UL
channel estimation where each user in a cell is allocated a pi-
lot from a set of K orthogonal sequences. Let pp € CK,
such that pf Pm = Kkm, be the pilot transmitted by the kth
user in every cell, and Y ®)[n] € CM*K be the received sig-
nal corresponding to pilot transmissions in the n*" coherence
block.

The linear minimum mean squared error (LMMSE) es-
timate of the channel from the target user (j,u) in the n'?
coherent block is given by:

hju[n] = R;Q, 'hiln], n=1,...,7 )
where Rju is the estimated covariance matrix, Qu is an esti-
mate of Q,,, and

hLS [TL}

1 *
ju = WY(ZA [n}puJ (3)

Q. = E{hl (hi5)") = Z Ry, + —1 e

In the following subsection, we describe pilot structure
and estimation techniques for these covariance matrices.

2.2. Covariance Matrix Estimation

Here, a covariance matrix estimation technique using the pilot
structure introduced in [7] for estimating both R;,, and Q,, is
described.

An additional set of pilot sequences {¢;;[n]}27, for es-
timating R;,, is transmitted by user (I, k). Then ¢lk[n} is
the pilot sequence transmitted in n*" coherent block, and it
is given by ¢ [n] = [@F, e/l @l]T € C 2K < C, <

C.,), and ¢, is the sub-sequence used by k" user in all the
cells. It is infact a column chosen from ® where ®7& =
K1, /5. Here also {01, } 2, is the random phase sequence
generated for all the users in /** cell such that it is independent
of the channel vectors [7]. Furthermore, it is chosen such that
E(e?%n) = 0. These sequences are independently and iden-
tically distributed (i.i.d) over different cells, and are assumed
to be known at corresponding BS and all the users in the cell.

Regularized covariance matrix R, estimate and its ex-
pectation are given as follows:

R, 2 aRj, + (1 - a)Ry, ®)
where Rj, = - 320 sym(hy,) [n)(B ) [n]) ). sym(-) is
defined as sym(A) £ 1(A + A7) and
=Y lud, (néé,) "

=hj, + Y hy+ L NOwg, @
I#35 K\/>

NeY
hju [n}

B In] = Y@ n] e " (1 by,) ™!
— i+ Y e+ N@[g
= "

Y®[n] and Y(2> [n] are the received signals that correspond
to the first and second sub-sequences of ¢, respectively,
N®[n] and N®[n] are the noise signals that are additive
to first and second pilot sub-sequence, respectively, Ry is
an arbitrary symmetric positive definite bias-matrix, and o
is a design parameter. For later use, it is useful to define
R]'u £ E{R]‘u} = OéRju + (1 — OZ)R}).

For estimating Q,,, an additional set of pilots is not re-
quired, but the received signal that corresponds to pilot se-
quence p,, can be utilized to compute an unbiased estimator
of Q,,, which is given as follows:

e 0 ()

Q.= Vo ZhLS [n] (WL [n) . (8)

In the following section, the SE for the UL channel of a
single target user (j, u) is derived. For the derivation, we con-
sider a matched filter receiver combiner, v;u, [n] = hy, [n] =
w; hLS[n] where W;, £ R, Q"

Qu, and hij [n] are uncorrelated within a coherence block 7,

ie., R]-u and Qu are computed each from a different set of
coherence blocks that does not include n. Furthermore, it is
assumed that Ng > M.

. It is assumed that R]u,

3. UL SPECTRAL EFFICIENCY

To obtain a lower bound on the channel capacity, we assume
that the codeword is spread over multiple realizations of the
covariance estimates. Then, a lower bound on capacity of the
UL channel from user (4, «) to BS j is given by [6]:

B K NgC, .
Rj, = <1 o o ) logy(1 +7,) [bits/s/Hz]
®

s

where 1, is given in (10) at the top of the next page and R4
L-1K-1

N S Ry 4+t -, L. The expectation taken in all the terms is
=0 k=0

over the random matrix Wj“.

Before deriving the expectation terms of (10), we give
lemmas that will be useful in the derivation. In what follows,
ER represents the expectation over R, Eqg represents ex-
pectation over Q,,, and [E represents expectation over both.

Lemma 1. Given an arbitrary matrix A € CMxM - g
for any mutually independent M -dimensional random vec-
tors hy, hy, and h distributed as CN'(0,R;), CN'(0,Rz),
and CN(0,R), respectively, we have
E{h;hf Ah,hf’} = R, tr(ARy),
E{hh” Ahh”} = RAR + Rtr(AR).

(13)
(14)
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‘E{tr(WHRW)H?

Yu =

E{tr(

E{[tr(W R) P} = raltr(WH Ry +

(10)

N . L

E{tr(wquuWﬁLRS)} + > E{|tr(WﬁRlu)‘2} - ‘E{tr(WH Rju)}?
=1
2
W, QuWIR,)} = (W, QW R a]\’;l {Mtr(RSQu) + tr(Wju)tr(RsR]-u)} (11
R
2N tr(WluQquuQu) 2N tr(Wl“R‘JUWZuR]U)
()12K,1

LQUWEQu) + T MIWEQE) + 5 (Wt (WELQuR) (12)

K1
—t
+ No (W

Proof. (13) can be derived by splitting the expectation over
h; and hy. Proof of (14) is straightforward, but it involves
the values of second and fourth order moments of Gaussian
random variables. Thus, it is left to the reader because of
space limitation. O

Lemma 2. Given a Hermitian matrix C € CM*M  qn arbi-
trary matrix A € CM*M and a complex Wishart matrix,
X € CMXM_ with N degrees of freedom (represented as

Now we are ready to formulate the key theorem.

Theorem 1. The signal component of (10) is given by

Etr{W/R;,} = tr(WER;,). @D

NQ o A Ju
The first and second terms of the denominator in (10) are
given in (11) and (12) at the top of this page, where k1

(1> 11

CW(N, 1)), we have Noka/(Ng — M), ko= Né/((NQ - M)?-1), Wy,
[I} Rquqjl’ and Wlu = Rlqujl-
E{[X ;) = —% (15) s
(X} N-M Proof. We define a matrix Qj,, as follows:
1) M + 1], [1];
E{Xy X~} = (M5 + 5= M[]z;[]k7 (16) . L
(N-—M)2 -1 Qju = No(Q,,2 QuQ;.2) (22)
N
E{tr(X~2C tr(C 17 ~
(X )= (N —M)3 (N M) 1O, an It can be seen that Q;, is a Wishart matrix distributed as
B [tr(A)]2 + tr(AAT) W(Ng,I). Using W, = R;, Q' and (22), the numera-
E{|tr(X~'A)|*} = (N _]}/U;u — (18)  tor term of (10) can be written as:
Proof. Proof is available in Appendix. O Etr{W R;,} = NQIEtr{QJu Q]u Q QRJURW} (23)
; ; ; MxM .
Lemma 3. Given an arbitrary matrix A € C » we have By taking direct expectation over R, in (23) and also using
. . 1 Lemma 2, (21) can be obtained.
E{R;uAR;.} = Rju AR,y + 2NR Qutr(AQu) _ Proof of (11) and (12) is as follows. By substituting
1 W, = ]uQu and (22) into the first and second de-
+ mRJ’utT(ARJ‘u) (19)  nominator terms of (10) and by using Lemma 2, we get the
following equations
and . .
i . L1 . Etr{W;, Q. W R} = siEptr{Q,'R;uR.Ryu}, (24)
E{ltr(Ryu A = [r(Rpu AT+ 5 r(AQUATQW) w{jr (W R.)IP} = moBa{[tr(Q; ' RyuRu)|?}
K1 —19 -1 A
—Egt R, R..R; 2
+ 2]\]Rtr(A]f_{JuA Rj.) (20) + No rtr{Q, R;uR1Q, RiuRju} (25)
Proof. Proof of this lemma uses Lemma 1 and is presented in By using Lemma 3, and by substituting (5) into (24) and (25),
Appendix. 0O  weget(11) and (12), respectively. O
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Fig. 1. UL SE of a user in massive MIMO system

4. SIMULATIONS

We consider a massive MIMO system with L = 7 cells each
having K = 10 users, and the number of antennas at the BS
is M = 100. The BSs are separated 300m and the users are
uniformly located in a circle of radius 120m from the BS. The
signal to noise ratio of the received signal from a user that is
at a distance d is given by 78.6 — 37.6log;, d. In Fig 1, we
compare SE of a user in the central cell for the case of known
covariance matrices, theoretical lower bound on channel ca-
pacity for the estimated covariance case and simulated SE for
the case of estimated covariance matrices.

Number of UL resources used in a coherence block is
chosen to be C;,, = 100 symbols, and second order statis-
tics are assumed to be constant for 7, = 25000 coherence
blocks. The transmit power of the target is 4 = 1. Addi-
tionally, we choose €. = 2K symbols, Ng = Ng (> M),
a = 0.95, and R, = I. Sample averaging for all the expecta-
tion terms is computed for 500 iterations for different values
of Np = (170, 850, 1700, 3400, 4250).

It can be seen from Fig 1 that the theoretical achievable
rate for the case of unknown covariance matrix asymptotically
approaches the SE for the known covariance case. Also, the
simulated SE matches the theoretical values.

5. CONCLUSION

An analytical expression for the SE of a user in a massive
MIMO system is derived for the case when the matched fil-
ter receiver combiner uses estimated channel covariance ma-
trices and estimated channel vector. The simulation results
matched that obtained by the theoretical expression derived
in this paper. The accurate agreement between the derived
analytical bound for the SE and the results of simulations is
demonstrated.

6. APPENDIX

Proof of Lemma 2. Proofs of (15) and (16) are given in [9].
Using eigen value decomposition C = UAU¥ and de-
noting X = UPXU ~ W(N,T), (17) can be proved as fol-
lows:
M
Etr{X?C} = Etr{X A} = > [E{X*}];i[Alis
i=1

M ~
= ZE{[X*1

= [E{X"*}utr(A) J1; (X1 }x(C)

B N
T (N M)P -

tr(C).
TR
The above derivation uses the fact that [E{X~2}]; is same
foralli e {1...M}.

For (18), E{[tr(X~1A)|?} is expanded as follows:

E{[tr(X 1A ‘ }= Z E{[X pq[X 1]87}[A]qp[AH}
M M e
= Z E{[Xil]pp [Xﬁl]ss}[A]pp[AH}ss

+ E{[X ™ ps [ X sp }A]sp[AT ]

B
B

o
Il

1 1

p

Using (16), the above equation can be re-written as in (18).
O

Proof of Lemma 3. Let us deﬁne a pajr of mutually inde-

pendent random vectors g; ]“[ n] = hSL[ ] — hj, and
gﬁi[n] = h J%[n] hj,. Their covariance matrices are

identically equal to Q, — Ry,.
fine mutually independent set of matrices as ].:V{j“[n]
sym(h{") [n] (A2 [n])#), Vn € {1,... Ng} such that R, =

Jju
N
N Lnty Ryuln].
Using the definitions of gj(;fl[n] and gf) [n], and also
Lemma 1, it can be shown that

Additionally, we also de-

E{R;u[n]AR;u[n]} = RjuAR;qu + QutI(AQu)
+ %Rjutr(ARju)7 Vn =1to Npg, (26)
and
E{ix(Ryu[1]A) )} = fix(Ryu A)P + 1r(AQuAT Q)
+ 1tr(ARJuA Rj,), Vn=1to Ng. 27

Finally, along with the equation R,j, = Ni ZNR Rjuln],
(26) and (27) will result in (19) and (20), respectlvely O
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Impact of Pilot Overhead and Channel Estimation
on the Performance of Massive MIMO
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Abstract—This paper studies the impact of additional pilot
overhead for covariance matrix estimation in a time-division
duplexed (TDD) massive multiple-input multiple-output (MIMO)
system. We choose average uplink (UL) and downlink (DL)
spectral efficiencies (SEs) as performance metrics for the massive
MIMO system, and derive closed form expressions for them
in terms of the additional pilot overhead. The expressions
are derived by considering linear minimum mean squared
error (LMMSE)-type and element-wise LMMSE-type channel
estimates that represent LMMSE and element-wise LMMSE
with estimated covariance matrices, respectively. Using these
expressions, a detailed theoretical analysis of SE behavior as a
function of pilot overhead for both LMMSE-type and element-
wise LMMSE-type channel estimation are presented, followed
by simulations, which also demonstrate and validate theoretical
results.

Index Terms—Spectral efficiency, massive multiple-input
multiple-output (MIMO), covariance estimation, channel estima-
tion, pilot contamination.

I. INTRODUCTION

MULTI-USER massive multiple-input multiple-output
A(MIMO) system comprises multiple cells, each hav-
ing a base station (BS) with a large number of anten-
nas (hundreds) to serve multiple users (tens) within the cell.
It is considered to be one of the key technologies for the
fifth-generation (5G) cellular systems due to the consider-
able improvement in spectral efficiency (SE) through spatial
multiplexing [1]-[5] achieved with low computational com-
plexity [1], [6], [7]. However, acquiring channel state infor-
mation (CSI) at the base station (BS) is essential to realize the
benefits of a massive MIMO system.

We consider a time-division duplexing (TDD) massive
MIMO system where the CSI is acquired through uplink (UL)
pilots. In time-variant channels, the channels in two different
coherence blocks, which is a collection of symbols within
a coherence time and bandwidth, are uncorrelated. Conse-
quently, the channel has to be estimated in each coherence
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September 1, 2021. Date of publication September 13, 2021; date of current
version December 16, 2021. This work was supported by the Academy of
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block. The number of orthogonal pilots available for channel
estimation in a coherence block is limited by the number of
available symbols in the coherence block that are not reserved
for UL data and DL data, and as a result, UL pilot sequences
need to be reused by users across the cells, causing the pilot
contamination problem [1], [8], [9].

Despite the presence of pilot contamination, under the
assumption that the covariance matrices of interfering users
are asymptotically linearly independent to each other, the sum
rate of the massive MIMO system has been proven to
be unbounded [10]. However, the authors assume that
contamination-free covariance matrices of individual users
are available at the BS, while, in practice, these covariance
matrices also have to be estimated at the BS. Covariance
matrix estimation in a multi-cell TDD massive MIMO system
is a non-trivial task because the channel estimates from which
the covariance matrix estimates are obtained are themselves
contaminated. Naively utilizing the contaminated channel esti-
mates in a sample covariance estimator will result in the target
user covariance matrix estimate containing the covariance
matrices of the interference users. The algorithm that estimates
the target covariance matrix in such a setup needs additional
information from the users to isolate the target user covariance
from the contaminated covariance; this is typically done using
additional pilots.

Methods for estimating the individual covariance matrices in
the presence of pilot contamination have been recently studied
in [11]-[16]. In all these works, the authors assume that
the channel covariance matrices are constant across multiple
coherence blocks, and then, the observations from a few of
these coherence blocks are used to estimate the covariance
matrices. In [11], the authors first estimate the angle-delay
power spread function from the contaminated channel esti-
mates of multiple coherence blocks, then use this function
for supervised/unsupervised clustering of the multipath com-
ponents belonging to the target user. Finally, they use the
clusters to estimate the spatial covariance matrix of the target
user. In [14], the authors develop a method where the pilot
allocation is changed in each coherence block. The channel
estimates obtained from these blocks are then used to obtain
a maximum-likelihood estimate of the contamination-free
covariance matrix. Work [15] presents two methods which
avoid contamination in the covariance matrices by utilizing
dedicated orthogonal pilots for each user for estimating its
individual spatial covariance matrix. In [16], a new pilot
structure and a covariance matrix estimation method are devel-
oped that offer higher throughput and lower mean squared

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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error (MSE) of the channel estimates compared to the method
in [15]. Although [16] requires additional pilots for estimating
the individual covariance matrices of each user, it does not
assume any additional structures on the covariance matrices
of the users unlike [11]-[13], and it does not require backhaul
communication between the neighboring cells unlike [14].
Moreover, since the additional pilots in [16] are not dedicated
to each user as in [15], the number of additional pilots in [16]
does not grow with the total number of users in the entire
system. Therefore, in this paper, we choose [16] to study the
performance of covariance estimation method in a massive
MIMO system. In particular, we emphasize the impact of
pilot overhead or choice of channel estimation method on the
performance of a massive MIMO system.

Utilization of the estimated covariance matrices for channel
estimation results in a trade-off for the system performance.
Indeed, increase of the number of additional pilots for esti-
mating the covariance matrices will not only improve the
quality of the covariance estimate (and hence, the channel
estimate) but also increase the pilot overhead. Consequently,
choosing the additional pilot overhead related to estimating
the covariance matrices becomes a key trade-off problem for
the system performance.

Except [11], in all the covariance estimation papers men-
tioned above, the authors derive SE expressions corresponding
to a single realization of covariance estimate. Such an SE is
achievable for a practical receiver which does not have perfect
covariance information. However, one can notice, these papers
use a numerically computed average SE as a performance
metric of covariance estimation method in a massive MIMO
system. Therefore, in this paper, we utilize the SE value that is
averaged over multiple realizations (ensemble average) of the
covariance estimates as a performance metric of the covariance
estimation method in [16]. We first derive average SE expres-
sions for two types of channel estimation methods namely:
(1) LMMSE-type and (2) element-wise LMMSE-type channel
estimation methods, that use estimated covariance matrices.!
Note that, in this paper, we use LMMSE-type/element-wise
LMMSE-type to denote the channel estimation with estimated
covariance matrices, and LMMSE/element-wise LMMSE to
denote channel estimation with true covariance matrices.
Using the derived expressions, we demonstrate the impact
of pilot overhead and channel estimation method on the
performance of the massive MIMO system with imperfect
covariance information at BSs.

The following are the contributions of this paper.

e We first derive closed-form expressions for the average
UL and DL spectral efficiencies when the LMMSE-type
and element-wise LMMSE-type channel estimates are
used in a maximum ratio combiner (MRC) UL receiver,
and in a matched filter precoding DL transmitter.

o Using theoretical and simulation studies on the derived
SE expressions, we establish the fact that the number
of additional pilots for covariance estimation is a key
trade-off parameter that needs to be chosen optimally.

'Some preliminary results are also reported in [17].
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« Using these expressions, we then quantitatively compare
the performance of the element-wise LMMSE-type chan-
nel estimate with the LMMSE-type channel estimate.
To the best of our knowledge, this is the first work that
quantitatively compares the average UL/DL SE obtained
with  LMMSE-type and element-wise LMMSE-type
estimates.

The paper is organized as follows. In Section II, we describe
the system model along with a brief review of the channel
estimation and covariance matrices estimation methods we
want to study. Section III reports the derivations of the
closed-form expressions for the UL and DL SEs for both the
channel estimation techniques described above. In Section IV,
we present a detailed theoretical discussion on the impact of
pilot overhead and channel estimation technique on massive
MIMO. In Section V we provide the simulation results that
demonstrate the theoretical conclusions made in Section IV.
We conclude this work in Section VI. Technical proofs of
lemmas and theorems in the paper appear in appendices at the
end of the paper.

Notation: We use boldface capital letters for matrices,
and boldface lowercase letters for vectors. The superscripts
(-)*, ()7, and (-)* denote element-wise conjugate, transpose,
and Hermitian transpose operations, respectively. Moreover,
CN(m,R) denotes (circularly symmetric) complex Gaussian
random vector with mean vector m and covariance matrix
R, while W(N,R) denotes Wishart random matrix with NV
degrees of freedom and R is the covariance matrix that cor-
responds to underlying Gaussian random vectors. In addition,
U[x1, 2] stands for the uniform distribution between z; and
Zo. The element in i*" row and j** column of the matrix A is
denoted as [A];;, I stands for an identity matrix (of appropriate
size), diag(A) is a diagonal matrix whose diagonal elements
are same as the diagonal elements of the matrix A. We use
tr(-) to denote trace of a matrix, ||-|| to denote I norm of a
vector or a matrix, i.e., Frobenius norm, and E{-} stands for
the mathematical expectation. Finally, the symbol §;; is the
Kronecker delta such that §;; = 1 if i = j, and 0 otherwise.

II. SYSTEM MODEL

We consider a massive MIMO system with L cells, each
having a BS with M antennas and serving K single-antenna
users. We make a realistic assumption that the channels
between users and BSs are spatially correlated [18]. The
channel between user (I,k) (k*" user in I'" cell) and BS
in the j** cell is denoted as hj;, € CM and is assumed to
be distributed as CA(0, R j;), where R jy =S E{hﬂkhﬁk} is
the spatial covariance matrix. We consider the block-fading
model where the channel is assumed to be constant over the
coherence bandwidth B. and coherence time 7.. In other
words, the channel is assumed to be constant over a coherence
block containing 7. = B.1, symbols.

‘We consider TDD transmission and each coherence block is
divided into slots for UL pilots, UL and DL data. The number
of data symbols in the UL and DL time slot is denoted as C,,
and Cy, respectively. The channel is assumed to be reciprocal,
i.e., the DL channel between BS j and user (/,k) can be
written as h7;, . This is represented in Fig. 1(a).
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Fig. 1. Time frequency grid and pilot positioning.

We consider two types of UL pilots, namely, (i) pilots
for estimating the channel (also referred to as ChEst pilots)
and (ii) pilots for estimating the covariance matrix (referred
to as CovEst pilots). Both ChEst pilots and CovEst pilots are
assumed to be of length P symbols.

The spatial covariance matrices are assumed to be con-
stant over a considerably longer time-interval and bandwidth
than a single coherence block [11], [14]-[16], [19].2 Specif-
ically, we assume that the covariance matrices are coherent
over the time-interval 7T and system bandwidth B, which
implies that they can be assumed to be constant over 7, =
BT /7. coherence blocks (usually several tens of thousands
of blocks in practice). This time-frequency grid over which
the second-order statistics of the channel are assumed to be
constant is illustrated in Fig. 1(b).

Each of the 7, coherence blocks contain ChEst pilots for
channel estimation, whereas only Ny out of the 75 coherence

2Note that, according to [19], this assumption is valid of urban and rural
environment. Howeever, this is questionable for indoor scenarios.
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Fig. 2. Coherence block with additional CovEst pilots.

blocks contain CovEst pilots in addition to the ChEst pilots (as
can be seen in Fig. 1(b)). The coherence blocks that contain
the CovEst pilots are depicted in Fig. 2.

The UL received signal, Y;[n] € CM* in the nt?
coherence block at BS j is given as

L K
Yjln) =) Vihjuxd[n] + Njn] M
1=1 k=1
where x;;, € C% is the signal transmitted by user (I, k),
N; € CM*Cu s the additive white Gaussian noise (AWGN)
at the BS, and p is the UL transmit power. The transmitted
data x; is assumed to be distributed as x;, ~ CN(0,I)
whereas the elements of N; are assumed to be identically
and independently distributed (i.i.d) as CA/(0, 1).
In the DL, the received signal z;,[n] € C%¢ at user (j,u)
in the n'” coherence block can be written as

L K
zju[n] = > > VA(hL, by)di[n] + e[n]

=1 k=1
where dj, € C% s the payload data from BS [ to its
user (I, k), by, € CM is the corresponding precoding vector
normalized such that the average transmitted power is A,
ie., E{||bi]®?} = 1, and e € C° is the AWGN noise
distributed as CN/(0,I).

A. Channel Estimation

A dedicated set of P (> K) symbols is allocated to
UL pilots for channel estimation in each coherence block,
as shown in Figs. 1(a) and 2. In other words, let p; € C”
denote the ChEst pilot sequence used by the k" user in any
of the L cells. Then, for another user m in the same cell,
we have pkH Pm = Pdkm. We assume that the same P pilots
are reused in each cell and each user is randomly allocated
one of these pilots for channel estimation.

The pilot transmissions in all cells are assumed to be
synchronized. Then, the received signal at BS j during pilot
transmissions in the n‘" coherence block (denoted as Yg.p [n])
can be written as ‘

K
Y] =33 ahjup] + NP n 0))
=1 k=1

where N;p )[n] € CM*P is the noise during pilot transmission.
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We consider LMMSE and element-wise LMMSE tech-
niques for estimating hj;; from the observed signal Y;-p )
given in (2). In what follows, we first review these estimation
techniques.

1) LMMSE Channel Estimation: From (2), the least-squares
(LS) channel estimate of user (j,u) at BS j in the n*" coherent
block (denoted as h”5 [n]) can be obtained as follows?

jju
— vngpl|?

]Ju + Z h]lu + —N(p) [”]P:; (3)
I#j

LS _ . (p)
hJ]u[] argmm 1Y ;" [n]

Using this LS channel estimate that serves as a sufficient
statistic for h;;,, the resultant LMMSE estimate can be easily
derived to be [15]

hLMJUSE[n} — ]uQ

1L LS
jju h; [n}

Ju jju
L

Qju £ E{hJS [n](5 )"} = > Ry +
=1

@)

Although the channel estimates in the above equation
assume that the covariance information is known, in practice
it has to be estimated at the BS. Therefore, it is reasonable
to replace these matrices with estimated covariance matrices
(f{jju, and qu) to get LMMSE-type channel estimate as
follows

h7J‘l [n} 7JUQ]u1hf]i[ ] (5)

For known covariance case, the computational complexity
in evaluating (4) is O(M?). Furthermore, the computational
complexity of a sample covariance matrix of an M x 1 channel
vector is O(NM?), where N is the number of samples.
Therefore, the total computational complexity involved in
evaluating (5) is O(M? + M? Ng + M? Ng), where Ng
and Ng are the number of pilot sequences (samples) used for
computing R“u and Q]u, respectively.

2) Element-Wise LMMSE Channel Estimation: An alter-
native approach for LMMSE channel estimation is to use
the element-wise LMMSE estimate; this technique requires a
fewer number of samples/pilots for the covariance estimation
that does not grow with M [10].

The element-wise LMMSE estimate of the channel can be
obtained as

[Be]—LMMSE [7LH

o — Budwgrsia, peq,...an

(Pjulpp 7"

where Sj;, = diag(Rjj,) and Pj, = diag(Q;y). The
element-wise LMMSE-type estimate with estimated covari-
ance matrices (S;;,, and Pj,) can be written as

B

Bisdow sy pe g,

hS),[n P = A jiu
[hs}, [n]] Pl

M} (6)

3As the channel observations, in this case, are linear measurements in
gaussian noise, one should note that this is also an MMSE estimator.
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Here, each diagonal element of S]'ju (pju) is computed
using a sample variance estimator of the corresponding ele-
ment of the channel vector. If we use Nr (Ng) number of
channel samples for estimating S Jiu (f’ju), the computational
complexity involved in evaluating each element of }Alj;“ [n] is
O(Ng + Ng). Therefore, the total computational complexity
involved in evaluating hjb w 18 O(MNgR + MNg). Element-
wise LMMSE-type channel estimation substantially reduces
the computational complexity at the cost of some performance
degradation caused due to the fact that we ignore non-diagonal
elements of R, and Q;,,. Later in Section V, we compare the
performance of these two channel estimation methods using
simulations.

B. Covariance Matrix Estimation

Several methods to address the covariance matrix estimation
problem have been proposed in literature [11], [14]-[16].
However, among these methods, only the estimators in [15]
and [16] are in closed-form and consequently, lend themselves
to mathematical analysis. Moreover, since [16] is seen to out-
perform [15], we select the estimator in [16] for performance
analysis when the estimate is used for both LMMSE-type and
element-wise LMMSE-type channel estimation. We assume
that the BSs have knowledge of the random phase sequences.

In this subsection, we briefly review the pilot structure
introduced in [16] and the corresponding spatial covariance
estimation method. The objective is to compute a pair of ﬂjju
and qu (or Sjju and f’ju) for each set of 74 contiguous
coherence blocks.

To obtain Qj,, since the matrix Qj, is defined as
the covariance matrix of ﬁfﬁ[n], we use these LS chan-
nel estimates from multiple coherence blocks in a sam-
ple covariance estimator. We use a set of No (> M)
number of LS estimates for computing Q]-“, Therefore,
we have the following unbiased covariance estimator qu =
NLQZNQ hfjsu[ }(hlei [n))H. Similarly, the unbiased esti-
mate of P, is obtained using a sample covariance estimator as
follows

[ :_Z|h]Lﬁ1n] ’

n=1

Vpel...M.

For estimating Rj;, and Sjj;,, as depicted by the red
coherence blocks in Fig. 1(b), each user transmits an additional
pilot sequence of length P symbols for Np out of the 7
coherence blocks. Specifically, the CovEst pilots, denoted as
{¢y[n]}2,, are transmitted by the user (I, k), with the pilot
sequence in n!* coherence block given as a phase-shifted
version of the ChEst pilot, ie., ¢;[n] = €% py. The
phase-shifts {91,,%2721 are (pseudo-)random and are generated
such that {6}, %, is independent of the channel vectors
and satisfies E{e/%"} = 0 [16]. A random sequence that
satisfies both these properties is ), ~ U0, 27). Furthermore,
the random phase sequences are assumed to be i.i.d across
cells.

Now, let Y;Tl) [n] be the received signal when the users

transmit the CovEst pilots ¢;,[n]. Then, Y;r> [n] can be
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written as

L K
Y =308 Vbl ] + N[0 7

=1 k=1
where Ny) [n] is the AWGN noise at the BS that has the same
statistics as Ng-p) [n].

We denote LS channel estiAmates obtained from the pilots
pu and ¢;, as h(l) [n] and hﬁz [n], respectively. Using (2)
and (7) and by using the fact that ¢;,[n] = e/ py, the LS
estimates can be straightforwardly obtained as [16]

B In] = By + Y By + WN@) mlp;  ®
1#5

h;?i[”} = Njju + Z hp, €70 =0in)
I#j

(r) * ,—J0jn
+poNy e ©)

In the following subsections, we describe both cases of com-
plete and diagonal matrix estimation using the aforementioned
LS channel estimates.

1) Estimation of R]']‘u.' Note that the second and third terms
in (8), corresponding to the interference and noise, respec-
tively, are independent of the second and third terms in (9).
Consequently, the cross-correlation of hﬁl[n] and hfi[n]
can be easily shown to be same as the covariance matrix
R;j, [16]. Therefore, we can use the following unbiased
Hermitian-symmetric sample cross-covariance matrix as an
estimate for Rjju

R H
Rjju = 2N Z h;;i[” (hﬁi ["L})

H
2N Zhiiz ] (B0

As Nr — o0, one can show that the estimated covariance
matrix converges in probability to the true covariance matrix,

R P
1.€., Rjju —
Npr—o00

(10)

R ;.. However, this unbiased covariance

estimator does not guarantee positive diagonal elements for
finite Nr. Therefore, we consider a regularized estimate for
the covariance matrix given by

Rjju = arRyju + (1 — ar)Ry (1)

where Ry, is an arbitrary symmetric positive definite bias-
matrix, and a g is a design parameter. Additionally, it is useful
to deﬁne R”u to denote the expected value of Rj, as
R]Ju = ]E{R gu} = OéRR gju (]. — OéR)Rb.

2) Estimation of S;j;,: For element-wise LMMSE-type
estimation, it is sufficient to estimate the diagonal matrix
S;ju. Therefore, we use an unbiased Hermitian-symmetric
covariance estimate Sjju (similar to f{jju) as follows

[Sjju]pp

- 2N ® Z[ Sl (3 ]

VYpel...M. (12)

2 1 *
o S 662l 68,

n=1
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A regularized estimate for S;;, is given by

Siju = arSjju + (1 — ag)diag(Ry). (13)

We define S,;, as the expected value of S, Sjju 2
E{S;ju} = arSjju + (1 — ag)diag(Ry), for future use.

In summary, the BS needs to compute channel covariance
matrices for each set of 7 coherence blocks in order to
obtain the LMMSE-type/element-wise LMMSE-type channel
estimates in each coherence block within the set.

III. AVERAGE UL AND DL SPECTRAL EFFICIENCIES
AS PERFORMANCE METRIC

In order to analyze the performance of the covariance
estimation algorithm in a massive MIMO system, we derive a
closed-form expression for a performance metric that captures
the impact of pilot overhead. Clearly, the performance of
a massive MIMO system directly depends on the quality
of channel covariance estimates. In the literature [14]-[16],
the achievable SE value is typically computed for a single set
of 74 coherence blocks as a function of the estimated covari-
ance matrices corresponding to that set. Such an SE value
corresponding to a single realization of covariance matrices
is particularly important for designing practical receivers but
does not clearly capture the impact of covariance estimation.
Therefore, we consider average SE computed across different
realizations of the covariance matrices (ensemble average) as
the performance metric. We derive closed-form expressions
for average SE for both UL and DL data for LMMSE-type
and element-wise LMMSE-type channel estimation.* Note that
the maximum ratio combining corresponds to a lower SE
value when compared to LMMSE combining [10]. Moreover,
the aim of the average SE-based performance metric derived
in this paper is to capture the impact pilot overhead but not
to present an achievable rate. Therefore, we use matched filter
precoding and maximum ratio combining for deriving the SE
expressions in the DL and UL communication, respectively.

A. Uplink Spectral Efficiency

In this section, the average SE for the UL channel of a target
user (j,u) is derived when the channel estimates are used
in a maximum ratio combiner at the BS. For the maximum
ratio combiner, the combining vector vj, [n] can be written as
Viuln] = hjju[n] = W, hES [n], where

i 1’17 LMMSE-type channel estimate

lAD element-wise LMMSE-type
channel estimate.

Jju[

UJ> ;U>

W, =

For the sake of mathematical tractability, we make the
following assumptions
o A]-ju (Sm) and qu (lf’ju) are each computed from
a different non-overlapping set of coherence blocks that
does not include n** block [15]. Consequently, the ran-
dom variables Rjju/Sijus Qju/Pju, and h]LJi[ n] are
mutually uncorrelated.

4Note that, [14]-[16] utilize numerically computed average rate as a
performance measure for covariance matrix estimation method.
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o For the LMMSE-type channel estimate, Ng is assumed
greater than M, so that the distribution of Q]“ is
non-degenerate inverse Wishart.

The received combined signal is given by

viLyi = VEE{VIL by,

+ V(b — B{VE B2

+> 0 Vaviihg
k#u

+ ZZ\F hjag +viin,  (14)
1#75 k=1

In (14), the first term corresponds to the signal component,
the second term is a result of the uncertainty in the array
gain, the third term corresponds to the non-coherent intra-
cell interference, the fourth term corresponds to the coherent
interference from pilot contamination, and the last term corre-
sponds to the additive noise component. Since the first term is
uncorrelated with the subsequent terms, a lower bound on SE
of the UL channel from user (j,u) to BS j can be obtained
as [15]

(u P NgP (u .
where 'y( s given by
"y(UI) |E{V§{Lhﬁ“}‘2
" BV — E{VR P+ B Vi)

and the expectation E{-} is over the channel realizations.
In the pre-log factor, P/C,, accounts for ChEst pilots, and
NprP/Cy7s accounts fOI‘ACOVESt pilots. However, since we
assume that W, and h’5[n] are mutually independent,
we have E{-} = Ew{E;rs{-}}, where Ey is the expectation
over Wju, and IE},L@ is the expectation over the LS estimate.

Let R, 2 Z Z Ryjiy. + ;L Then, the signal to interference

plus noise ratlo (SINR) expression can be further simplified
to (15) [15], as shown at the bottom of the next page.

B. Uplink Spectral Efficiency When Wju =R j_quij]

In this subsection, expressions for all the terms given in (15)
are derived for the case when Wju = f{jju 1“ In what
follows, Er{-} represents the expectation over R;., Eq{-}
represents the expectation over Q; jus and Ey{-} represents
the expectation over both Ry;,, and Q. It should be noted
that, as already mentioned, we have assumed that R;, and
Q‘ju are estimated from different pilot resources (coherence
blocks) such that the estimates are independent to each other.
Therefore, Er{-} and Eg{-} can be evaluated independently.

Before analytically deriving the expectations for the terms
in (15), we present some useful lemmas.

Lemma 1: Given an arbitrary matrix A €

for any mutually independent M-dimensional random vector
h distributed as CN'(0,R), we have

E{hh Ahh”} = RAR + Rtr(AR)

(CJ\/IXIW, and

a7)
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E{|h Ah’} = |[tr(A¥R)]? + tr(ARAFR). (18)

Proof: The proof is available in Appendix A. |

Lemma 2: Given a Hermitian matrix C € CM>*M  qn arbi-

trary matrix A € CM*M " and a complex Wishart matrix,
X € CM*M_ distributed as W(N, 1), we have

_ 1],
B{X "y} = ot (19)
_ (T35 (Xae + (Tej [T
E{X 11X} = =5 ;“DM : (20)
E{tr(X2C)} = al (C) @I
T r
(N—M)3—(N—-M)
[tr(A)]” + xtyrtr(AAY)
E{|tr(X1A)]?} = N_M 22
{ler(X 1 4)[2} T 22)
Proof: The proof is available in Appendix B. |
Lemma 3: Given an arbitrary matrix A € CM*M ye have
E{R,;;uAR;;.}
= RjjuARjju
1 1
+ mq.futr(Aqu) + ijjutr(ARjju) (23)

E{[tr(R;uA)[*}
= [r(Ry;uA)[?

1
+ m {tI‘(AQ]'uAHQ]’u) + tI‘(ARjjuAHRjju)}

24
Proof: The proof of this lemma uses Lemma 1 and is
presented in Appendix C. |

Now we are ready to formulate the key theorem of this

subsection. R
. Theprem 1: The numerator term of (15) when W, =
Rj]'qu_ul is given by
Ew {tr(WHRjju)}
= tr(WHR;ju)

Ng _

N {NQ “ T (WiR) — tr(wﬁtR‘jju)} (25)

The first and second terms of the denominator in (15) are
given by

Ew{tr(wqujUWﬁLRs)}
= tr(Wqu_;‘uW]I'{LRS)
+ {H1tr(wququﬁxRS) - tr(wj"Qj“Wﬁ‘RS)
2
O[ K1 apki
+ 2% Mtr(RsQjy) + 2}]%\73 tr(Wju)tr(Rstju)}

(26)

and (16), as shown at the bottom of the next page, respectively.

Here, Kl = NQng/(NQ ]V[) P N3 /((Ng—M)*—1),

W]u = JJquu and W, & R]luQJu foralll=1to L.
Proof: We define a matrix Qj,, as

Qju 2 No(Q,,7Q;uQ;0). @7
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It can be that qu is
i €., W(NQ, )
Using (27) and the fact that WJU = R“uQ

ator term of (15) can be written as

seen Wishart  distributed,

o the numer-

Ew {tr(W/R;;.)}

= NQ]EW{tr(Q]u Q]u Q]u RJ?’“R]J“)} (28)

Taking direct expectation over Rj]‘u in (28) and also using
Lemma 2, (25) can be obtained.

Proof of (26) and (16) is as follows. Substituting
W]u = ]JuQ . into the first and second terms in the
denominator of (15) and using Lemma 2, we get the following
equations

Ew {tr(W;,Q;u W/ R,)}
= mEr{tr(Q), RjjuR:Ryju)} (29
Ew {[tr(W/L Rj1)*}
= K2ER{\tr(Q]u1f{ﬁuRﬂu)\2}
+N_ER{tr(Q RJJu ]lu ]JUQ/u)} (30)

Then using Lemma 3, and substituting (11) into (29)
and (30), we get (26) and (16), respectively. [ ]
Note that the expectation terms given in Theorem 1 contain
two components: (i) the component that corresponds to known
covariance information (first term of the right-hand side of
the equations) and (ii) a penalty component (all terms except
the first term of the right-hand side of the equations) due to
regularization of R, estimate and due to imperfect channel
covariance information. Note that for ap = 1, and as N and
Ng tend to infinity, the penalty components of the expectation
terms vanish.

C. Uplink Spectral Efficiency When Wju = S]Juf’;j

In this subsection, we present the derivations for all the
terms given in (15) when W, ju = SJ]uP7 In what follows,
Es{-} represents the expectation over S;;,, Ep{-} represents
the expectation over lf’ju, and Eyy {-} represents the expecta-
tion over both S, and Pj,.

Before analytically deriving the expectations for the terms
in (15), we present some useful lemmas.

IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 69, NO. 12, DECEMBER 2021

Lemma 4: Given a zero mean complex Gaussian 2 x 1
random vector h = [hy, ho|T with covariance matrix

we can state that B{|h1|?|ha|?} = r11792 + r12721.
Proof: The proof of this lemma is straight forward to
obtain and we omit it due to lack of space. u
Lemma 5: Given arbitrary matrices A; € CMxM,
Ay e CMXM A ¢ CM*XM " and a matrix Y = Z/2, where
Z is a diagonal matrix whose elements are i.i.d. x* random
variables with 2N -degrees of freedom (N > 2), we have

E{tl‘(YilAlYilAg)} = Tltl'(AlAQ) + TQtr(AldA2d)
(3D

E{|tr(YtA)|?} = 7i|tr(A)]? + mtr(AF Ay) (32)

where T £ 1/(N—=1)2 7 e 71/(N —=2), A1q N diag(Ay),
Aoy 2 diag(Ay), and Ay = diag(A).
Proof: The proof is available in Appendix D. |
Lemma 6: Given an arbitrary matrix A € CM*M and an
arbitrary diagonal matrix D € RM*M  then

E{SjjuASj]‘“} = SjjuASjju + —A [e) qu (o} qu
2Ng

1
+ mA o Rjju © Rjju
E{|tr(S;;uD)[*} = Itr(SjjuD)\2

M M

ZZ (Qju © Qju)D],,,

plql
M M

oD

plql

(33)

Rjju o Rjju)D]

raq

(34

Proof: The proof is available in Appendix E. |

Now we are ready to formulate the key theorem of this
subsection.

Theorem 2: The

W]u = S]Jquu is given by

Ew {tr(W/R;j.)}

= tr(wjuRjju)
No

- { No-1)'

numerator — term  of when

(15)

tr(WH R, ;) — tr(WH R”u)} (35)

Ju Ju

u [Ew {tr(WH R j)} |2
7 = — 7 > - (15)
Ew {tr(W;.Q;u WER,)} + ]; Ew {|tr(WE R 1) 2} — [Ew {tr(WHR;,)}?

Euw {tr(WR1)[2) = [tr(WILR 1) + {mtr(WﬁRﬂu)P e (W R )+ L2

ok
2NR

Q%Hl
2NoNr

+

K
(Wi Ryju WHR ) + ——tr

ir (Wju>tr<w3,quuRjju>}

SN, tr(Wi, Qe W Qju)

(W W5 Qi W Wi Quu) + 5t Mir(W5,Q3,)

QNQ

(16)
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The first and second terms of the denominator in (15)
are given by (36) and (37), as shown at the bottom of
the next page, respectively, where k3 = Né/(NQ -1)%
Ky = &3/(NQ —2), S £ diag(Ry), W, 2 Sjj“P]-_ul and
W, 2 SjluP foralll=1to L.

Proof: We define the diagonal matrix f’ju as follows

f)ju £ NQ(PJTI P )

(39)

It can be seen that the elements of 2P ju are ii.d. x? random
variables with 2.V- degrees of freedom. U%mg (39) and the fact
that W]u = S]JuP the numerator term of (15) can be

Ju>

written as
IEW{U( RJJU)}
= NQEW{U( 1P SJJuRJJu)}
M ~ R
= Ng Z EP{[Pj_ul}w}ES{[Pj_ulsjjuRjjur]pp}- (40)
p=1

Taking direct expectation over Sjju in (40) and using the
properties of inverse x? distribution, (35) can be obtained.
Proof of (36) and (37) is as follows. Substituting W, =

S] ]uP and (39) into the first and second denominator terms
of (15) and using Lemma 5, we get the following equations
Ew {tr(W;,Qu Wi R,)}
= r3Es{tr(P}, qu 1SJJuR Suu)}
+ H4E5{tr(P_;u1Sjjusssjju)} 5))
Ew {[tr(W L, Rjiu)[*}
= “3ES{|“(P SJJuSJlu)| }
+ raBs{tr(P;,78%,85,)}- 42)

Then using Lemma 6 and substituting (13) into (41)
and (42), we get (36) and (37), respectively. [ ]
Similar to Theorem 1, the penalty components of the expec-
tation terms given in Theorem 2 also vanish if ap = 1, and
as Nr and Ng tend to infinity.

D. Downlink Spectral Efficiency

The DL
is given in

spectral
this

efficiency  for user  (j,u)
section for a matched filter
hyju[n]/\/E{[u[n]]?} =
IE{HVAVNhL5 [n]||?}. Therefore,

Jiu
can be written as

precoder ie.,
LS
Jlth77u
signal at user (j,u)

Zju = \/—E{bﬁh]ju}dju

the received

+\f(bﬁ, jiu —E{bH hjju})dju

+ Z \/— hjji)d
k#u

+ Z Z \/— jlk dlk + €ju- (43)
1#5 k=1

Here, we assume that the scalar in the denominator of the

precoding vector, 1/ E{|[h;;, [12]]|2}, is a known constant at the
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BS. The first term in (43) corresponds to the desired signal
component, the second term corresponds to the uncertainty in
the DL transmit array gain, the third term corresponds to the
non-coherent intra-cell interference, the coherent interference
from pilot contamination given by the fourth term, and the
last term represents the additive noise component. The second
term in (43) corresponds to the uncertainty in the DL transmit
array gain. Then, due to the similarity between the UL received
combined signal in (14) to the DL received signal, a lower
bound on DL channel SE of the user (j,u) can be easily
shown to be

SE(dl) log, <1+’y(dl)

ju

) [bits/s/Hz),

(dD)

where Yu is given by (38), as shown at the bottom of

L K
the next page, and Rgd” DY R i,,. We utilize channel

reciprocity and avoid the use l&f%ﬁpilots. Consequently, there
is no pre-log factor for the SE expression. The expectation
taken in all the terms of (38) is over the random matrix
W]u However, Wju = R]JUQN for the LMMSE-type
channel estimation and W ; ju = S] JuP;u for the element-wise
LMMSE-type channel estimation. These expectation terms are
already presented in Theorems 1, and 2 for the LMMSE-type,
and element-wise LMMSE- ty%)e respectively. Furthermore,
R, should be replaced by R’ in computing the expectation

terms.

IV. MAIN DISCUSSION: IMPACT OF PILOT OVERHEAD
AND CHANNEL ESTIMATION

Based on the closed-form SE expressions derived in the
previous section, we have established a direct relation between
the average SE value and the parameters Np and Ng.
Thus, we discuss here the impact of these parameters on
the SE corresponding to the LMMSE-type and element-wise
LMMSE-type channel estimation. We also address the ques-
tion of how to choose between LMMSE-type and element-wise
LMMSE-type channel estimations.

It can be noted from the expectation terms in Theorems 1
and 2 that the penalty components due to imperfect covariance
information gradually vanish with an increase in Np and
Ngq., but the penalty due to the regularization remains finite.
Furthermore, if [[W;, — W, ||/[[Wju|| < 1 (e, if ag is
close to 1), one can state that these expectation terms converge
to the values that correspond to the known covariance case.
However, despite leading to an improvement in 'y](.zl) (due to
convergence of the expected values), an increase in N also
causes a degradation in the pre-log factor of the derived UL
SE expression. Therefore, the choice of Ng impacts UL SE
in two ways: (i) smaller the value of N, higher the error in
covariance estimation and hence lower the value of UL SE
and (ii) larger the value of Ng, higher the consumption of UL
resources and hence lower the value of UL SE. Whereas, due
to the absence of DL pilots, the DL SE does not degrade with
an increase in Ng; it gradually rises to the DL SE value that
corresponds to the known covariance case. Larger Ng makes
both the UL and DL SE better due to the improved estimates
of Q,y (or Pj,). Therefore, given an SE requirement, the aim
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here is to choose minimum Np and Ng values that are
sufficient to provide the desired SE.

Since estimating Q;,, (or Pj,) does not involve additional
pilot transmission, choosing N¢ is not as critical as choosing
Ng. Therefore, if we consider Ng as known, it is also
important to derive Ny values that make the LMMSE-type
channel estimation preferable to the element-wise
LMMSE-type one, and vice-versa. By comparing the
UL/DL SINR values (in (15) or (38)) for the two channel
estimation techniques, we can compute a threshold, N,
such that the element-wise LMMSE-type estimator is
preferable if Nr < Ng, and the LMMSE-type estimator is
preferable otherwise. Note that Ny is different for UL and
DL covariance estimation. It can be obtained by equating the
SINR expressions for the LMMSE-type and element-wise
LMMSE-type channel estimation techniques (for UL and DL)
and solving the corresponding equation for Ny. After some
straight forward algebra, Ny can be obtained in the form

- fe—ah
Np =
R ag — fb
where b, ¢, g and h are given at the bottom of the next page
along with the following parameters

(44)

Ng . ?
a = mtr(vvjuRm)

No " ?
f = ((NQ o 1) ( JIIR_jju)>

. o B R,, for UL
.~ disg(R.): R, {Rgdw, for DL
0, for UL
=11 frpL
X7 or .

Note that Np is a function of Ng which can take any
real value. Thus, if Ny is negative for some value of Ng,
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it means, for that particular choice of N, there is no valid Np
that makes the LMMSE-type channel estimation preferable.
Consequently, using (44), we can also compute a threshold
for Ng below which element-wise LMMSE-type channel
estimation is always preferred. However, deriving a theoretical
expression for such a threshold is extremely difficult. It can
be easily computed numerically.

Therefore, the closed-form expressions for average UL
and DL SE, for the LMMSE-type and element-wise
LMMSE-type channel estimation methods serve as tools for
choosing different design parameters, and also as a tool for
choosing a preferred channel estimation technique. In practice,
with approximate models of the covariance matrix of an
individual user in a massive MIMO system, the derived expres-
sions for average SE enables us to choose these parameters for
the desired UL and DL SE values.

In what follows, we validate the derived theoretical SE
expressions with simulated SE obtained by averaging over
multiple realizations of random covariance estimation matri-
ces. Then, we compare the theoretical SE expressions with
the SE expressions that correspond to known covariance case.
Finally, we also depict the impact of Ny on the SE.

V. SIMULATION RESULTS

We consider a massive MIMO system with L = 7 cells,
each comprising a BS with M = 100 antennas and K = 10
users. The BSs are at a distance of 300 m apart from each
other, and the users are uniformly spaced at a distance of
120 m from the BS in their cells. The users that reuse the
same pilot in different cells are at the same position relative
to the corresponding BSs. The angular spread of the channel
cluster is assumed to be 20°, within which the received
paths from a user are assumed to be uniformly distributed.
We consider a 3GPP urban macro (UMa) [20] scenario with
a non-line-of-sight (N-LOS) channel for simulating the path
loss model. The mean path loss of the received signal from a

Ew {tr(W;,Q;u WL R,)}

= tr(W;uQ;u W/, R,) + {mgtr(WjUqungs

) —tr(W

ququ]I‘-iRs)

2N (P]u Q;uP;, ju {R ° Qju o Qju}t +P_]u Qiu {RS O Rjju OR.7.71L}> +f~14tr(W me Ss)
a% Ky %Ky
+ 2?’\7 tI‘(SSP]‘u) + 2}]?VR tl‘(WjuSSSjju)} (36)
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user that is at a distance d ( in m) from the BS is given as
PL(f,d) = 32.4420logy, (f/1 GHz) + 301ogyo(dsp/1 m),
where dsp = /d?*+ (hps — hyr)? m, f is the carrier
frequency, hpg is the height of a BS in m, and hyp is the
height of a UE in m. Therefore, the mean received SNR,
in dB, is given by SNR = Ppr—PL—10log,(kT,B) — NF,
where Pr is the transmit power, k is the Boltzmann constant,
Ty = 290 K is the nominal temperature, B is the signal
bandwidth, and N F' is the noise figure in dB. In this setup,
we consider f = 3.4 GHz, Pr = 6 dBm, B = 40 MHz,
NF =10 dB, hps = 25 m, and hyr = 1.5 m which results
in the mean SNR of the received signal from a user that is at
a distance d from the BS to be given by 46.93 —301log; dsp.
The number of symbols that are dedicated for UL transmis-
sion within each coherence block is chosen to be C,, = 100
symbols. We choose the number of symbols used for the
ChEst (and also the CovEst) pilot to be P = 10. Second-order
statistics of the channel are assumed to be constant for 74 =
25000 coherence blocks, and the UL transmit power is u = 1,
and the DL transmit power is A = 10. Additionally, we choose
ar = 0.95, and R, = I. Sample averaging for all the
expectation terms is computed using 2000 trials for different
values of Np = {125,250, 500, 1000, 2000, 4000, 8000}.

A. Uplink Spectral Efficiency

For this simulation example, we consider the UL SE
expressions that correspond to the two channel estimation
techniques: LMMSE-type channel estimation and the element-
wise LMMSE-type channel estimation, each in combination
with two beamforming techniques, which are MRC and ZF
combining.’ In Fig. 3, we plot the SE as a function of Ng
for the two aforementioned channel estimation techniques and
beamforming techniques. Fig. 3(a) depicts the SE values for
N¢q = 125 and Fig. 3(b) shows SE values for Ngo = 4000.
In both the subplots, we present SE values corresponding to
known covariance matrices and theoretical SE values (only
for the MRC combining case) as well as simulated SE values

SIn practice, ZF is a good choice for beamforming [21].
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corresponding to the two channel estimation techniques that
use the estimated covariance matrices.

In Fig. 3, it can be noticed that the theoretical SE, cor-
responding to LMMSE-type channel estimation and MRC
combining, initially rises with Ny to approach the SE that
corresponds to LMMSE channel estimation, followed by a
drop in the theoretical SE at Ny = 8000. In contrast,
the theoretical SE, corresponding to element-wise LMMSE-
type channel estimation and MRC combining, approaches the
SE corresponding to element-wise LMMSE channel estima-
tion for Ng value as low as 125 and reaches its maximum at
Npr = 500. Then, the theoretical SE reduces linearly with
a further increase in Np as the pilot overhead increases.
Moreover, the simulated SEs match the theoretical values
for both the channel estimation techniques tested, thereby
validating the derivations presented in the paper.

The initial rise of the theoretical SEs is due to the improve-
ment in the covariance estimates caused by the increase in
the number of samples for estimation. However, a further
increase in N results in a drop in UL SEs due to the pre-log
factor. Despite the improvement in estimation quality of the
covariance matrices, the SEs drop because of the consumption
of UL resources for the additional CovEst pilots. This validates
the theoretical analysis done in Section IV. Moreover, it should
be noted that the LMMSE should always perform better than
element-wise LMMSE as the correlation between antenna
elements’ channels are ignored in element-wise LMMSE.
However, due to imperfect covariance information, element-
wise LMMSE-type is not necessarily better than LMMSE-
type. Specifically, element-wise LMMSE-type is expected to
outperform the LMMSE-type when Ny < Ng.

It can be seen from Fig. 3(a) and Fig. 3(b) that using
element-wise LMMSE channel estimation instead of LMMSE
channel estimation leads to a drop in SE. However, it is evident
that the element-wise LMMSE-type channel estimation com-
pletely outperforms the LMMSE-type channel estimation for
all the Ny values and for Ng = 125. It can also be noted that
even for Ng = 4000, the element-wise LMMSE-type channel
estimation outperforms the LMMSE-type channel estimation

Ju
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Fig. 3. UL SE for different channel estimation techniques.

for Nr = 125. Moreover, for Ng = 4000, Npg given in
Section IV matches exactly with the Ny value for which the
LMMSE-type and element-wise LMMSE-type channel esti-
mations have the same performance. Therefore, the minimum
SE guaranteed for a massive MIMO system with imperfect
covariance information is the SE provided by the element-wise
LMMSE channel estimator.® This SE can be achieved by using
element-wise LMMSE-type channel estimation with very low
values of N and N, and with low computational complexity.
From simulations, we also observe the threshold value for Nq
to be 263, such that for Ng < 263, element-wise LMMSE-
type channel estimation always outperforms LMMSE-type
channel estimation.

In Fig. 3, it can also be seen that the SE simulation curves
corresponding to ZF combining behave similarly to the case
of MRC combining. ZF combining performs well only for

Note that the objective is to have N and N as low as possible for
guaranteeing a desired SE.
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the larger number of pilots (Ng = 4000 and Nr > 500)
and needs additional computational complexity, but it does
not significantly improve the performance of element-wise
LMMSE channel estimation and it gives only marginally better
performance than that corresponding to MRC combining.
Moreover, for Ng = 4000, the SE curve for LMMSE-type
channel estimation crosses the SE for element-wise LMMSE-
type channel estimation closer to the Ny value theoretically
computed for MRC combining (44). For large Np and Ng
values, ZF combining outperforms MRC combining. This is
due to better covariance estimates. Therefore, the SE expres-
sions derived in this paper serve as conservative bounds for
an achievable spectral efficiency of the system considered.

B. Downlink Spectral Efficiency

Similar to the UL example, in this simulation example,
we consider the DL SE expressions that correspond to the two
channel estimation techniques: LMMSE-type channel estima-
tion and the element-wise LMMSE-type channel estimation,
each in combination with two beamforming techniques, which
are matched filter precoding and ZF precoding. In Fig. 4,
we plot the SE as a function of Ny for the two aforementioned
channel estimation techniques. Fig. 4(a) depicts the SE values
for Ng = 125, and Fig. 4(b) shows SE values for Ng = 4000.
We perform a study on these plots similar to the study done
in Subsection V-A.

It can be observed from Fig. 4 that the DL SE plots are
similar to the plots in Subsection V-A. However, unlike in
UL SE, an increase in Np does not result in a drop in
SE as there is no pilot overhead in DL. The simulated SEs
match the theoretical values for both the channel estimation
techniques used, thereby validating the derivations presented in
the paper. Moreover, for Ng = 4000, N given in Section IV
matches exactly with the Ny value for which LMMSE-type
and element-wise LMMSE-type channel estimations have the
same performance. From Fig. 4(a) and Fig. 4(b), the minimum
DL SE guaranteed for a massive MIMO system with imperfect
covariance information is the SE provided by element-wise
LMMSE channel estimator. This SE can be achieved by using
element-wise LMMSE-type channel estimation with very low
values of Ni and Ng, with low computational complexity.
From simulations, we also compute the threshold value for Nq
to be 272, such that for Ng < 272, element-wise LMMSE-
type channel estimation always outperforms LMMSE-type
channel estimation.

It can also be noticed from Fig. 4 that the SE simulation
curves corresponding to ZF precoding behave similarly to the
case of matched filter precoding. ZF precoding performs well
only for the larger number of pilots (Ng = 4000 and Np >
500) and needs additional computational complexity, but it
does not significantly improve the performance corresponding
to element-wise LMMSE channel estimation, and it gives
only marginally better performance than that corresponding
to matched filter precoding. Moreover, for No = 4000,
the SE curve for LMMSE-type channel estimation crosses the
SE for element-wise LMMSE-type channel estimation closer
to the Nk value theoretically computed for matched filter
precoding (44). For large Ny and Ng values, ZF precoding
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Fig. 4. DL SE for different channel estimation techniques.

outperforms the matched filter precoding. This is due to better
covariance estimates. Therefore, the SE expressions derived
in this paper serve as conservative bounds for an achievable
spectral efficiency of the system considered.

VI. CONCLUSION

We have derived closed-form expressions for average UL
and DL SEs of a massive MIMO system that implements
MRC and matched filter precoder, respectively, as a function
of Np and Ng, which represent the UL pilot overhead.
These combiners use channel estimates that utilize estimated
covariance matrices in addition to channel observations. The
LMMSE-type and element-wise LMMSE-type channel esti-
mates have been considered. Using theoretical analysis of
these closed-form expressions as well as simulation results,
we have demonstrated the impact of different values of Np
and Ng on SEs of a user in a massive MIMO system,
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thereby presenting the closed-form expressions as the tools for
solving the problem of choosing these parameters optimally.
Based on numerical study, we have demonstrated that the
ZF beamforming does not significantly improve the SE for
the case of element-wise LMMSE-type channel estimation.
It is useful for the case of LMMSE-type channel estimation
but at the cost of large pilot overhead and computational
complexity. Furthermore, we have shown that the choice of
pilot overhead made based on the LS beamforming serves as
a more conservative result than for the ZF beamforming case,
but accurate and very useful estimate of the pilot overhead.
Finally, we have shown that the element-wise LMMSE-type
channel estimator with very low N and Ng and with simple
LS combiner provides the minimum SE guarantee with low
computational complexity.

APPENDIX A
PROOF OF LEMMA 1

Let us start with a proof of (17). Let the rank of the covari-
ance matrix of h, R, be K. Then, we denote A € RE*X jga
diagonal matrix containing positive eigenvalues of R and U €
RM>K is a matrix containing K eigenvectors corresponding
to eigenvalues. Now, let us also define B L UAY2 e CMXK,
Then, there exists a unique g € CX such that h = Bg
and E{gg} = I Therefore, we have E{hh” Ahh?} =
BE{gg” Agg” B where A 2 B AB. However, since g
is distributed as CA/(0,1), the term E{gg” Agg”} can be
evaluated as follows

K K
E{lgg” Agg")} = D D E{lelilel;leldle]; Al

_ J Al ifi+j
[A]; +tr(A) otherwise

and E{gg”Agg’} = A + Itr(A). Therefore,
E{hh” Ahh"} = RAR + Rtr(AR).

Proof of (18) is as follows. We first compute
that E{|h Ah[?} E{h" Ahh7 Afh} =

E{tr(Ahh®” A#hh'!)}. Using (17), we have E{|h” Ah|?} =
[tr(AFR)|? + tr(ARAHR).

APPENDIX B
PROOF OF LEMMA 2

Proof of (19) and (20) is given in [22].

Using the eigenvalue decomposition of C = UAUH R
let us define X £ UYXU. It should be noted that X is
distributed as W(N, I). Then, (21) can be proved as follows.
First, we compute the following expectation term.

M

E{tr(X"?C)} = E{tr(X2A)} = Y [E{X"?}ii[Al;

i=1

But from (20), we have

M N

; (N—M)®—(N - M)
N

oo = ™©

IE{tr(XﬂC)} (Al
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For (21), we expand E{|tr(X~

E{[tr(X"'A)*}
M M M M

=3 S S S X X A (AT

p=1qg=1r=1s=1

= Z ]E{[Xﬁl]pp[xil}pp}[A]pP[AH}pP

Z Z E{[(X (X
p=1s=1,s#p

M M
+Y D E{X X s ALp[A ]
p=1s=1,s#p

Using (20), the above equation can be further simplified
to (22).

LA)|?} using (20) as follows.

s AL A,

APPENDIX C
PROOF OF LEMMA 3

Let us define a pair of mutually independent random vectors
as follows.

1 el
gyl £ B35 ) -
The covariance matrices for g(!)[n] and g(®[n] are iden-

tically equal to Qj, — R;j,. Additionally, we also define
mutually independent set of matrices

B ) (), () + B [n] (), ()

for all n € {1...Ng} such that Rj;, = N SN Ryjuln]
by definition (i.e., (10)).

Using the definition of gﬁl[n] and g”u [n], and also using
Lemma 1, it can be shown that, for all n = {1...Ng},
we have

. . 1
E{Rjjuln]AR;ju[n]} = RjjuARjju + 5 Qyutr(AQju)

h® [n] — hy;

7Ju7 g];) [n} ”u Jju

Rjju [”]

1
+ §Rj]~utr(AR]~ju)

. 1
Rjju[n]A)*} = \tr(RjjuA)\2+5tr(AquAHqu)

(45)
E{|tr(
+ %tr(ARj]-uAH Rjju)- (46)

Rjju =
result in (23)

Finally, along with the equation
= V0L Ryjuln), (45) and (46) will
and (24), respectively.

APPENDIX D
PROOF OF LEMMA 5
Since Y = Z/2, and the elements of the diagonal matrix
Z are x? distributed with 2N degrees of freedom, we have

E{[Y~! },,p} =2E{[Z7"],p} = 1/(N-1)and E{[Y '], } =
4E{[Z7']3,} = 1/(N = 1)(N - 2).
Using the above results, (31) can be derived as follows
E{tr(YilAlYilAg)}
< ) Z Z Al]pq[A2]qP
p=1q#p
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M

1
+ CENLED) ;[Al]pp[Aﬂpp
= Tltr(AlAz) + thr(AldAQd)
where 71 2 1/(N — 1)2, m» 2 1/(N — 1)*(N — 2)),

Ay £ diag(Ay), and Agy £ diag(As).
In what follows, proof of (32) is presented

_1222 pp ‘1‘1

p=1q#p

M
+m;\wm2

A)]? + mtr(AFAY)

E{|tr(Y ™' A)[*}

= 7’1|tr(

where Ay £ diag(A).

APPENDIX E
PROOF OF LEMMA 6

Let us define a pair of mutually independent random vectors
as follows.

1 2 2
g]721,[ ] h§7zt[n] ]Ju’ g§721,[ } hg;zz ]_h

The covariance matrices for g]]) [n] and g;J)u[n]
are identically equal to Qj, — Rjju.

Jju

Additionally,
we also define mutually independent set of matrices as
S5uln) & diag(hyj, (] (B33 n)) " + B, [n](hiiz[m)H) for
allm € {1...Ng} such that S;;, = ~ Z Sjjuln] by
definition (i.e., (12)).

Using the definitions of g [n] and g( ) .[n] together with
Lemma 1 (for scalar case), and Lemma 4 it can be shown
that

E{[Sjju}pp[éjju]qq}
= E{‘[hjju]p|2|[hjju}q‘2}

1 1

+ 5 [Rjju}pq[qu - Rjju]qp + 5[qu - Rjju]pq[Rjju]qp
1

+51Qu — Ryjulpa|Qju — Ryjulap

1
+ 5 [iju}pq [Q]‘jU]pq

= [SjJ'U]pp[SJ’ju]qq

1
+ 5 [Rjju}pq [Rjju]pq'

Therefore, we have
E{[SjuAS;julpe}
= [Alp{[Sjiulpp[Sijulas +
+ 3[Ryl Rl

E{[tx(S,;.D)|*}
M M

1
Z {[Sjju]pp[sjju]qq + §[qu]pq[qu}pq

=1q¢=1

1
3 [Rjju}pq [R]'ju}pq } [D}pp [D} aq

1
5 [iju}pq [iju}pq
47)
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M M
= [tr(S;.D)* + Z > [ID(Qju © Qju) Dy
p 1g=1
1 M M
ts3 Z Z D(Rjju o Rjju)Dlpg- (48)
Fmal]y, along with the equation S”u =
N anl ”u[n] (47) and (48) will result in (33) and (34)

respectively.
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Abstract—The downlink power control is challenging in a cell-
free massive multiple-input multiple-output (CFmMIMO) system
because of the non-convexity of the problem. This paper proposes
a computationally efficient deep-learning algorithm to solve the
max-min power control optimization problem subject to power
constraints. To solve this problem, it presents an attention neural
network(ANN) composed using the masked multi-head attention
network modules, which are building blocks of the popular
transformer neural network. The ANN solves the downlink
power control problem of CFmMIMO in the presence of pilot
contamination (non-orthogonal pilot sequences). The paper first
translates the constrained optimization problem to an uncon-
strained one parameterized by the weights of the ANN. These
weights are trained in an unsupervised fashion. The performance
of the ANN power control algorithm is demonstrated using
numerical simulations. The paper also provides a computational
complexity analysis of the method.

I. INTRODUCTION

Cell-free massive multiple-input multiple-output (CFm-
MIMO) performs multiuser multiple-input multiple-output
(MIMO) communications across distributed antennas or ac-
cess points (APs). Decentralizing the antennas improves chan-
nel orthogonality and provides higher rates than colocated
antennas, thanks to the differences in path loss between
the users [1]-[7]. The time-division duplex (TDD) based
CFmMIMO system with a large number of distributed an-
tennas cooperating to serve a fewer number of users has
been proposed in [8]. The CFmMIMO provides uniformly
good service throughout the area of coverage. However, an
efficient uplink/downlink power control algorithm is essential
for achieving uniformly good service to all the users. Power
control in CFmMMIMO is challenging in general because of the
computational complexity involved in solving the non-convex
max-min fairness maximization problem [8], [9]. Specifically,
designing a computationally efficient power control algorithm
for the downlink signal at the central processing unit (CPU)
is very challenging for CFmMIMO because of the number
of optimization parameters involved in the downlink power
control [9].

There are several methods for solving the power control
problem using optimization or machine learning approaches.
In order to achieve uniformly good spectral efficiency across
the users, the power control algorithm proposed in [8] uses bi-
section search and a sequence of second-order cone program-
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ming problems to find a solution. The algorithms in [10]-[13]
use different second-order optimization techniques to solve
the power control problem. Furthermore, a computationally
efficient first-order optimization method called the accelerated
proximal gradient method (APG) is proposed in [9].

Given the effectiveness of deep learning algorithms in
computationally intense applications in communications [14]—
[17], a study on the role of deep learning solutions for power
control in CFmMIMO is essential. A fully connected neural
network (FCN) for uplink power control of a CFmMIMO
system is proposed in [18]—[20] while it is proposed for the
more challenging case of downlink power control in [20]-[24].
Due to many optimization parameters involved, designing
and training a scalable FCN for solving downlink power
control is very challenging. Therefore, the deep-learning al-
gorithms in the literature consider a CFmMIMO system with
utmost 30 the number of APs and 12 number of users.
Furthermore, these deep-learning algorithms made a simplistic
assumption of having non-orthogonal pilots, causing no pilot
contamination. Nevertheless, the authors in [22] propose an
elegant convolutional neural network (CNN) algorithm for
uplink power control in a CFmMIMO system that allows
non-orthogonal pilots. Therefore, designing a computationally
efficient deep-learning algorithm for downlink power control
of a CFmMIMO system that allows non-orthogonal pilots is
indispensable.

In this paper, we propose an attention neural network
(ANN) composed using the masked multi-head attention net-
work (MMHAN) modules, which are building blocks of the
popular transformer neural network [25]. The ANN also takes
pilot allocation information as input to compute the downlink
power control coefficients along with the large-scale fading
coefficients. We solve the max-min fairness maximization
problem with power constraints by training the ANN in an
unsupervised fashion. The power constraints are included in
the optimization objective using a log-barrier approach. To
the best of our knowledge, this is the first paper that solves a
constrained downlink power control problem in a CFmMIMO
system that allows non-orthogonal pilots. The motivation for
the proposed algorithm is as follows.

« Beyond FCN: The power control problem considered

in [18]-[21], [23], [24] accepts a 2-D fading coefficient
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matrix as input to compute the optimal power control
coefficients. The dimensions of this fading coefficient
matrix are given by the number of APs x the number of
users. This fading coefficient matrix is flattened before
feeding to an FCN, leading to a loss of the inherent
structure in the input matrix. Correlation information
between the columns of the fading coefficient matrix is
particularly important in the case of pilot contamination.
MMHAN modules in the ANN network proposed in this
paper use the structure in this 2-D matrix by extracting
the “attention” matrix (number of users x the number
of users). It captures the relation between the fading
coefficient vectors corresponding to two different users
(columns of the 2-D matrix).

« Non-orthogonal pilots: The masking feature in
MMHAN also allows us to feed the mask input to the
network. In this paper, we use this feature to feed the
pilot allocation information to MMHAN modules. We
calculate an interference matrix determined by all the
users’ allocated pilot sequences and feed this matrix as
the mask. Therefore, the final power control coefficients
are computed based on the user channel correlations and
pilot interferences. To the best of our knowledge, there
is no deep-learning algorithm for the downlink power
control problem that allows non-orthogonal pilots.

« Scalable algorithm: The hyper-parameters of ANN only
depend upon the number of APs but not on the number
of users. Therefore, ANN requires a fewer number of
trainable parameters and smaller CPU memory than
FCN. This allowed us to simulate the downlink power
control for a medium-scale CFmMIMO network with 100
APs and 20 users.

II. SYSTEM MODEL

We consider a TDD CFmMIMO system where M APs
serve K users in a large coverage area. Each user’s transceiver
is equipped with a single antenna, and each AP’s transceiver
is equipped with IV antennas. We assume perfect synchroniza-
tion and a narrowband channel.

The APs coordinate with each other through a front-
haul network and a CPU. The APs perform uplink channel
estimation, uplink beamforming, and downlink beamforming
operations. Along with the uplink symbol detection, the CPU
performs slow rate baseband processing like pilot allocation,
power control, and AP selection.

Each AP uses uplink training to estimate its uplink channel
from all the users. The channel is assumed to be reciprocal
so that the APs use the estimated uplink channel for uplink
and downlink beamforming.

A. Channel Model

The channel from the k" user to the m** AP is modeled
as Gk = /37171/162 h,,;, where (3., is the corresponding large-
scale fading coefficient and h,,, € CV is the vector of small-
scale fading coefficients at each antenna of the AP (h,,x
is distributed as CA(0,1I)). The channel is assumed to be

constant within a coherence block (a block of time-frequency
resources) of size 7 symbols. The TDD CFmMIMO system
performs uplink training, uplink data transmission, and down-
link data transmission within every coherence block. Since
this paper focuses on designing a computationally efficient
downlink power control algorithm, we limit our system model
description to uplink training and downlink data transmission.
We refer the readers to [8] for a detailed description of the
complete system model.

B. Uplink Training and Channel Estimation

Let 7, (K 7) be the number of symbols dedicated
for the pilot transmission in each coherence block, and
V¥ € C7™ be the pilot sequence transmitted by the
k" user, such that ||, |2 = 1. Let {, be the transmit signal
to noise ratio (SNR) of each pilot symbol and Z,, ,,, € CN*mp
be the noise matrix whose elements are independently and
identically distributed as CA/(0, 1). Then, the uplink received
signal at the m*® AP is given by

K
Rm, =V Cpr Z gm/i’lpz + Zp,m,-
i=1

Assuming that the large-scale fading coefficients are known
at the APs and the CPU, the MMSE estimate of the channel
between the k" user and the m*" AP can be straightforwardly

shown to be
vV Cpr 'mk

R, ¢} (@)
L+ Gomp R Bl 2

g'rnk: =
and

2
Vink = E(|@mi[n]l?) = oo

1+ Cpr Zszl /jmz|¢f{¢k‘2

is the mean square value of the nt" element in g,,;. Note that
Vmi 18 the same for all the antenna elements 1 < n < N.

C. Downlink Data Transmission

Here, we consider the matched filter beamforming. Let the
downlink payload data symbol to the k** user be c;, such that
E{|ek|} = 1. Let {4 be the maximum transmit SNR of each
data symbol normalized to the noise power, and f,,; be the
power control coefficient of the signal targeted to the ‘" user
from the m?* AP. Then, the beamformed downlink signal at
the m*" AP is constructed as

Xm:\/ai

K
Hmi A4

EmiCi-
i—1 vV Vmi

th

Note that the total tra%smit power at the m
E{|[xm|3} = CalN 352y iy

Let 24, be the noise signal distributed as CA/(0, 1). Then,
the received signal at the k" user is given by

AP is given by

M
=Y 8l Xm + Zdm- ©)

m=1
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We now present the downlink spectral efficiency of a user in
the CFmMIMO system. Let us define y,, a [m1s s k]
as the vector of power control coefficients associated with
the m!" AP, and the matrix of all power control coeffi-
cients as M £ [u],--- ,u},]T. Note that the power con-
trol coefficients are positive real numbers that satisfy the
downlink power constraint E{||x,, |3} < (g4, or equivalently,
lenl3 = S, u2, < 1/N, where 1 < m < M. We
define Dy, as a diagonal matrix whose m'" diagonal element
is v/Bk» a [t14, -+, pari] T is the vector of power control

coefficients associated with the it" user, and
A Tk Bk Bur "
Vik = Wlklﬁﬂ V'V y sV VMG .
Bi Bari

Using the well know use-and-then-forget capacity bounding
technique in the mMIMO and CFmMIMO literature [8]-[10],
[26], we can derive the following signal to interference and
noise ratio (SINR), and a lower bound on downlink spectral
efficiency (bits/s/Hz) of the k** user!.

~ Ca(Bpvin)®
'Yk(M)iC ZK (BTvi )2 K iy g2 L
A2 et iz (B V)2 + 55 20 Dril3 + w2
3)
SEM) = (1= ) log, (1 + 7. (M) @

D. Problem Statement

We assume that the slowly varying large-scale fading
coefficients are known at the APs and the CPU. It is
shown in [8] that the CFmMIMO provides uniformly good
service to all the users by using max-min power control.
Therefore, we now formulate the max-min fairness maxi-
mization problem for the downlink power control subject
to power constraints [|p,,[3 < 4,1 < m < M. Let
S2IMM > 0;||p,[3 < L,1 <m < M}. Then, the con-
strained max-min fairness downlink power control problem
can be formulated as

maximize min SEy(M)
M 1<k<K (3)
subject to M e S.

Successive convex approximation (SCA) has been the stan-
dard technique for such types of quasi-convex problems.
Such convex problems are solved using off-the-shelf second-
order methods like interior point methods. In order to reduce
the computational complexity involved in the second-order
methods used in SCA solvers, the first-order APG method is
proposed in [9] to solve the optimization problem efficiently.
In the following section, we propose an ANN-based unsu-
pervised learning method to further reduce the computational
complexity in performing the downlink power control.

The downlink spectral efficiency for a similar setup is derived in multiple
CFmMIMO papers. So, we omit the derivation and refer the readers to [9],
[10].

III. ANN-BASED UNSUPERVISED LEARNING POWER
CONTROL
The objective function of the constrained optimization prob-
lem (5) is non-differentiable. In this section, we first translate
the constrained optimization problem to an unconstrained
one with a differentiable objective function. Subsequently, we
present the ANN algorithm.

A. Problem Reformulation

Let the large-scale fading coefficients matrix be

611 e BIK

>

B Q)

B B

Let ® be the K x K interference matrix whose (i, k) element
is given by ®;;, & [T 4p¥|?. Note that v, and hence SEj, are
functions that depend on B and ®. Therefore, we represent
the spectral efficiency function as SEj (B, ®, M). The utility
function that needs to be maximized can be defined as

K
UB, & M, 119) & _iln (fl( Zexp (=\SEL(B, <I>,M))>
k=1

R 1
IR
0

Note that we employ the well-known log-barrier approach
to ensure that the power constraints are met, and 7 is a
regularization parameter that can be designed empirically.
Furthermore, we convert the hard-minimum objective function
in (5) to a soft-minimum function such that the optimization
algorithm can acquire gradients, and A is the smoothening
parameter. We introduce an arbitrary optimization parameter
Lo to avoid numerical issues (u% can be seen as a slack vari-
able). The corresponding unconstrained optimization problem
can be written as

maximize
M, po

1 (1 E
-y ?Zexp(*)\SEk(Ba(}vM))

k
" M 1
S ILICTNCEV
®
B. ANN formulation

1) An Overview of MMHAN: In their seminal work [25],
the authors introduced the popular transformer neural network
for performing natural language translation. They employ
the attention mechanism to extract the coherence between
the input vectors corresponding to the words in a sentence.
The transformer neural network is composed using two vi-
tal building blocks: a multi-head attention-network module
(MHAN) and an MMHAN module. These modules extract
the coherence between the words (termed “self-attention’)
to accomplish the translation task. Compared to MHAN,
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MMHAN performs additional masking functionality to ensure
the causality of the translation work in that specific applica-
tion. This paper uses the MMHAN module for building ANN
to perform the downlink power control.

Here, we describe the mathematical representation of an
MMHAN module. As the name suggests, MMHAN performs
the attention mechanism using multiple heads of identical
operations. Let the number of heads be H such that M is
an integer multiple of H (M = HD). Let X € RE*M be the
input matrix to MMHAN and Y € RE*M be the output. The
MMHAN module also takes a K x K mask matrix as input.
In this paper, we consider ® as the mask matrix. The input
matrix X is split into H matrices and fed as input to each
head of MMHAN. The outputs of each head are concatenated
to form the output matrix Y. The input and output matrices
of the head h (1 < h < H) are given by

(h)y  _
Xiomy = Xip(men-nypy) 1 <k<K,1<m<D
Y}Qm} =Y,m+tn—1yp)y 1<k K, 1<m<D.

Then, the output of the head h is computed as follows

Y = softmax(® ® A)V )
where A = QKT/\/T), Q _ X(h,)Wgz)’

K = X(h)WE?), and V = X(h)Wif'). Here, ® represents
the elementwise matrix multiplication. Note that Wg), W%),
and Wg/h ) are trainable parameters (matrices of dimension
D x D). Finally, we represent the mathematical relation
between the input and output matrices of the MMHAN as
the following

Y = fu(X, 2, W)

where W is the set of all trainable matrices corresponding
to all the heads of MMHAN.

2) ANN structure: Using the MMHAN module described
in the above subsection, we first define an attention layer
which is used for composing ANN. Fig. 1 depicts the structure
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of the attention layer. Let X be the input and Z be the output
of an attention layer. The relation between input and output of
the layer can be mathematically represented using following

Y = fu(X, 2, Wyy)

Y = LayerNorm1(X + Y, W;)
Y = FF(Y, W,)

Z = LayerNorm2(Y + Y, W3)

where, the FF is a feed forward neural network operates with
one hidden layer with D,,in = 4M number of hidden units
with rectified linear unit activation. Wy, represent the weights
of the feed-forward network. This feed-forward network op-
erates row-wise, i.e., the feed forward operation of the same
network is applied on all the rows. Note that the attention layer
uses two layer-normalization layers with trainable parameters
W; and Ws5. Y and Y are intermediate outputs.

Now, we propose an ANN network composed of 3 attention
layers taking the same mask matrix given by ® as input. Fig. 2
depicts the ANN architecture.

C. ANN for the Downlink Power Control

Let the preprocessed input matrix be B 2 InBT, where the
logarithm operation is performed element-wise. Consider an
ANN algorithm that takes B as input and outputs the power
control coefficient matrix M.

Let us model the power control coefficient matrix as a
function of B parameterized by the weights W' as

M = fann(B, 2, W). (10)

D. Unsupervised Learning

A data-driven approach for efficiently solving the power
control problem for a CFmMIMO system is the following.
Assuming that B is a random matrix that follows an unknown
distribution, in this approach, the optimization problem can be
reformulated as

maximize Eg
W, no

[U(B,@,f(B,@,W),,LO)} .an
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Fig. 3. ANN base power control algorithm.

Assume that the AP placement and the path loss model are
given. Then, to solve the optimization problem, for a given
AP placement and path loss model, we generate a large set of
P fading coefficient matrices given by

{B® e RY*K1 <p <P}

corresponding to P uniform random placements of the K
users. Furthermore, we consider that each user picks a random
pilot sequence from a set of K orthogonal pilots. Using an
off-the-shelf ADAM optimizer, we train the ANN (learn the
parameters W) by maximizing the empirical average of the
utility function. According to the law of large numbers, the
empirical average approaches the ensemble average of the
utility function and solves the problem in (11). Fig. 3 depicts
the ANN-based power control algorithm setup used in this
paper.

Although training of this network involves a high com-
putational cost, the computational cost in the deployment
phase is O(M?K + HD?K + HDK?) since it involves only
one forward pass of the ANN. This is a significant saving
compared to state-of-the-art algorithms. For example, the most
computationally efficient state-of-the-art optimization-based
method, that is, the APG method [9], solves the problem with
the computational cost of O(MK?) per iteration, and the
number of iterations for such type of first-order methods is
thousands to tens or even hundreds of thousands. Therefore,
with appropriate neural network training, the computational
complexity of a power control algorithm can be significantly
reduced compared to conventional optimization algorithms.

IV. SIMULATIONS

Consider a CFmMIMO system with M = 100 APs and
K = 20 users. Each AP consists of a single antenna (/N = 1).
All the APs are spread over an area of D x D km? where
D = 1. The lengths of the coherence interval and of the
pilot training are 7 = 200 symbols and 7, = 20 symbols,
respectively.

Assume for the noise that Ny = 9 dB and the power
spectral density No = —173.98 dBm/Hz. The bandwidth of
the channel is BW = 20 MHz. Then, the total noise power
is given by P, = BW10NotNs=30)/10 W Therefore, we
consider the transmit SNR of the uplink pilot and the downlink
data as (, = 0.2/P, and {4 = 1/P,, respectively.

For the entire simulations, the AP locations are fixed while
P samples of B’s are generated by varying the user locations.
Let d,,,;; be the distance between the m!" AP and the k' user
in [km]. Consider also a three-slope path loss model, in which
PLy = —L—15logo(d1) — 201og,o(d.,,) is the path loss

Algorithm | Run-time (in secs)
EPA 0.000074705
APG 2.875497515
FCN 0.001639365
ANN 0.003220985

ABLET
RUN-TIME

(in [dB]) of the channel between the m!* AP and the k*" user,
where

do i < do
ok = S Ak do < i < da (12)
dl dmk > dl-

Finally, we model the large-scale fading coefficient (in [dB])
of the channel between the m'" AP and the k*" user as
Bmk = PLpi + Zmk, where z,,,; represents shadow fading
that follows the normal distribution with mean 0 and variance
Ufh. Using similar setup as in [8], choose L = 140.72 dB,
dop = 0.01 km, d; = 0.05 km, and o4, = 8 dB.

The ANN is trained using P = 32000 samples of B.
Let the learning rate be equal 10~%. The batch size is 16.
In our simulations, choose 7 = 107° and A = 3. After
training the ANN, a set of 200 samples of B are used to
test the performance of the trained network. Fig. 4 shows
the comparison of the performance of the trained ANN with
that of the simple equal power allocation (EPA) algorithm,
FCN, and the APG algorithm. The figure plots the empirical
cumulative distribution function (CDF) of per-user spectral
efficiency in the network. Furthermore, Table I shows the
average computational time required for each algorithm. The
ANN-based algorithm clearly outperforms the EPA algorithm.
Note that the FCN does not mee the performance of the EPA
algorithm. This is due to the introduction of non-orthogonal
pilots, and FCN is ignorant of this information. Note that the
proposed ANN algorithm approaches the performance of the
APG with a great reduction in computational time (with proper
fine-tuning, we might reach the performance of APG. We plan
this for the final draft). Therefore, we can conclude that ANN
significantly reduces the computational complexity of power
allocation at the cost of a slight degradation in the average
spectral efficiency of the users in the system.

V. CONCLUSION

The problem of allocating optimal downlink power control
coefficients for a CFmMIMO system has been formulated as
an unconstrained optimization problem using a log-barrier ap-
proach. An ANN network is proposed for solving the max-min
fairness optimization problem by training it in an unsupervised
fashion such that the expected utility function is maximized.
Using simulation results, we have demonstrated that the ANN
algorithm approaches the state-of-the-art APG power control
algorithm’s performance and significantly reduces computa-
tional complexity. This is achieved by extracting correlation
in large-scale fading coefficient vectors of different users and
also by providing a way to deal with non-orthogonal pilots.
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Abstract—Learning-based downlink power control in cell-free
massive multiple-input multiple-output (CFmMIMO) systems of-
fers a promising alternative to conventional iterative optimization
algorithms, which are computationally intensive due to online
iterative steps. However, existing learning-based methods often
fail to exploit the intrinsic structure of channel data and neglect
pilot allocation information, leading to suboptimal performance,
especially in large-scale networks with many users. This paper
introduces the pilot contamination-aware power control (PAPC)
transformer neural network, a novel approach that integrates
pilot allocation data into the network, effectively handling pilot
contamination scenarios. PAPC employs the attention mecha-
nism with a custom masking technique to utilize structural
information and pilot data. The architecture includes tailored
preprocessing and post-processing stages for efficient feature
extraction and adherence to power constraints. Trained in an
unsupervised learning framework, PAPC is evaluated against the
accelerated proximal gradient (APG) algorithm, showing compa-
rable spectral efficiency fairness performance while significantly
improving computational efficiency. Simulations demonstrate
PAPC’s superior performance over fully connected networks
(FCNs) that lack pilot information, its scalability to large-
scale CFmMIMO networks, and its computational efficiency
improvement over APG. Additionally, by employing padding
techniques, PAPC adapts to the dynamically varying number
of users without retraining.

Index Terms—Large-Scale Cell-Free Massive MIMO (CFm-
MIMO), Pilot Contamination, Transformer Neural Network,
Pilot contamination-Aware Power Control (PAPC), Generative
Pretrained Transformer (GPT), Bidirectional encoder Represen-
tations from Transformers (BERT), Downlink Power Control,
Deep Learning.

I. INTRODUCTION

Base station (BS) coordination eliminates inter-cell interfer-
ence and allows multi-user massive multiple-input multiple-
output (MIMO) to serve users distributed over a large geo-
graphic area. Such coordination has been explored to increase
per-user data rates and spectral efficiency (SE) of systems that
are referred in the literature by different (not equivalent but
having some incommon features) terms such as distributed
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multi-user MIMO antenna systems [1, 2], cloud radio access
networks (cloud RANSs) [3, 4], and cell-free massive MIMO
(CFmMIMO) systems [5—-8] as used in this paper.

To fully leverage the benefits of BS coordination, so-
phisticated pilot allocation and power control algorithms are
essential. These algorithms face significant computational
complexities due to the centralized signal processing tasks
required at a central processor [9-11]. Specifically, designing
a downlink power control algorithm involves a large number
of optimization parameters, posing a significant obstacle in the
development of CFmMMIMO infrastructure [5, 12]. Addressing
non-convex optimization problems is the core challenge.

Power control algorithms in CFmMIMO typically em-
ploy various objective functions and second-order interior-
point methods for optimization [5, 13-15]. For instance, the
max-min fairness optimization was tackled using bisection
search methods and second-order cone feasibility problems
in [5]. Similarly, energy efficiency maximization was ad-
dressed through successive convex approximation techniques
in [13, 14], which were also applied to the max-min fairness
problem in [15].

The scalability of second-order interior-point methods for
power control in CFmMIMO systems remains a key challenge
[12, 15-18]. Two strategies have been proposed to address
this issue: user-centric approaches [15-17] and first-order
power control algorithms [12, 18], both offering reduced
complexity. The user-centric approach enhances efficiency
by grouping BSs and setting large-scale fading coefficients
between users and non-group BSs to zero, thereby reducing
the computational burden. On the other hand, first-order meth-
ods reduce computational complexity by employing efficient
solvers while operating on network-wide large-scale fading
information without BS grouping, similar to second-order
methods.

A. Related literature

The shift from second-order to first-order methods like
accelerated projected gradient (APG) [12] aimed to improve
scalability, but computational challenges persisted due to
reliance on online iterative solvers, especially in large-scale
networks. User-centric approaches also employed similar on-
line solvers.

To overcome these challenges, learning-based solutions
were introduced. Trained offline to reduce complexity during



inference, these methods map the input large-scale fading
coefficients directly to output power control coefficients. This
eliminates online iterative solvers, reducing computational
complexity [19-38].

Various learning-based solutions were proposed for uplink
and downlink power control in CFmMIMO systems [19-35].
A fully connected network (FCN) in an unsupervised learning
setup was introduced in [19-21] for uplink power control with
different objectives. A long short-term memory network was
proposed in [22] under supervised learning, while FCNs were
explored in [23, 24]. Reinforcement learning (RL) variants
were proposed in [25-28]. For downlink power control, un-
supervised FCN solutions were studied in [29, 30], and an
RL solution was explored in [31]. Both uplink and downlink
were addressed by unsupervised FCN in [32]. Supervised
convolutional neural network (CNN)-based solutions were
proposed in [33, 34], and a graph neural network (GNN)-based
solution for downlink appeared in [35]. These algorithms
commonly assumed orthogonal pilots and contamination-free
environments.

The studies in [36-38] proposed deep learning solutions
that considered pilot contamination scenarios during testing.
A distributed unsupervised FCN for downlink power control
was introduced in [36], while a similar solution for both uplink
and downlink was presented in [37]. In [38], a distributed RL
solution for downlink power control was proposed. Although
these models were tested with pilot contamination, they did
not fully address pilot contamination during training or model
design.

The effectiveness of neural network architectures for down-
link power control depends on how they handle network-
wide large-scale fading coefficients. FCN methods flatten
the large-scale fading coefficient matrix (number of BSs X
number of users), losing key associations between BSs and
users. While CNN-based methods [33, 34] preserve the matrix
structure, their use is debatable since these matrices lack the
localized clustering seen in natural images. In contrast, the
GNN architecture in [35] effectively leverages the structural
information, providing a better solution for power control.

Pilot contamination remains a key challenge despite ad-
vancements in learning-based downlink power control meth-
ods. Ignoring pilot contamination limits the power control
algorithms to small-scale CFmMIMO systems, restricting the
number of users and impeding scalability due to the limited
number of available orthogonal pilots. None of the methods
discussed, including the GNN, directly address pilot contam-
ination, often assuming ideal conditions. Unlike traditional
optimization techniques, learning-based solutions lack explicit
handling of pilot contamination, revealing a gap in addressing
this issue while preserving the structure in the channel.

B. Contributions

This paper introduces a novel Pilot contamination-Aware
Power Control (PAPC) transformer neural network designed
for downlink power control in a CFmMIMO network. PAPC
leverages the large-scale fading coefficient matrix and a newly
formulated matrix representation of pilot allocation informa-
tion to map these inputs directly to power control coefficients.

It is trained in an unsupervised fashion to maximize the em-
pirical smoothed-minimum per-user spectral efficiency under
power constraints, using modified transformer blocks with
additional preprocessing and postprocessing modules. During
inference, the model addresses the max-min fairness downlink
power control problem. Training and testing are conducted
in a time-division duplexed (TDD) CFmMIMO system with
minimum mean square error channel estimation (MMSE) and
matched filter downlink beamforming.! The contributions of
this paper are summarized as follows.

« Attention mechanism for exploiting inter-user rela-
tionships: The proposed PAPC transformer preserves the
structural integrity of the network-wide two-dimensional
large-scale fading coefficient matrix, avoiding the com-
mon pitfall of the flattening operation that can destroy
crucial inter-user relationships. The attention mechanism
in the transformer blocks of PAPC plays a vital role in
extracting these relationships among the users. By doing
so, it effectively learns to handle the dynamics of the
propagation environment.

« Modification of transformer blocks to incorporate
pilot contamination matrix: Without utilizing prior in-
formation from the pilot allocation algorithm, the power
control algorithm’s effectiveness is compromised. To
address this, the standard transformer blocks are modified
with a novel masking mechanism that incorporates the
pilot contamination matrix into the neural network. This
integration allows the PAPC to efficiently handle pilot
contamination scenarios and provide enhanced inference
accuracy in both contaminated and uncontaminated en-
vironments.

« Enhancing accuracy with preprocessing and postpro-
cessing stages: The PAPC model’s accuracy is enhanced
by adding preprocessing and postprocessing stages. Pre-
processing increases input dimensionality, allowing the
model to learn richer features from each user’s large-scale
fading coefficients. Postprocessing adjusts the output
power control coefficients back to the desired dimension-
ality while ensuring the compliance to power constraints.

« Enabling adaptability: The customized architecture of
the postprocessing module, combined with padding tech-
niques, allows the PAPC to handle varying numbers of
users. This customization enables the model to adapt
to different sizes of CFmMIMO without requiring a
redesign or retraining.

o Scalability through reduced hyperparameters: The
PAPC transformer’s hyperparameters depend only on the
number of BSs, unlike the FCN model, which also de-
pends on the number of users. This reduction in hyperpa-
rameters enhances the scalability and efficiency in large
CFmMIMO networks. The model’s pilot contamination
awareness also makes it suitable for handling a large
number of users in these networks. The scalability of the
PAPC model has been validated through extensive testing

IThe model should be adaptable to other techniques and optimization
objectives, though this is not directly tested in this work as it is outside
of the scope.



in large-scale CFmMIMO settings with up to 100 APs
and 80 users.”

« Benchmarking against advanced algorithms: The per-
formance of the PAPC model is validated against the
network-wide first-order APG method from [12]. Known
for its computational efficiency, the APG method con-
verged about 100 times faster in large-scale CFmMIMO
systems, similar to those in this paper, compared to
second-order methods. It serves as a strong benchmark
for assessing the PAPC model. By targeting comparable
performance to APG while significantly reducing compu-
tational complexity, the PAPC model demonstrates its po-
tential for enabling large-scale CFmMIMO deployments.

Compared with prior work on centralized and distributed
deep neural network (DNN)-based downlink power control
algorithms [29, 30, 32-37], PAPC not only leverages inter-
user relationships within the network-wide large-scale fading
coefficient matrix in a centralized manner but also accounts
for pilot contamination scenarios by incorporating pilot allo-
cation information. To the best of our knowledge, this is the
first work to propose DNN-based pilot contamination-aware
downlink power control algorithms in CFmMIMO.

An earlier development in this direction was presented in
a conference publication [39], but this paper significantly
improves upon it by enhancing accuracy through improved
feature extraction, introducing new preprocessing and post-
processing stages, and improved hyperparameter tuning.

C. Paper Organization

The paper is organized as follows. Section II introduces
the system model and provides the downlink SE expression
for CFmMIMO networks. Section III highlights challenges
in designing a DNN for downlink power control, particu-
larly addressing pilot contamination. Section IV describes the
proposed PAPC transformer architecture. Section V presents
numerical evaluations and comparisons, and Section VI con-
cludes the work with final observations.

D. Notation

The sets of real, positive real, and complex numbers are de-
noted by R, R, and C, respectively. Matrices are represented
using boldface capital letters, while vectors are indicated by
boldface lowercase letters. For matrix and vector operations,
the superscripts (-)*, (-)7, and (-) signify element-wise
conjugate, transpose, and Hermitian transpose operations. Ad-
ditionally, the symbol ® represents the Hadamard product, an
element-wise product of two matrices or vectors. Element-
specific operations are denoted as a; and a; ;, representing
the i element of vector a and (i,7)" element of matrix A,
respectively, and 1y represents a K dimensional vector of
ones. The function In(+) is used to denote the natural logarithm
operation. For statistical notation, N¢(m,c?) describes a
circularly symmetric complex Gaussian random variable with
mean vector m and variance 0. The norm || - || indicates

2We follow the characterization of large-scale CFmMIMO systems from
[37], where a system is categorized as large-scale if MK > 1000.

Fig. 1: Illustration of the CFmMIMO system with M dis-
tributed BSs, each equipped with N antennas, serving K
single-antenna users under the coordination of a CP. The
channel between BS m and user k is denoted by g,

the I norm of a vector, and E[-] denotes the mathematical
expectation of a random variable.

II. SYSTEM MODEL

Consider a fully synchronized time-division duplexed
(TDD) CFmMIMO system where M BSs, each with N
antennas, serve K single-antenna users (M > K). All the BSs
are connected to a central processor via a backhaul network
and they simultaneously serve all users using common time-
frequency resources, as depicted in Fig. 1.

Assuming block-fading channels that remain constant over
a coherence block of 7 symbols, the uplink channel from
the k™ user to the m™ BS is gmr = Bmkhme, where
Bmk is the large-scale fading coefficient and h,,; € CV is
the vector of small-scale fading coefficients with its elements
independent and identically distributed (i.i.d.) as N¢(0,1).
The large-scale fading coefficients (3,5, ¥m,k are constant
over many coherence blocks, while the small-scale fading
coefficients h,,;, Vm,k change each block. The large-scale
fading coefficients are assumed to be known at all the BS’s
and the central processor.

During the uplink training phase, users transmit pilot se-
quences of length 7, (1, < 7), where the k™ user’s pilot is
VTp¥i € C7 with |9, || = 1. For K > 7, due to limited
number of orthogonal pilots, the sequences are reused, causing
pilot contamination.

The transmit signal-to-noise ratio (SNR) per pilot symbol
is (p, and the additive white Gaussian noise (AWGN) at the
m™ BS is Zym € CN*7r with i.i.d. elements following the



distribution ANz (0,1). The received signal at the m™ BS is

K
Ry =G Z gmith; + Zpm-
i=1

It is sytaightforward to find that the MMSE estimate of the
channel between the k™ user and the m™ BS is

mﬁmk
1+ Cpr Zfil Bmv‘w'ﬁwkp

and the mean square value of each element in g, is

TP )
L+ Gy S0y Brlof i 2
which is uniform across all antenna elements n.

In the downlink data transmission phase, let the kh user’s
data symbol be cj, with E [|cg|%] = 1. Let (4 be the maximum
transmit SNR per data symbol, and p,,; be the power control
coefficient for the signal to the i user from the m™ BS. The
downlink transmit signal at the m™ BS is

Ry,

gmk =

E Ugmk[n] ‘2} =

Vmk =

Hmi 4 *

Cd Z &miC

Then, E [|[x]2] = ¢uN K, 42,; represents the transmit
power at the m™ BS. The downlink received signal at the k™"
user is

M
_ T
Tk = Z EmkXm + Zd,k-

m=1

where zq1, ~ N¢(0,1) is the AWGN noise.
Define a vector of power control coefficients for the k™"

user as ft, = [f1g--., 4k T, a diagonal matrix Dy, as
Dy, = diag(v/Bik, - - - , V/Bark), and a vector vy, € RM such
that
Bmk
Vlk[m} W’Mﬁ ‘\/ Vmi

mi
Using the use-and-then-forget bounding techmque, the signal-
to-interference-plus-noise ratio (SINR) for the k™ user is [12,
14]

_r 2
= Ca (o} ka) W

Z o (BT va)” + § ZHDW 12 + 5=

7.7ék
and a lower bound on the downlink SE (bits/s/Hz) is
T
SEx = (1= 2) logy(1+ ). ®
T

Define the large-scale fading coefficients matrix as B €
]RTXK. The element at position (m,k) of B is By,k. Let

m = [tm1s -+ tmi]T denote the power control coefficients
at the m™ BS. Define the matrix of all power control coeffi-
cients as

M1l MK NI
M=| ==k o p]
|75t UMK HJT\J

Then the SE is a function of power control coefficients and
pilots, while the large-scale fading coefficients are considered
fixed parameters that characterize the function. Given the
large-scale fading coefficients (matrix B), the central proces-
sor is responsible to perform optimal pilot allocation (compute
K pilots, 1)’s) and power control (compute matrix M).

III. CHALLENGES IN DNN-BASED POWER CONTROL
A. Need for Learning-based Approaches

Max-min fairness optimization approaches in downlink
power control aim to maximize the minimum SE across
users. These methods target maximizing the SE of the worst-
performing user to ensure fairness, while managing power
distribution and pilot allocation across the network. The APG
algorithm [5] is the state-of-the-art solution for power control
in large-scale CFmMIMO systems, efficiently handling power
control through a first-order accelerated method. Power con-
trol is subject to constraints that limit the total transmitted
power per BS, expressed using the set:

M >0,
1
S=<{M — . 4
el < 5 @
vme{l,...,M}

While traditional methods rely on iterative solvers, learning-
based approaches offer an alternative to mitigate the compu-
tational costs [19-38]. In supervised learning, large datasets
are used to train DNN models that approximate the unknown
function mapping inputs of the iterative algorithms to the
output power control coefficients. Despite lacking a closed-
form expression, learning-based methods can efficiently learn
this mapping through extensive training.

Unsupervised learning, unlike supervised methods, does not
rely on reference solutions generated by iterative algorithms.
Both approaches perform function approximation, but in un-
supervised learning, the DNN model approximates a different
unknown function: the one that models the relationship be-
tween the input of the model and power control coefficients
to directly maximize the minimum SE. The unsupervised
learning method, which is used in this paper, also reduces
the need for large amounts of labeled data.

B. Essential Inputs for Power Control Optimization

Efficient function approximation using DNN necessitates
a thorough understanding of the structural complexities in
B and the interdependencies between each user’s SE and
key variables, including pilot contamination dynamics and the
matrices B and M.

Consider the following two terms contributing to 2K?2
variables, with indices ¢ and k ranging from 1 to K:

ﬁm k

I‘Ll Vik = ‘wk w1

S

m=1

(5)
and

M
|Dra | = Z Fomi B (6)
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Fig. 2: Diagram of the unsupervised learning framework
for downlink power control in CFmMIMO. The DNN,
Fp(-,-; W), takes the large-scale fading coefficient matrix B
and the pilot allocation information ® as inputs to generate
the power control coefficients. The DNN is trained to gener-
ate these coefficients to minimize the average of the utility
function, u(-; ®,B).

From (1) and (2), the SE expressions for all users are com-
posed of these 2K 2 variables. Thus, their interplay determines

min SEj. To maximize min SEj, the DNN should learn
1<k<K 1<k<K

to generate the power control coefficient matrix M, which
determines the 2/K? control variables directly influencing the
minimum SE.

Let & € REXK represent the pilot allocation information,
where |1 972 is the element at (i, j) of ®, i.e., ¢; ;. From
(5), incorporating @ into the DNN is essential. Without it,
the DNN cannot generate M that can effectively control the
K? variables associated with ﬂZTVik. Similarly, equations (5)
and (6) underscore the importance of including B as input,
while equation (5) emphasizes the need to preserve inter-user
relationships between its columns, especially the element-wise
ratios. Therefore, the DNN should incorporate both ® and B
as inputs while preserving the structure of B.

C. Optimization Problem for DNN Training

Assuming pilot allocation is performed prior to power
control, and ® is available as input to the power control
algorithm, define an arbitrary DNN, Fp(-, -; W), that takes ®
and B as inputs, M = Fp(®,B; W), where W represents
the trainable parameters.

Since ® is known, unlike in Sec. II, the SE is now a function
solely of power control coefficients, while the large-scale
fading coefficients and pilots are considered fixed parameters
that characterize the function.

Assuming fixed BS placement and a path loss model, gen-
erate a set of large-scale fading coefficient matrices {B[P! €
]RTXK |p=1,..., P} for P random user placements, which
are then used by the pilot allocation algorithm to produce
(@ e RIK | p=1,...,P}.

Similar to the APG method in [5], consider a soft-minimum
utility function with smoothening parameter \ as:

K
. — 1 1 —Ase, (M;®,B)
u(M; ®,B) = —3n <Kkzle ® )

and the utility function for each sample as

WP (W) = u (FD@,M?BM;W); 4,@173@]) . ®

The DNN training finds the optimal weights W
1k
Wop = arg\fvnax B ; ulPl (W), “

=1

During inference, this aims to replace expensive solvers
for the max-min fairness problem, seeking the mapping
Fp(®,B; W) that achieves similar performance. The un-
supervised learning setup is depicted by Fig. 2.

D. Towards an Efficient DNN Design

The structure of the DNN, Fp(-,-; W), plays a crucial
role in achieving comparable performance to iterative solvers.
Its design is essential for effectively handling the function
approximation task. While FCN models are favored for their
universal approximation abilities, they require flattened B,
leading to convergence issues in large-scale systems. They
also fail to incorporate ®, limiting their use to smaller
systems. These limitations underscore the need for alterna-
tive architectures that preserve structural integrity of B and
effectively address pilot contamination, enabling scalability.

IV. THE PAPC TRANSFORMER
A. Overview of GPT

Introduced in [40], the transformer architecture has sig-
nificantly impacted the field of natural language processing
(NLP), enabling advancements in tasks such as machine trans-
lation, text summarization, and sentiment analysis. Among
the architectures inspired by this model, generative pre-
transformers (GPT) [41] stand out for their impact on language
generation. While the proposed neural network differs in
both purpose and training methodology from GPT, it shares
significant structural similarities. This subsection provides a
broad overview of GPT to lay the foundation for the proposed
network’s design.

GPT’s preprocessing involves tokenization, embedding, and
positional encoding. The input text is broken into tokens
(words or subwords), transformed into numerical vectors
through embedding to capture semantic features, and then
augmented with positional encoding to preserve the sequence
order. These encoded vectors are fed into GPT, which uses its
attention mechanisms to extract context-aware features and
perform tasks like next-token prediction.

At the core of GPT is the masked multi-head attention
(MMHA) mechanism, which captures dynamic interrelation-
ships among tokens by focusing on relevant parts of the
input sequence. Masking enforces causality, restricting the
model’s attention to the current and preceding tokens, sup-
porting GPT’s autoregressive nature. The multi-head structure
allows simultaneous exploration of token dependencies from
various perspectives, enhancing the model’s ability to generate
coherent text.

The GPT architecture consists of multiple blocks, each in-
tegrating MMHA with normalization layers and feed-forward
networks. These blocks sequentially process the input, refining
token representations to predict the next token accurately.
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Fig. 3: Preprocessing stage of the CFmMIMO power control
model. The input matrix B is transposed, log-transformed, and
mapped to a higher-dimensional representation Z(®) for use in
subsequent transformer blocks.

Although GPT was originally developed for language tasks,
its key features—attention and masking—can be adapted to
non-NLP applications such as power control. In this context,
the attention mechanism can model inter-user relationships
from input data like B, and the masking mechanism can be
adjusted to incorporate ® as input.

B. PAPC for Downlink Power Control

This paper proposes the PAPC transformer model, designed
to address the challenges of DNN-based downlink power
control in CFmMMIMO. Building upon the foundational prin-
ciples of transformer architectures like GPT, PAPC effectively
models the interactions between the columns of the large-scale
fading matrix B, representing the dynamic inter-user channel
dependencies. By learning these interdependencies, the model
computes power control coefficients. It incorporates pilot
allocation matrix ® using customized masking functionality.
The PAPC model and its core components are outlined here.

1) Layer Normalization: A customized layer normalization
technique is introduced as a fundamental unit of the PAPC
transformer, applied at several stages throughout the architec-
ture.

Layer normalization consists of two key steps: normaliza-
tion and feature-specific scaling and shifting. Let C represent
the input matrix, where each row is a feature vector of length
M corresponding to a user.

First, the normalization process computes the mean and
standard deviation across all elements of C. Each element
is then adjusted by subtracting the mean and dividing by the
standard deviation, resulting in C.

Next, feature-specific scaling and shifting are applied to the
normalized matrix C using the trainable vectors « and 3, both
of length M:

LayerNorm(C; W) = (1xa’) © C + 15",

where W, = {a, 3} represents the trainable parameters.

Unlike in GPT, where each input feature vector is nor-
malized independently, the PAPC transformer normalizes all
feature vectors together, preserving inter-user relationships.
Additionally, it applies feature-specific scaling and shifting
for greater flexibility across feature dimensions, unlike GPT’s
scalar-based approach.

2) Preprocessing Stage: The preprocessing stage of the
PAPC transformer is designed to prepare the input large-scale
fading coefficients matrix B for use within the transformer
architecture. The matrix is first transposed so that each row

corresponds to a user, allowing the model to treat each user’s
fading coefficients as a single unit. All the linear layers in the
transformer architecture are thus performed row-wise.

To handle the significant variation in the values of B, an
element-wise logarithm is applied. Each row of In(BT) is
linearly mapped into a higher-dimensional space of length
M (M > M), extracting a richer set of features. Layer
normalization is applied before and after the mapping to
ensure stable training. Let W p represent all the trainable pa-
rameters in this preprocessing step, then the output is denoted
as Z(©) = Fp(B; Wp). Fig 3 depicts this functionality.

In NLP models like GPT, preprocessing involves embed-
ding discrete tokens into continuous vectors and applying
positional encoding. In the PAPC transformer, each user’s
fading coefficients are treated similarly to tokens, with a linear
mapping analogous to the embedding step, transforming each
user’s vector into a higher-dimensional space. Semantic simi-
larity between tokens can be compared to channel similarities
between users. Since the user order is irrelevant, positional
encoding is omitted. The resulting matrix, yAQR provides a
rich representation of the propagation environment, similar to
the context in NLP applications.

The primary computational cost of a single forward pass
comes from the linear mapping, with complexity O(MMK).

3) MMHA: The MMHA module is the core building block
of the PAPC transformer. It processes input data across mul-
tiple attention heads and applies masking to capture dynamic
inter-user relationships. B

The MMHA module takes the matrix X € RE*M and the
mask matrix & € R¥*X a5 inputs and produces Y € RE*M
The module operates with H attention heads, where M is an
integer multiple of H (M = HD; H and D are integers).
The overall architecture of the MMHA module is illustrated
in Fig. 4.

As shown in Fig. 4a, for each attention head h, h =
1,---, H the input matrix X is transformed into three matri-
ces: Query (Q("'>), Key (K™), and Value (V(M), each of size
K x D, through separate linear transformations. Using these
three matrices as input to a scaled dot-product self-attention
mechanism, the head then computes the output matrix Y ().

The scaled dot-product self-attention mechanism, shown in
Fig. 4b, begins with the computation of attention scores:

sh) — Q(’L)(K(h))T/\/E7
followed by a masking operation:
S =8 o @,

The softmax function [42] is then applied row-wise to S
to generate the attention weights A("), and compute

Y®H) = APy (),

As shown in Fig. 4, the outputs from all H heads are
concatenated along the feature dimension and passed through
a linear layer to produce the final output Y, compactly
represented as Y = Fy (@, X; W), where Wy denotes all
the trainable parameters.
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Fig. 4: MMHA architecture in the PAPC transformer, processing the input through multiple attention heads combined with
masking feature to model inter-user relationships and handle pilot contamination.
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Fig. 5: The PAPC transformer block processes the input
using an MMHA and a feed-forward network, with residual
connections and layer normalizations.

In an attention head, each user’s output is computed as
a weighted combination of the feature vectors (rows) of the
Value matrix, with the contribution of each user’s input fea-
tures determined by data-driven attention weights. Rather than
manually crafting input features using element-wise ratios of
large-scale fading coefficients, as described in Section III-B,

these heads learn to capture the inter-user relationships from
the input data in the form of attention weights. These weights
are computed independently across multiple heads, allowing
the model to capture diverse relationships between users.

While GPT employs unidirectional attention for sequence
generation—where each token is influenced only by its pre-
ceding tokens—this is achieved through binary masking,
setting attention scores to —oo for future tokens to ensure
their attention weights are zero after the softmax. In contrast,
the PAPC transformer requires bidirectional attention, similar
to bidirectional encoder representations from transformers
(BERT) [43], to compute all rows of Y simultaneously,
thereby capturing inter-user relationships without sequence
dependency. Here, masking is not employed for controlling
directionality but rather for incorporating the matrix ®, which
reflects pilot allocation information, whose elements range
from 0 to 1. The MMHA in PAPC manages user relationships
and pilot contamination by integrating BERT’s bidirectional
attention with GPT-inspired masking.

In GPT, the MMHA module sets masked positions of
attention scores to —oo, whereas in the MMHA of PAPC,
zeros in @ lead to zeros in attention scores while resulting in
nonzero attention weights. Intuitively, a zero attention weight
is desirable for mutually uncontaminated pair of users, as
channel similarities among them is irrelevant. This counter-
intuitive design, while unexpected, has proven effective based
on extensive simulations.

The dominant cost during a single forward pass of MMHA
arises from computing the Query, Key, and Value matrices,



characterized by O(M?K).

4) The PAPC Transformer Block: The PAPC transformer
block processes the input matrix X and the mask matrix ®,
producing the output matrix Z through attention and feed-
forward operations, as shown in Fig. 5.

First, the MMHA module computes the intermediate matrix
Y as Fu(®,X; Wy ), where Wy, represents its trainable
parameters. A residual connection then adds the input X to
Y, and the result is normalized using layer normalization with
trainable parameters Wr,, yielding

Y = LayerNorm(X + Y; W, ).

Next, Y is passed through a feed-forward (FF) network with
one hidden layer, consisting of M units with rectified linear
unit (ReLU) activation [42]. It computes Y = FF(Y;Wrr)
with parameters W pr. Another residual connection adds Y
to Y, followed by layer normalization with parameters W,

to produce
Z = LayerNorm(Y + Y; Wrp,).

Distinct from the GPT architecture, the PAPC transformer
block incorporates the external mask matrix ¢ as an input
to MMHA.

The overall functionality of the PAPC transformer block
is compactly represented as Z = Fp(®,X;Wr), where
‘W denotes all the trainable parameters. The computational
complexity of the PAPC transformer block is dominated by
the MMHA and FF modules, with a complexity of O(M?K)
per forward pass.

5) Postprocessing Stage: The postprocessing stage is de-
signed for the PAPC transformer, consisting of L transformer
blocks that output Z(%) with dimensions K x M. The goal is
to convert Z(X) into power control coefficients M, using the
additional input ®, as shown in Fig. 6.

A linear mapping to M dimensions on each row of Z(%) is
applied:

M = Linear(Z"); Wo,),

where Wy, represents the trainable parameters. Let Wo,
denote the trainable parameters of a subsequent normalization
stage:

M = LayerNorm(M; W, ).

Next, the matrix M undergoes the following transformation:

M= /—ReLU(MT+6)

to ensure that each element of M remains bounded between
0 and 1, and initialized as small positive number.

The matrix M is then multiplied by the diagonalized
version of ®, represented as P = diagonalize(®), where the
off-diagonal elements of @ are set to zero. The final output

is obtained by projecting the result onto S:
M = Projs(M®). 10)

The projection operation Projg(-) is performed as a series of
per-BS projections, as outlined in [12].

Let W represent all the trainable parameters in the
postprocessing stage, then, the overall functionality can be
represented as M = Fo(®,Z("); Wo).

In summary , the linear mapping reduces the dimension-
ality to match the number of base stations A, while the
layer normalization ensures stability. The matrix transpose is
performed to align with the required M x K structure of
the final output. The ReLU and exponentiation ensure that
the elements of M are in [0, 1], while the scalar shift of
6 initializes these elements to small positive numbers. The
projection operation ensures that the final power control values
satisfy the necessary constraints. Finally, the multiplication of
M with the diagonalized ® enables the PAPC transformer to
flexibly handle a varying number of users avoiding a redesign.

To handle varying user counts (varying K feature), the
system supports up to Kyax users by padding. When
K < Kygax, B is padded with a small constant (e.g.,
6 -107'3) and ® with zeros. Combined with the matrix
multiplication of M and diagonalized ®, this ensures that
outputs for users beyond K remain zero, allowing the system,
designed for Kyax users, to adapt without a redesign.

The computational complexity of a forward pass is domi-
nated by the linear mapping layer, which has a complexity of
O(MMK).

6) PAPC Transformer Model Design: The PAPC trans-
former model consists of three main components: the input
preprocessing stage, a sequence of L PAPC transformer
blocks, and the postprocessing stage. It takes B as input
and produces the power control coefficient matrix M. Fig 7
represents the PAPC architecture.

As described in Section IV-B2, the preprocessing stage
generates Z(©) taking B as input. For [ ranging from 1
to L, the output of each transformer block is given by
Z0) = Fp(®,Z0-1; WL), where W is the trainable
parameters of the /™ block. The postprocessing stage takes
® and Z(P) as input to produce M. Note that all transformer
blocks, as well as the postprocessing stage, use the same mask
matrix ® as an additional input.

Assuming L < M and M is of order M, as observed
from the simulations, the computational complexity for a
single forward pass in the PAPC transformer is O(M?2K).
In contrast, the computational complexity of the APG is
O(M{MK?) [12], where M; is the number of iterations
and is comparable to M. This comparison underscores the
substantial computational advantage of the learning-based
PAPC transformer over the APG.

The PAPC transformer is compactly represented as

M = FPAPC(QyB; WPAPC))

with Wpapc as the trainable parameters. The transformer
Fpapc is trained to approximate the optimal mapping from
the large-scale fading matrix and the pilot allocation infor-
mation matrix to power control coefficients that maximize
the empirical average of smoothed minimum SE as given in
(9). By leveraging attention mechanism to capture structural
relationships in B and incorporating ®, it offers a scalable and
efficient solution for downlink power control in CFmMIMO
networks.
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Fig. 6: Postprocessing stage of the PAPC, converting the final transformer block’s output into power control coefficients through
a series of techniques to ensure necessary constraints and to support varying K feature.
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Fig. 7: PAPC transformer architecture using L PAPC trans-
former blocks. All the blocks and the postprocessing stage
incorporate ®.

7) Training the DNN: The PAPC is trained using the
PyTorch library, which automatically handles the backpropa-
gation.? The adaptive moment estimation (ADAM) optimizer
is employed, configured with parameters ({PAM = 0.9,
BHPAM — .98, and APAM = 1079, as suggested in [40].
Training is conducted over 16 epochs with mini-batches of
size 1024. A learning rate scheduler adjusts the learning rate
(lrare) based on the training step number ngep, as in [40]:

—-1.5 )

_ 05 s 0.5
lrate = d . mlH(nS‘ep > Tstep * Thwarmup

‘mod

an

where Nyamup 18 set to 4000, and dpeq depends on the model’s
size.

V. NUMERICAL RESULTS

A. Simulation Setup

The performance of the PAPC transformer in downlink
power control is evaluated in a CFmMIMO system with a
density of 1000 BSs per sq. km. Various scenarios with dif-
ferent numbers of BSs and users, where each BS is equipped
with N = 4 antennas, is considered. A wrap-around topology
is assumed to simulate a large area to avoid boundary effects.

The distance between the m™ BS and the k"™ user is
dmi [km]. A three-slope path loss model defines the path loss:

3We thank Andrei Palshin, Department of Information and Communica-
tions Engineering, Aalto University, for his invaluable support in training,
fine-tuning, and validating the deep learning models used in this work.

“In Section V, dpoq is set according to the simulation scenarios considered.
The complete implementation is available in the GitHub repository [44].

BS Density 1000 APs per sq. km.
Length of the coherence block 200 symbols
Length of the pilot sequence 20 symbols
Lo 140.72 dB
do 0.01 km
dy 0.05 km
Standard deviation of shadow fading (ogp,) 8 dB
Noise power spectral density No —173.98 dBm/Hz
BandWidth 20 MHz
Total Noise power at the receiver (FP) —91.97 dBm
Transmit SNR of uplink pilot (¢p) 1/Py
Transmit SNR of downlink data (Cg) 0.2/ Py
Smoothening parameter (\) 3

TABLE I: Simulation Setup Parameters

PLy, = —Lo — 15log;o(d1) — 201og4(d,,) [dB], where
d . is

do i < do
e = dmk do < dopp < da
d1 dmk > dl.

The large-scale fading coefficient of the corresponding chan-
nel is Bmp = PLyk + 2mi [dB], with 2,5 ~ NC(07 0521])
accounting for shadow fading. The parameters are set as
Lo = 140.72 dB, dy = 0.01 km, d; = 0.05 km, and
osh = 8 dB, following [5].

The noise power is P, = BW10WotNs=30)/10 [y,
Assuming a noise figure of Ny = 9 dB, the noise power
spectral density Ny = —173.98 dBm/Hz, and a channel
bandwidth of BW = 20 MHz, the transmit SNR for the uplink
pilot and downlink data are ¢, = 0.2/P, and (4 = 1/P,,
respectively.

The coherence block and the pilot sequence lengths are
7 = 200 symbols and 7, = 20 symbols, respectively. The
pilot allocation method assigns pilots from 7, orthogonal
sequences, giving the first min(K, 7,,) users unique pilots, and
then randomly selecting/reusing pilots for the remaining users
if K > 7,. The smoothing parameter in (7) is set as A = 3.
Table I summarizes the simulation setup.

B. Neural Network Models and Training

To demonstrate the potential of PAPC, an FCN model
is trained alongside PAPC for various scenarios. In all the
scenarios, 2000 samples are used for evaluation, while they are
trained on P = 12,000,000 samples unless stated otherwise.



Scenario M KMIN KMAX M M dm(,d
0 10 — 4 80 160 16
1 100 — 20 500 | 1000 | 100
2 100 — 40 500 571 100
3 100 40 80 500 — 100

TABLE II: Hyperparameters for Each Scenario

Training occurs on Graphics processing units (GPUs)’, and
testing is done without GPU assistance to ensure fair compar-
ison of computational times across algorithms.

The FCN model uses a flattened B, that becomes a vector
of length MK, as its input. This is transformed through a
layer normalization stage before passing it through three fully
connected linear layers, including an input, a hidden, and
an output layer. The input and hidden layers are followed
by a corresponding layer normalization module and a ReLU
unit. The number of features in the hidden layer is M.
Furthermore, a matrix reshaping is performed, followed by
a postprocessing operation similar to PAPC’s postprocessing
module, but without the matrix multiplication used in PAPC
to handle the varying K feature.

C. Scenarios and Evaluation Strategy

The performance of PAPC is compared against FCN, a
simple equal power allocation (EPA) algorithm, and the APG
algorithm. In EPA, each BS assigns equal power to all
the users in the downlink signal. The empirical cumulative
distribution function (CDF) of the per-user SE is used to
represent the performance curve of all algorithms.

Four distinct scenarios are examined, ranging from Sce-
nario 0 to Scenario 3. Scenario 0 represents a small-scale
CFmMIMO network with M = 10 BSs and K = 4 users
within an area of 0.01 sq. kms. In contrast, Scenarios 1, 2,
and 3 expand the network to M = 100 BSs, with user counts
of K =20, K = 40, and K = 80, respectively, across an area
of 0.1 sq. kms. For all the scenarios, the number of transformer
blocks is L = 3 and the number of heads is H = 5.

The use of PAPC enables the extension of CFmMIMO from
the small-scale Scenario 0, consistent with similar ranges of
network sizes discussed in existing literature, to larger config-
urations considered in Scenarios 1 through 3. In Scenarios 2
and 3, it is important to note that pilot reuse leads to pilot
contamination.

To compare the performance of FCN and PAPC, M is
set in such a way that the number of trainable parameters
in both the networks is approximately the same. Due to
heavy computational requirements and poor performance, the
evaluation of FCN is omitted in Scenario 3. To demonstrate
the varyink K feature of PAPC, the model for Scenario 3 is
trained for the values of K between Kyyn and Kyax. Table 11
summarizes hyperparameters for each scenario.
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Fig. 8: CDF comparison of PAPC, FCN, EPA, and APG in
Scenario 0 for different training samples. To interpret the
results, note that for the max-min fairness objective, a CDF
curve that ascends sharply and is also positioned further to the
right compared to other curves is considered advantageous.
Thus, PAPC outperforms FCN and EPA, approaching APG’s
performance faster as the number of samples increases.

D. Validation of PAPC in Contamination-Free Small-Scale
CFmMIMO

Scenario 0 is a small and contamination-free CFmMIMO
system used to assess the PAPC’s performance. The FCN and
PAPC models are trained with P = 100, 000, P = 1,000, 000,
and P = 12,000,000 samples. For this scenario, Fig. 8
compares the CDFs of PAPC with FCN, EPA, and APG.

In this simple and contamination-free scenario, both PAPC
and FCN surpass the EPA method with as few as 100,000
training samples, highlighting the effectiveness of learning-
based approaches even with limited data. As the number of
training samples increases (from 100,000 to 1,000,000 and
12,000, 000), both models continue to improve, with their
CDF curves moving closer together, indicating a reduced
performance gap with the benchmark, APG. PAPC, however,
consistently reaches performance closer to APG faster than
FCN, likely due to its structural design and effective utilization
of pilot information (the fact that there is no contamination).
With 12,000, 000 samples, PAPC’s performance closely aligns
with that of the APG algorithm, demonstrating its ability to
achieve results comparable to the benchmark with sufficient
training.

E. PAPC Performance in Large-Scale CFmMIMO Scenarios

Scenarios 1 to 3 represent large-scale CFmMIMO systems.
Scenario 1 is contamination-free, while Scenarios 2 and 3
involve pilot contamination, with Scenario 3 experiencing
heavy contamination.

The FCN and PAPC models are trained for Scenario 1 and
Scenario 2. Additionally, the PAPC is trained for Scenario 3

SWe acknowledge the computational resources provided by the Aalto
Science-IT project.
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Fig. 9: CDF comparison across Scenarios 1 to 3 for different algorithms. PAPC consistently approaches APG performance,
outperforming other algorithms due to its masking and attention mechanisms. FCN struggles due to its lack of structure and

pilot allocation information.

by enabling the varying K feature. While testing this scenario,
the input samples are generated using a fixed number of users,
K = Kmax. Fig. 9 provides a comparative analysis between
the CDFs of PAPC, FCN, EPA, and APG.

PAPC consistently approaches the performance of APG in
all scenarios, while FCN struggles due to structural inefficien-
cies, such as the input flattening operation. In Scenario 2, pilot
contamination further worsens FCN’s performance as it lacks
pilot allocation information, making it perform worse than
both PAPC and EPA. In contrast, PAPC effectively handles
pilot contamination, leveraging its masking feature to maintain
robust performance.

A quantitative analysis of the minimum SE observed by the
top 90% of users further demonstrates PAPC’s superiority. In
Scenario 1, FCN lags behind PAPC by 1.74 bits/s/Hz, and
EPA lags by 0.92 bits/s/Hz. In Scenario 2, FCN falls behind
PAPC by 2.41 bits/s/Hz, while EPA lags by 0.92 bits/s/Hz.
Finally, in Scenario 3, where heavy contamination is present,
EPA lags behind PAPC by 0.91 bits/s/Hz. Additionally, the
minimum SE observed by PAPC lags behind APG by only
0.08 bits/s/Hz in both Scenario 2 and Scenario 3, while

for Scenario 1, the difference is negligible®. These results
emphasize the robustness of PAPC across different levels of
contamination, providing consistent gains compared to other
methods.

Scenario 3 is the most critical one for evaluating PAPC,
as it subjects the model to severe pilot contamination. While
being trained with the varying K feature, PAPC shows strong
test performance with a fixed number of users, effectively
managing the contamination. Since Scenario 3 addresses the
case of large-scale configuration, this scenario is used to
compare the computational efficiency of PAPC, EPA, and
APG. Table III details the average computational time for
each approach, measured on a 64-bit Windows-10 system
with 16 GB RAM and an Intel(R) Xeon(R) Platinum 8176,
2.10 GHz, without GPU testing.

From the table, the computationally inefficient EPA is the
fastest algorithm, while PAPC achieves comparable perfor-
mance to that of APG, but it is nearly 1000 times faster than
APG.

OThis detail is not annotated in the figure to avoid further visual congestion.



Algorithm | Run-time (in secs)
APG 38.7373
PAPC 0.0262
EPA 0.0003

TABLE III: Run-time of the algorithms in Scenario 3. EPA
is the fastest algorithm, while PAPC achieves comparable
performance to that of APG, but it is nearly 1000 times faster
than APG.
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Fig. 10: Comparison of PAPCs trained on Scenario 2 and Sce-
nario 3 (tested with K = 40), showing matching performance
on Scenario 2 and validating that larger configurations with
padding do not compromise results.

FE. Evaluating the Flexibility of PAPC

Fig. 10 compares PAPC trained in Scenario 3 with varying
K feature enabled, evaluated with fixed K = 40, to PAPC
trained and tested in Scenario 2 with fixed K = 40. The
performance of PAPC in both cases is nearly identical, vali-
dating that the padding and postprocessing tricks for handling
varying K feature do not compromise the performance.

Fig. 11 presents the performance of PAPC when tested in
Scenario 3 with the varying K feature enabled. The results
show that PAPC maintains its strong performance, matching
the APG algorithm and outperforming EPA, demonstrating its
ability to dynamically adjust to fluctuating user counts without
any loss in efficiency.

VI. CONCLUSION

The proposed PAPC transformer offers an innovative and
efficient solution for downlink power control in CFmMIMO
by utilizing the attention mechanism to leverage inter-user
relationships and incorporating pilot allocation information
via a novel masking technique. This enables PAPC to han-
dle pilot contamination effectively, a limitation that con-
fined prior learning-based methods to small-scale systems.
By demonstrating scalability to a system size as large as
MK = 8000—the first in literature of learning-based so-
lutions—PAPC significantly outperforms FCNs and matches
the performance of traditional algorithms like APG with far
greater computational efficiency. The PAPC’s ability to adapt
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Fig. 11: PAPC performance in Scenario 3 with varying K,
comparable to APG and surpassing EPA. PAPC maintains
its strong performance, matching the APG algorithm and
outperforming EPA, demonstrating its ability to dynamically
adjust to fluctuating user counts without any loss in efficiency.

to varying numbers of users provides additional flexibility.
With computational efficiency up to 1000 times faster than
APG, PAPC offers a scalable solution for power control, with
the potential to extend beyond the systems explored here,
though scalability remains dependent on available training
resources.
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