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Abstract

Cell-free massive multiple-input multiple-output (CF-mMIMO) systems, where multiple
access points (APs) jointly and coherently serve a large number of user-equipments (UEs)
in a geographical area, offer multi-fold improvement in spectral efficiency (SE) compared
to cellular mMIMO systems. This is because of its unique ability to convert multi-cell
interference of a cellular system to useful information-bearing signals while performing
joint data processing at the central processing unit (CPU). Further, the proximity of the
UEs and the distributed APs improves macro-diversity and link reliability, which in turn
provides a uniform quality of service (QoS) to all the UEs while maintaining a high peak
data rate. However, several signal processing challenges need to be thoroughly understood
and addressed, in order to make CF-mMIMO practically viable. In this regard, this thesis
addresses three problems in CF-mMIMO systems: channel estimation, enabling dynamic
time division duplexing (DTDD), and synchronization.

In CF-mMIMO systems, a natural UE grouping by the serving base stations (BSs) does
not exist, unlike a cellular mMIMO system. Also, in cellular mMIMO, only the serving
BS aims to estimate the channel from a given UE, while in a CF-mMIMO system, all
the APs in the vicinity of a given UE need to obtain good channel estimates. Therefore,
there is a need to revisit the allocation of pilot sequences across UEs to mitigate pilot
contamination in CF-mMIMO systems. We address the problem of channel estimation
from three different viewpoints: (i) design of quasi-orthogonal pilots, (ii) development of
a low complexity algorithm for pilot allocation, and (iii) pilot length minimization while
ensuring that physically proximal UEs do not suffer from pilot contamination. We first
develop a clustering algorithm for APs and UEs and propose a novel mutually unbiased
orthonormal bases (MUOB)-based pilot (quasi-orthogonal) design, where the pilots are
orthogonal within a cluster of APs and UEs and minimally correlated across clusters.
Theoretically, we show that pilot sets forming MUOB minimize inter- and intra-cluster
pilot contamination. The key advantage of MUOB is that, once these AP-UE clusters are
formed, the effect of pilot contamination on the channel estimates is allocation-agnostic
due to the constant correlation properties of the MUOB pilots. We also develop iterative

algorithms for pilot allocation where clustering of APs and UEs is not required. Now,
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Abstract iv

the preceding two schemes are for a predetermined length of pilot sequences. Hence, we
next formulate a pilot length minimization problem and propose a novel pilot design and
allocation algorithm that ensures no pilot contamination among any pair of UEs that are
proximal to a common AP, and this is guaranteed at all APs. Further, our algorithm
procures the pilot allocation with a minimum number of orthogonal pilots being reused
across the UEs. We numerically validate the superiority of the proposed algorithms over
several existing schemes in the literature and also provide a comparative study of our
proposed algorithms.

We next analyze the performance of DTDD-enabled CF-mMIMO systems, where the
uplink (UL) reception and downlink (DL) transmission modes of the half-duplex (HD)
APs can be scheduled based on the local UL/DL traffic load. Thus, a DTDD-enabled CF
system operates like a virtual full-duplex (FD) system that can concurrently serve UL and
DL UEs; however, with HD hardware. However, the sum UL-DL SE is limited by inter-AP
interference (InAl) and inter-UE interference (InUI), commonly referred to as cross-link
interferences (CLIs). We analyze the effects of CLIs on the sum UL-DL SE of DTDD CF
systems. We also develop greedy AP scheduling algorithms and UL-DL power allocation
strategies to maximize the sum UL-DL SE. Our algorithms come with closed-form update
equations and are shown to converge to local optima. Numerical experiments illustrate
that sum SE with DTDD can match and even outperform an FD CF system and also an
FD cellular system with similar antenna density. This is because DTDD can schedule the
APs in UL or DL based on the localized traffic load and achieve better array gain for a
given antenna density. Further, in DTDD, CF has better InAl suppression capability as
only the subset of APs that are operating in DL interferes with the subset of APs that are
operating in UL. In contrast, all the APs contribute to InAl in an FD CF system. Hence,
although DTDD and FD enable the CF system to concurrently serve UL and DL UEs,
DTDD is preferable because it can meet and even outperform FD without requiring IrAl
cancellation hardware.

We next address the synchronization issues in a UL CF-mMIMO system using orthogonal
frequency division multiplexing (OFDM). The distributed nature of the CF system results
in different propagation delays in the signals received at the APs. This delay in receiving
signals from different UEs can exceed the cyclic prefix duration, leading to interference
from adjacent subcarriers and consecutive OFDM symbols. We develop a mathematical
framework to analyze the impact of inter-carrier and inter-symbol interference (ICI and
IST) in the UL SE of the CF-mMIMO OFDM system. Our analysis shows that ignoring
this crucial aspect leads to a gross overestimation of the achievable UL SE. We also develop

an interference-aware combining scheme to alleviate ISI and ICI in addition to multi-UE
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interference. We then account for the scenario in which each UE performs a timing-
advance with respect to its nearest AP. Numerically, we illustrate that ICI and ISI can
significantly limit the achievable SE, but their impact can be significantly mitigated by
employing the nearest AP-based timing advance and interference-aware combining. In
fact, in many scenarios, the performance is close to that of a time-aligned CF-mMIMO
system.

In summary, in this thesis, we address three aspects of CF-mMIMO systems: channel

estimation, DTDD, and UL synchronization. Overall, the key takeaways are as follows:

e We develop novel pilot design and allocation algorithms for CF-mMIMO systems. In
particular, our algorithm based on vertex-coloring ensures no contamination among
the UEs that are being served by one or more common AP(s) and, at the same time,

procures an optimal allocation with the least number of orthogonal pilots.

e We analyze the sum UL-DL SE of DTDD-enabled CF systems and develop algo-
rithms for APs” UL/DL mode scheduling and UL-DL power allocation. Our major
finding is that DT DD-enabled CF is more resilient to CLIs and can even outperform

FD cellular as well as FD CF systems with similar antenna densities.

e Finally, we develop a theoretical framework to analyze the effects of asynchronous
reception on the UL SE of the CF-mMIMO systems. Our analysis and experiments
underscore the importance of the proposed interference-aware combining scheme that
18 able to mitigate the resulting ICI and ISI considerably, obtaining a near syn-

chronous/ideal performance.

For all the above cases, we benchmark the performances of our proposed schemes with sev-
eral existing comparable methods and validate the superiority of the developed algorithms

in terms of achievable SE, complexity, and convergence.
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Notation

Vectors and matrices are denoted by boldface small and capital letters, respectively. Sets

are denoted by calligraphy letters. The rest of the notation is listed below.

Vectors

a], ith element of a vector a

(a,b) Inner product between two vectors a and b
|all2 ls norm of a vctor a

e; 1th column of identity matrix

Oy All zero vector of length N

Matrices

Iy Identity matrix of dimension N x N

A =[ay,...,ay] A matrix A whose columns are aj,...,ay
[Alnn (m,n)th entry of A

[A]. ., nth column of A

(Al mth row of A

AT Transpose of a matrix A

A1 Inverse of a matrix A

A~ Conjugation of a matrix A

AH Conjugate transpose (Hermitian) of a matrix A
tr(A) Trace of a matrix A

diag(a) Diagonal matrix with entries of the vector a on the diagonal

All zero matrix of dimension N x N

Viil
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1X

Field

R Field of real numbers

C Field of complex numbers

Probability

E[] Expectation of a random variable/vector

var (.) Variance of a random variable/vector

CN(0,X) Zero mean circularly symmetric complex normal with
covariance X

5 Convergence in probability

Set

|A| Cardinality of the set A

AUB Union of the set A and B

ANB Intersection of the set A4 and B

A\B Set difference: set of elements in A that are not in B

A’ Complement of the set A

ACB A is subset of B

{ir¢1
0

J is not an element of the index set 7
Null set or empty set

Miscellaneous

RNXM
(CNXM
]

Ed

Vo
o()
logy ()

The set of real-valued N x M matrices

The set of complex-valued N x M matrices

Absolute value of a complex scalar x

The smallest integer not less than the scalar x € R

The statement holds for all = (in the set that x belongs to)
Big-O notation or Bachmann-Landau notation

Logarithm of x using the base 2




Thesis-Specific Notation

The following notations are common across chapters. Any notation used only in a specific

chapter is explicitly defined in the corresponding chapter.

NSNS

NS

Uy
fmk € CN

h,,. € (O
ﬁmk

fmk € CcN

fmk eCN

SoasT

Number of APs in the system

Set of all AP indices

Set of AP indices operating in UL mode

Set of AP indices operating in DL mode

Total number of UEs in the system

Set of all UE indices

Set of UL UE indices

Set of DL UE indices

Number of antennas per AP

The channel (includes both fast and slow fading) between
the kth UE to mth AP

The fast fading channel (CAV(Oy,Iy)) between the kth UE to mth AP
Slow fading coefficient (includes path loss and shadowing) between
the kth UE to mth AP

MMSE estimate of the channel f,,;

MMSE estimation error of the channel £,

Length of the pilot signals

Length of the coherence interval

AWGN variance

Number of sub-carriers

Cyclic-prefix length

OFDM symbol duration (time domain)
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1 | Cellular to Cell-Free: A Paradigm
Shift

Chapter Highlights

This chapter reviews the state-of-the-art cellular wireless systems that use massive multiple-

input multiple-output (mMIMO) technology. Within the purview of mMIMO, several different
topologies, such as coordinated multipoint (CoMP) access, virtual MIMO, small-cell /ultra-dense
network, etc., have evolved in the last decade to improve the spectral efficency (SE), coverage,
and quality of service (QoS) of cellular systems. However, there are two fundamental limitations
of cellular mMIMO deployments, even with cooperation among the base stations (BSs): (a) inter-
cell interference and (b) poor signal-to-noise ratio (SNR) of the cell-edge UEs. Procuring uniform
QoS along with a high peak data rate for all the UEs in a geographical area requires an altogether
different topology that can reap the benefits of mMIMO and, at the same time, the advantages of
joint signal processing like a CoMP system. In this regard, cell-free mMIMO (CF-mMIMO) has
emerged as a potential candidate where distributed access points (APs) jointly and coherently
serve the UEs in a given area. Since the UEs communicate with multiple distributed APs, a CF
system offers a much higher degree of macro-diversity compared to its cellular counterpart. This,
in turn, can be exploited to obtain higher spatial-multiplexing gains, mitigating the detrimental
effects of path loss and shadow fading; and eventually offering multi-fold improvement in the SE.
Here, we survey the current literature on CF-mMIMO systems, discuss various signal processing
challenges, and summarize the major contributions of this thesis in providing new and novel
techniques, especially related to channel estimation, duplexing scheme, and synchronization, in

the context of CF systems.
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1.1 Cellular Massive MIMO

Massive multiple-input multiple-output (mMIMO) technology, where the base stations
(BSs) are equipped with a large number of antennas and are capable of serving multiple
user-equipments (UEs) in the same time-frequency resource via aggressive spatial multi-
plexing, has evolved from being an ambitious academic idea [1-3| to become a key enabler
for the cellular 5G new radio (NR) [4]. Two immediate effects of massive antennas at
the BS are the so-called channel hardening |5|" and favorable propagation”, which makes
linear precoding and receive combining near-optimal, significantly reducing the complexity
of power and resource allocation and, in turn, making mMIMO scalable compared to the
conventional multi-user MIMO (MU-MIMO) systems. Further, the array gain in mMIMO
improves linearly with the number of BS antennas, while the number of independent inter-
fering signals does not, leading to a multi-fold improvement in the spectral efficiency (SE)
compared to MU-MIMO systems.

However, mMIMO in its cellular form does not provide uniform quality of service (QoS)
due to the significant path loss encountered by the UEs near the cell edge. Inter-cell inter-
ference further deteriorates the achievable SEs for these UEs. One way to reduce inter-cell
interference and boost the cell-edge signal-to-noise ratio (SNR) is to consider cooperation
among the neighboring BSs. An alternative is to deploy several pico or micro BSs in each
cell. In the last two decades, these architectures promoted a plethora of new technologies,
such as coordinated multipoint (CoMP) [7], virtual MIMO [8], and distributed antenna
array (DAA) [9], all under the umbrella of network MIMO [10]. However, although net-
work MIMO improves the overall SE compared to conventional cellular MIMO, it comes

at the cost of exchanging the instantaneous channel state information (CSI) among the

!Channel hardening refers to the phenomenon where the fluctuation between the instantaneous and
average channel gain is negligible. Formally, suppose h is a N dimensional channel vector. We say that
. P .
the channel hardens if ||h[j3/E [||h[j3] =1 as N — oo [6].
2Due to large number of antennas at the BS, the UEs’ channels become approximately orthogonal,
which in turn reduce multi-user interference and facilitate spatial multiplexing [3].
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cooperating BSs, imposing a high front-haul load and detrimentally affecting the system
latency. Further, the SE attained via cooperation among BSs is still limited to a finite
value even if the transmit power is infinite and the power of out-of-cluster interfering BSs
scales with that of the in-cluster (cooperating BSs) signals [11]. Another way to improve
achievable SE is via cell densification along with CoMP. In this case, a large macro cell is
partitioned into smaller pico or micro-cells, which reduces the relative distances between
the BSs and the UEs and mitigates the limiting effects of path loss. Such deployments
are known as small cells or ultra-dense networks, which can even be aided with CoMP via
small-cell clustering. Ideally, the network capacity should grow proportionally to the num-
ber of small-cell BSs. However, the SE gain drastically reduces after a certain threshold
of cell densification due to inordinately high inter-cell interference [12|. The fundamental
drawback of all these variants of cellular mMIMO is that they fail to turn the outer-cell in-
terference or outer-cluster interference (for CoMP) into useful information-bearing signals
that can improve the SE via joint data processing.

Now, to overcome the above limitation of cellular MIMO and provide uniformly high SE
throughout the geographical area, the next generations of wireless systems need to be built
on an altogether new premise. A promising candidate for this is the cell-free mMIMO (CF-
mMIMO) network [13], a new paradigm that enjoys the benefits of mMIMO, CoMP, and

also ultra-dense networks; and naturally eliminates inter-cell interference.”

1.2 CF-mMIMO: Benefits and Challenges

CF-mMIMO refers to a network topology where distributed access points (APs)’, con-

nected to a central processing unit (CPU) via front-haul links, jointly and coherently

3Here, “no inter-cell interference” does not imply the absence of multi-UE interference. The suppression
of multi-UE interference depends on the choice of combiners and precoders. However, via joint processing,
CF-mMIMO takes the data streams of all other UEs into account while decoding the data stream of a
particular UE, enabling it to largely overcome multi-UE interference effects.

4In this thesis, following the convention and for clarity of understanding, we use the term AP for the
distributed antenna arrays in CF systems and BS for the centralized antenna arrays in cellular systems.
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Figure 1.1: Illustration of a CF-mMIMO set-up. The dashed lines connecting the APs
and the CPU depict the front-haul links.

serve the UEs using the same time-frequency resources in a geographical area [14]. The
model is illustrated in Figure 1.1. The APs in the CF system are typically equipped with
fewer antennas than a central BS in the cellular mMIMO system. However, the collective
spatial antenna density of the APs is more than the density of UEs; thus, the overall archi-
tecture is referred to as CF massive MIMO. Indeed, with multiple distributed antennas,
the CF system inherits the benefits of mMIMO, such as favorable propagation and channel
hardening [15]. The proximity of the UEs and the APs improves the macro-diversity and
inherently offers near-uniform SNR and hence QoS across UEs [16]. It has been reported
that with practical system parameters of comparable settings, the CF-mMIMO procures
an SNR of 24.5 dB at 95% of all UE locations, while mMIMO only guarantees 6.5 dB [17].
Further, a consequence of joint signal processing by multiple APs is that the inter-cell in-
terference is now turned into useful /information-bearing signals, substantially improving

the accuracy of the joint data detection at the CPU. This is analogous to how MIMO
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interference channels can be turned into multiple access channels via the cooperation of
the distributed antennas [18]. As a result, per-UE SE improves, and initial experiments
in [19] reported tenfold enhancement in 95%-liekly SE in the CF system compared to the
small cell counterpart.

We note that signal processing tasks such as channel estimation, combining and precod-
ing, and data detection can either be fully orchestrated by the CPU or shared among the
APs and the CPU. In the former case, the APs act as relays, and the instantaneous CSI of
all AP UE links is communicated to the CPU via front-haul links. On the other hand, in
the latter case of distributed processing, the APs combine the UL signals based on locally
available CSI and transmit the combined signal to the CPU; and the CPU performs joint
data detection. Similarly, in DL, the CPU sends the precoded data symbols to the APs
for joint DL transmission. In this setting, the CPU does not require knowledge of instan-
taneous CSI between every UE and every AP. Hence, compared to the fully centralized
system, distributed processing incurs considerably less front-haul load, which is essential
for the scalable implementation of CF systems. One can also consider a semi-centralized
system, where the CPU has the global knowledge of the statistical CSI, which is utilized
along with the combined soft symbols from the APs for data detection. We will evaluate
the performance with various levels of signal processing under different duplexing schemes
later in the thesis. Finally, we note that local combining and precoding capabilities at
the AP make CF systems scalable compared to network MIMO, where the BSs need to
exchange the individual cell-level CSI and data vectors among themselves to facilitate joint
combining, precoding, and interference management.

Thus, in a nutshell, the key aspects of CF-mMIMO are:
i. Low variation in the SNRs across UEs, leading to uniform QoS.
ii. Superior interference management capability via joint and coherent data processing.

iii. Inherits the benefits of mMIMO with dense AP deployment.
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iv. Distributed signal processing between APs and the CPU makes the system scalable.

Having discussed the promise of CF-mMIMO systems, we next discuss the signal pro-
cessing challenges that need to be understood and addressed in making CF-mMIMO prac-
tically deployable. Broadly speaking, they include channel estimation, choice of duplexing
scheme, joint AP-UE clustering, constraints on the front-haul load, high mobility sup-
port, hardware impairment and calibration, synchronization, etc. A few of these issues
can be resolved with a slight variation in the established signal processing tools originally
developed for cellular systems. On the other hand, several of these problems are more
challenging than cellular systems and demand special attention and separate analysis. We
next discuss three such signal processing challenges in CF-mMIMO: channel estimation,
choice of duplexing scheme, and synchronization, which form the core of this thesis.

First, the interference management capability of the overall CF system largely depends
on the choice of precoders and combiners, which in turn depend on the CSI available at
the APs and the CPU. The choice of the channel estimator and underlying pilot allocation
technique dictates the quality of the available CSI. Now, channel estimation in a distributed
mMIMO system fundamentally differs from that of a cellular mMIMO system. In a cellular
system, each BS/cell is interested in estimating the channels of the UEs connected to it. If
we randomly allocate orthogonal pilots in each cell and reuse them across cells, this naive
pilot allocation scheme of complexity O(1) can eliminate intra-cell pilot contamination.
However, in a CF system, it is not just the nearest AP that is interested in estimating
the channel of a given UE; all the (nearby) APs need to estimate the channel in order
to combine the signals from all the UEs correctly. Here, allotting orthogonal pilots to all
UEs (the equivalent of allocating orthogonal pilots across all cells rather than per cell)
in the entire geographical zone could lead to an inordinately high pilot overhead, as the
length of orthogonal pilots scales linearly with the total number of UEs. On the other
hand, randomly reusing a set of orthogonal pilots can result in pilot-sharing UEs being in

proximity, leading to high pilot contamination, which can erase or even negate the benefits
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of CF systems. An exhaustive search-based pilot allocation is computationally prohibitive.
Hence, there is a need to revisit the problem of pilot allocation across UEs in the context
of CF systems.

Second, wireless systems for 5G NR and beyond are required to serve heterogeneous de-
vices with diverse QoS requirements. This can only be met by supporting highly flexible
UL-DL resource allocation schemes that adapt to diverse and rapidly changing require-
ments for UL and DL access from the UEs. Thus, for CF-mMIMO to become the next-
generation physical layer solution for meeting the heterogeneous data demands from the
UEs, we need to rethink the underlying duplexing scheme that can enable a CF system to
serve UL and DL data load simultaneously. Most of the works in CF-mMIMO consider
time division duplexing (TDD) [19-22], where in a given slot, either all the APs operate
in UL or all the APs operate in DL. Needless to say, TDD CF-mMIMO cannot serve UL
and DL UEs concurrently, and a limitation that can be overcome by equipping the APs
with full-duplex (FD) capabilities. However, the critical challenge for FD deployment is
self-interference (SI) or intra-AP interference (IrAl) caused by the signal leakage from the
transmit antenna arrays to the receive antenna arrays of an AP [23]. Now, IrAl can-
celation often entails additional signal processing overhead and power-hungry hardware.
Further, the use of FD transceivers gives rise to additional sources of interference, termed
as cross-link interference (CLI), i.e., the interference received by the receiving antennas of
one AP from the transmitting antennas of all the other FD APs, as well as the interference
received by a DL UE from other UL UEs. In the sequel, we term the former as inter-AP
interference (InAl) and the latter as inter-UE interference (InUI). It has been shown in
the literature that if SI is not mitigated satisfactorily, the sum UL-DL SE of FD can even
fall below that attained by a TDD-based HD-CF mMIMO system [24]. Suitable signal
processing techniques and resource allocation strategies need to be developed to mitigate

SI and CLI, making it a nontrivial challenge to attain SE improvement in FD CF-mMIMO
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compared to the conventional half-duplex (HD) CF-mMIMO. Hence, it is pertinent to in-
vestigate whether it is possible to develop a duplexing scheme that can enable the overall
CF system to serve UL and DL UEs simultaneously without incurring SI, in other words,
using HD hardware.

Third, a critical challenge of the CF-mMIMO system is synchronization, which is es-
sential for joint and coherent transmission/reception. We note that clock synchronization
among the APs and CPU is relatively straightforward and can be done using network syn-
chronization techniques such as precision time protocol (PTP) [25], satellite-based global
positioning system (GPS), or even using an inexpensive 802.11-grade clock via over-the-
air endogenous synchronization techniques [26]. However, the key challenge is the joint
synchronization of the APs and UEs. Essentially, due to the distributed nature of the
system, the UL(/DL) transmitted signals from the UEs(/APs) experience different delays
and arrive at the APs(/UEs) at different time instants. Now, for instance, if we consider a
UL CF-mMIMO system using orthogonal frequency division multiple (OFDM), then due
to relative distances between the APs and UEs, propagation delays at a subset of APs can
exceed the cyclic prefix (CP) duration. In turn, this could break the orthogonality of the
subcarriers, resulting in inter-carrier interference (ICI) and inter-symbol interference (ISI).
Here, we note that cellular networks such as 4G Long Term Evolution (LTE) use a mech-
anism called timing advance (TA) that mandates the UEs to advance the transmission of
its signal based on the propagation time between the BS and the UEs so that the received
signals at the BS arrive in the correct time-frequency resource according to the frame
structure at its connected base station. However, such a TA mechanism will not work for
a CF system because a UE is served not only by the nearest AP but also by all other APs
in its vicinity. Hence, timing mismatch is inevitable in CF, and the established cellular
TA techniques cannot ensure the time-synchronous reception of a given UE’s signal at
all the nearby APs. Thus, to make CF-mMIMO practically viable, we need to quantify

and analyze the effect of timing mismatch on the achievable SE and develop combining
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schemes that take this mismatch into account.

As mentioned earlier, there are other challenges involved in a CF-mMIMO system, such
as mobility management and finite front-haul capacity effects, to name a few. However,
considering the scope of this thesis, we refrain from detailed discussions on these topics.
Interested readers are referred to the excellent survey on CF-mMIMO in [27].

We next introduce, without delving into mathematical details, the research problems ex-
plored in this thesis and our original contributions regarding the methodologies developed

to address them. More elaborate discussions are relegated to the dedicated chapters.

1.3 Scope and Contributions of the Thesis

This thesis focuses on three central themes: channel estimation and pilot allocation,
analysis of various duplexing schemes, and synchronization, all within the context of the
CF-mMIMO system. Here, we give a brief overview of each of these and highlight our

main contributions.

1.3.a Channel Estimation and Pilot Assignment

As alluded to earlier, finding a suitable pilot allocation with limited-length orthogonal
pilots is a challenging problem for CF systems. Further, due to distributed architecture, we
cannot directly apply the centralized (BS-centric) algorithms available for cellular systems.
Thus, we need to revisit the problem of pilot allocation and develop new techniques suitable
for CF systems. In this regard, Chapter 2 of this thesis explores the pilot design and

allocation problem from three different viewpoints, as summarized below.

1.3.a.i Quasi-orthogonal Pilots with Clustering

Random allocation of pilots can lead to a scenario where UEs in proximity share the same
orthogonal pilot sequence. This will lead to high pilot contamination at all the nearby

APs, which in turn can eliminate the advantages of joint processing. Here, we note that the
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convenience of random allocation is that it is the least complex; however, it could perform
poorly compared to a greedy or iterative algorithm that systematically allocates pilots
based on a suitable design criterion. Thus, we first analyze the best performance that
can be achieved via random allocation. We design pilot codebooks such that the channel
estimates are allocation-agnostic, as is the case with orthogonal pilot sequences. However,
given a pilot length, say 7,, we can only generate 7, orthogonal sequences. Thus, we
consider a quasi-orthogonal pilot design, where each pilot codebook consists of 7, mutually
orthogonal pilot sequences, and inter-codebook pilots are non-orthogonal but have a fixed,
low cross-correlation. Next, if we can form AP-UE clusters and then assign one quasi-
orthogonal pilot codebook to each cluster, i.e., pilots within each cluster are orthogonal,
and all outer-cluster pilots have a fixed low correlation, then, even if we allocate pilots
randomly within each cluster, we can eliminate intra-cluster pilot contamination, and the
strength of outer-cluster pilot contamination becomes nearly allocation-agnostic.

This idea motivates us to develop a pilot design and allocation scheme using mutually
unbiased orthonormal bases (MUOB) that enables us to generate quasi-orthogonal pilot
codebooks, with the property that pilot sequences within each codebook are orthogonal
and the cross-correlation between the pilot sequences of two different codebooks is inversely
proportional to the square root of the length of the pilots. It can also be shown that
this is the minimum cross-correlation that can be attained. We present the construction
of MUOB pilot codebooks in Section 2.2 of Chapter 2. Now, we summarize our main

contributions in that part of this thesis.

i. We pose the problem of pilot design that minimizes the maximum pilot contamina-
tion across APs and for all UEs. We derive a lower bound on the mean squared pilot
contamination power in a CF-mMIMO system with non-orthogonal pilots under arbi-
trary pilot assignment. We show that pilots drawn from a MUOB codebook achieve
this lower bound. This proves the optimality of the MUOB codebook design and is

the main theoretical result of Section 2.2 of Chapter 2.
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ii. We also develop a low complexity AP-centric UE clustering algorithm for pilot allo-
cation to the UEs. For comparison purposes, we provide an adaptive orthogonal pilot
reuse (OPR) algorithm that improves the performance of OPR with fixed-duration

pilots at the cost of additional pilot length.

Our numerical results reveal that MUOB-based pilots can achieve better system through-
put as well as fairness across users, compared to the adaptive OPR method. The takeaway
from Section 2.2 of Chapter 2 is that MUOB pilots can minimize the effects of pilot con-
tamination in a CF-mMIMO system for a given pilot length with a very low computational
cost since we can assign pilots to the UEs in each cluster in an arbitrary manner. This is in
contrast with OPR, where, even after AP-UE clustering, complex algorithms are required

to ensure that cluster edge UEs do not share the same pilot sequences.

1.3.a.ii Orthognal Pilots Allocation without Clustering

The above-mentioned analysis of MUOB-based pilot allocation reveals the best that can
be achieved via quasi-orthogonal pilots. Also, the attractive aspect of MUOB is that once
the AP-UE clusters are formed, the power of the interference due to pilot contamination
is agnostic to the pilot allocation among the UEs. However, an initial AP-UE clustering is
required for designing appropriate MUOB pilots. Hence, we revisit the channel estimation
procedure from a different perspective. We consider orthogonal pilots of fixed length, and
we develop algorithms where the pilot reuse strategy does not require AP-UE clustering,
unlike MUOB-based allocation or adaptive OPR. However, we incur complexity in the
allocation of pilots across UEs. Such techniques provide an idea of how, and by how
much, we can improve over random and adaptive OPR. This is presented in Section 2.3.

Key features of the proposed algorithm are:

i. It reuses orthogonal pilots among UEs to iteratively refine the locally available channel
estimates at the APs. Essentially, the algorithm minimizes the normalized mean

squared error (NMSE) of the estimated channels across APs.
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ii. This algorithm does not require extra signaling overhead in terms of inter-AP coor-
dination and also requires only the large-scale fading coefficient information. Thus,
the allocation needs to be executed in the time scale of large-scale fading coefficients,

which generally remain constant for several coherence intervals.

We empirically validate the superiority of the proposed method over random OPR and
report substantial improvement in performance in terms of achievable SE.

Now, we note that the theory and algorithmic development for channel estimation so
far assumes a fixed pilot length. This is also the case with most of the works available
in literature; a summary of existing pilot assignment methods for CF-mMIMO systems is

presented in Table 2.2. Thus, next, we look at the problem of pilot length optimization.

1.3.a.iii Pilot Length Minimization

As noted earlier, we cannot afford to allocate orthogonal pilots to all the UEs because
it leads to inordinately long pilot sequences, reducing the time duration available for data
transmissions. Thus, although the channel estimation is simplified because the channels
are pilot contamination-free, the achievable SE can degrade substantially if the pilot length
becomes comparable to the coherence duration of the channel. Therefore, we should look
at algorithms that not only reduce pilot contamination but also do so by using the least
number of orthogonal pilots. This idea is thoroughly developed in Section 2.4. Our main

contributions are:

i. We propose a UE-centric clustering of APs and formulate a pilot length minimization
problem with the constraint that intra-cluster UEs (i.e., the UEs connected to a
common AP) are allocated orthogonal pilots. Also, the clustering algorithm presented
in Section 2.4 gives us the flexibility to optimally decide the cluster size so that if the
number of UEs in the system is small, the algorithm can generate a fully connected

bipartite graph, implying orthogonal pilot allocation across all the UEs. Thus, the
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algorithm in this section is more general than the clustering algorithm in 1.3.a.i, where

the cluster size and the pilot length were fixed.

ii. We recast the problem as a graph-vertex coloring problem and solve it via a low-
complexity algorithm known to be optimal for all bipartite graphs. Unlike existing
solutions, our algorithm does not require additional signaling overhead, e.g., signal-

to-interference plus noise ratio exchanges, for pilot assignment.

Our numerical results show that the proposed algorithm outperforms existing random
or greedy pilot allocation methods in terms of the minimum mean squared error (MMSE)
of the estimated channels and the achievable SE. Finally, the algorithm is attractive for
practical deployment as it only requires the locations (path losses) of the UEs for pilot
allocation and not the instantaneous channel states.

At this point, we switch our attention from channel estimation to the UL and DL data
transmission phases, which can either be partitioned orthogonally in time or frequency
or executed simultaneously using the same time-frequency resource. Consequently, the
achievable sum UL-DL SE depends on the choice of the duplexing scheme, which is the

main focus of Chapter 3, Chapter 4, and Chapter 5 in this thesis.

1.3.b  Virtual FD: Enabling DTDD in CF-mMIMO

As noted earlier, traditional TDD-based CF-mMIMO cannot simultaneously serve UL
and DL UEs. While FD CF-mMIMO can simultaneously serve UL and DL traffic at the
APs, SI/IrAl cancelation demands power-hungry hardware and additional signal process-
ing overhead. We explore an alternative strategy to FD that can simultaneously serve
the UL and DL UEs using the same time-frequency resources using only HD hardware,
thereby obviating the need for IrAl cancelation. Specifically, a duplexing scheme that en-
ables an HD CF mMIMO with concurrent UL/DL data processing capability is dynamic
TDD (DTDD). In a DTDD CF-mMIMO system, the APs are HD; however, unlike TDD,

it is not necessary that the APs must be scheduled to either all operate in the UL mode
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or all operate in the DL mode, in a given time slot. The UL and DL modes of the APs
can be scheduled independently, based on the local UL and DL traffic load in the vicinity
of an AP (or a subset of nearby APs), so that a reasonable utility metric such as the sum
UL-DL SE can be maximized. Here, we note that similar to an FD CF system, DTDD
also encounters InAl and InUI; however, the latter has a better interference management
capability. This is because, in a DTDD CF system, only the subset of APs scheduled
in DL contribute to InAl, whereas all the neighboring APs contribute to InAl in an FD
CF system. Therefore, adopting DTDD along with CF-mMIMO can offer the benefits of
FD operation without incurring its hardware and signal processing complexity; hence, the
name virtual FD.”

This thesis explores the benefits of DTDD CF systems, and addresses signal processing
challenges involved, such as AP scheduling, combiner, precoder design, UL and DL power
control, etc. In Chapter 3, we begin by developing an AP-scheduling algorithm under the
perfect CSI and perfect CLI cancelation assumptions, in order to expose the fundamental
design challenges involved in the UL-DL mode scheduling problem. Then, in subsequent
chapters, we consider more practical situations, addressing the effects of statistical CSI,
pilot contamination, and imperfect InAl cancelation on the system performance. We also
address the problem of optimal combining and precoder design, and UL-DL power control.
Further, under all these scenarios, we derive closed-form expressions for the sum UL-DL
SE and comment on the optimality of the AP-scheduling algorithm. We finally benchmark
the performance of DTDD with TDD and FD cellular and TDD and FD CF systems. Our

major theoretical contributions and findings on DTDD CF systems are as follows:

1.3.b.i DTDD CF versus TDD CF

Chapter 3 introduces the concept of DTDD-enabled CF mMIMO systems. In Section 3.2,

we present the UL and DL sum SEs considering the scenario in which the APs locally

®The term virtual FD has previously been used in a completely different context in [28], where the
authors consider a multi-hop HD relay network to achieve FD performance.
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estimate channels to all the UEs using orthogonal pilots and use maximal ratio combin-
ing (MRC) in the UL and matched filter precoding (MFP) in the DL. Then, we develop
a greedy algorithm for scheduling the UL and DL modes of the APs, where, at each it-
eration, an AP is activated in either UL or DL if that AP offers the highest incremental
gain (among all the remaining APs) in the sum UL-DL SE. This pragmatic approach
circumvents the exponential complexity (2", M is the number of unscheduled APs) of
exhaustive search-based AP mode selection and determines the UL/DL AP schedule in
linear time (O(M)). We numerically validate the efficacy of the greedy algorithm and
observe that the sum UL-DL SE attained via the greedy algorithm matches with that
achieved via a brute force search over all possible UL and DL AP schedules.

Although the algorithm presented in Section 3.2 solves the scheduling problem in poly-
nomial time, there is no guarantee regarding the optimality of the solution, i.e., the set of
scheduled UL and DL APs, in terms of the sum UL-DL SE. It turns out that the naive®
joint data detection scheme at the CPU considered in Section 3.2 is the bottleneck: it
does not exhibit tractable properties in the overall sum UL-DL SE that can be leveraged
to establish the optimality of the scheduling algorithm. We overcome this limitation in
Section 3.3, where we consider optimal weighted combining and precoding. With weighted
combining and precoding, we are able to provide guarantees regarding the optimality of
the AP scheduling algorithm by exploiting the monotonicity and submodular properties of
the signal-to-interference-plus-noise ratio (SINR) and the sum UL-DL SEs. In summary,

our contributions are:

i. We analyze the UL SINR and sum UL SE with MRC at the APs and an SINR-
maximizing weighted combining scheme at the CPU. We prove that, under a weighted
combining scheme, UL SINR is a monotonically non-decreasing modular function of

the activated AP set, and the sum UL SE is a sub-modular function of the activated

6Here, we refer to the classical joint decoding scheme where all the locally combined or estimated data
streams from all the APs are given equal weightage at the CPU.
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AP set. A similar weighted precoding scheme is developed for DL, which leads us to
prove that sum DL SE, and hence sum UL-DL SE, is a sub-modular function of the

scheduled UL and DL AP sets.

ii. We leverage the sub-modularity property to theoretically prove that the algorithm
developed in Section 3.2 is guaranteed to achieve within (1 — 1/e) of the sum SE
attained via a full-complexity brute-force search, under SINR-maximizing weights

applied at the CPU. Our analysis holds for perfect, statistical, and trained CSI.

We empirically show that DTDD-enabled CF-mMIMO nearly doubles the sum of UL-
DL SE compared to the canonical TDD-based system. Essentially, DTDD CF-mMIMO
exploits both the joint signal processing of a CF system and the adaptive UL-DL slot
selection at the APs based on local traffic demands, leading to better and more efficient

time resource utilization than TDD CF systems.

1.3.b.ii DTDD CF versus FD Cellular

In developing the theory in Chapter 3, two major assumptions are orthogonal pilot allo-
cation across UEs and perfect InAl cancelation. Although the robustness of the proposed
algorithms is numerically verified with imperfect InAI cancelation, it is critical to evolve
the theory further, accounting for the effects of pilot contamination and imperfect CLI
cancelation. This is the main focus of Chapter 4. Further, we theoretically compare the

performance of DTDD CF systems with FD cellular systems. Our main contributions are:

i. We first derive closed-form expressions for the sum UL-DL SE considering the effects

of pilot contamination and imperfect InAl cancelation with MRC and MFP.

ii. We argue that the achievable sum UL-DL SE is a monotonic nondecreasing function
of the set of scheduled APs, even with pilot contamination and imperfect InAl cance-
lation. Then, we observe that the dependence of the sum UL- DL SE on the scheduled

AP-set is non-linear in nature (a consequence of pilot contamination), and therefore
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proving properties such as sub-modularity becomes mathematically intractable. To

circumvent this difficulty, we derive the following results:

(a) We lower bound the sum UL-DL SE and prove that maximizing the lower bound

is equivalent to maximizing the product of the SINRs.

(b) We prove that the product of the SINRs of all UEs is a sub-modular set function
of the APs scheduled in the system. This leads us to develop a greedy algorithm
for AP scheduling.

(c) We numerically illustrate the efficacy of the scheduling algorithm, by showing
that the sum UL-DL SE obtained via exhaustive search over all UL-DL AP-
configurations and considering the effects of CLIs matches closely with that ob-

tained via the greedy algorithm based on the sub-modularity of the lower bound.

Our further experimental results show that DTDD CF-mMIMO substantially enhances
the system performance compared to an FD cellular mMIMO system. This is because
DTDD CF-mMIMO exploits the joint signal processing benefits of a CF system coupled
with the adaptive scheduling of UL-DL slots based on the localized traffic demands at
the APs. Another key advantage of DTDD CF over the FD cellular system is that we no

longer need additional hardware at each AP to cancel the SI or InAl.

1.3.b.iii DTDD CF versus FD CF

The theoretical and numerical results discussed so far considered fixed power allocation
in UL and DL and considered MRC and MFP. However, power control is needed for better
interference management. This is addressed in Chapter 5. Also, we explore whether DTDD
CF can outperform an FD CF system and analyze the role of InAl, IrAl, and InUI on the

overall system performance. Our major findings are as follows:

i. We analyze the sum UL-DL SE considering distributed MMSE combiners and RZF

precoders. We also derive closed-form expressions for the sum UL-DL SE with ZF
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11.

combiners and precoders. These expressions uncover the effects of InAl, IrAl, and
InUI on the UL-DL SEs and how power control and UL/DL scheduling of the APs
(for DTDD) dictate the strengths of these CLIs. Also, in the UL, we present an
SINR optimal weighting scheme, which ensures that the received SINR at the CPU is

maximized.

Next, we focus on the sum UL-DL SE maximization with set constraints on the UL/DL
APs and transmit power constraints on the APs and UEs. This problem of joint AP
scheduling and power control is non-convex and NP-hard. We decouple it into two
sub-problems. Our proposed solutions enjoy the following computational as well as

theoretical advantages:

(a) We use fractional programming (FP) to solve the UL and DL power control prob-
lem. FP convexifies the non-convex cost function such that the optimal solution

of the surrogate cost function and the original cost function are the same.

(b) Our algorithms admit closed-form updates for UL and DL power control and all
auxiliary variables, which are derived using the alternating direction method of
multipliers (ADMM) in the DL and augmented Lagrange multiplier in the UL.
Furthermore, the resulting algorithms for each sub-problem are shown to converge

to local optima.

(¢) Our proposed FP-based algorithms are precoder/combiner scheme agnostic and
require only a few auxiliary variables, which makes our solutions scalable to large

distributed systems.

(d) For AP scheduling, we develop a greedy AP mode (UL/DL) selection algorithm,
where, at each iteration, we select the AP and the corresponding mode such that
the incremental gain in the sum UL-DL SE (with optimal power control) is maxi-
mum. This pragmatic low-complexity approach solves an otherwise exponentially

complex scheduling algorithm in polynomial time.
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(e) Our algorithms need to be applied in the time scale of large-scale fading, which
remains constant for several coherence intervals. In contrast, instantaneous CSI-
based approaches require the scheduling of APs and the computation of the UL

and DL power control coefficients in every coherence interval.

We perform extensive numerical experiments that reveal the superiority of the UL/DL
power control algorithms over several existing schemes. Surprisingly, our results show that
for the same number of APs and antenna density, DTDD procures a better sum UL-DL
SE compared to an FD CF system. Further, we observe that even with double the antenna
density, the performance of the FD system can be limited by InAl and IrAl, while DTDD is
more resilient to InAl. Thus, we can obtain the benefits of FD via DTDD itself, obviating

the need for IrAl suppression at the APs.

1.3.c Synchronization

In the last part of the thesis, we switch gears and address a critical issue in the practical
viability of CF-mMIMO systems, namely, synchronization. Almost all the existing works
in CF-mMIMO assume that every AP receives the transmitted signals from all the UEs
at the same time. This is not feasible due to the different relative distances between
the APs and the UEs. Thus, the propagation delays between the APs and UEs can
potentially exceed the CP duration for an OFDM-based CF system. This breaks the
orthogonality among the subcarriers, eventually leading to ICI and ISI. For instance, 5G
NR supports 30 kHz subcarrier spacing with the OFDM symbol duration being 33.3 us
and the CP duration being 2.3 ps. Thus, the propagation delay at an AP that is at
an excess distance (relative to its nearest AP to a UE) of 750 m will be 2.5 us, which
exceeds the CP duration. Further, for 60 kHz subcarrier spacing and 1.2 pus CP duration,
propagation delay at an AP at an excess distance of more than even 360 m will exceed the
CP duration. Thus, the performance gain attained by CF-mMIMO with OFDM over the

cellular setup with the assumption of synchronous reception at the APs is an overestimate
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of the actual performance. Hence, it is crucial to account for the effects of propagation
delays in the system performance while deriving the SINR at the CPU, and then develop
techniques to mitigate the additional interferences arising due to asynchronous reception.
Chapter 6 considers the impact of asynchronous reception in the UL CF-mMIMO system

using OFDM. Our main contributions are:

i. We develop a mathematical framework that captures the relative propagation delays

between the APs and UEs, manifesting as ICI and ISI in the UL SE.

ii. We analyze a scheme where each UE time-advances its transmit signal with respect to
the time reference at its nearest AP. This ensures that for every UE, there is no delay
on the received signal in the nearest AP and also reduces the propagation delays on
the subsequent APs that are farther away. The effectiveness of the scheme is validated

via numerical experiments.

iii. We derive the achievable per-UE SE with MRC and ZF combining. We extend our
analysis to design an ICI and ISI-aware combiner that minimizes the mean squared

error (MSE) between the transmitted and the estimated symbols at the CPU.

Our numerical experiments show that ICI and ISI can severely limit the performance
of a CF system. Increasing the CP length mitigates the ICI; this, however, reduces the
fractional symbol duration. Further, an interference aware combining with nearest AP-
based timing-advance can reduce the effects of ICI and ISI and offer a performance that
almost matches the time-aligned CF system. Hence, it is essential to perform appropriate
timing-advance and ICI and ISI-aware signal processing at the CPU in order to mitigate

the loss in SE due to ICI and ISI.
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2 | Pilot Design and Channel
Estimation

Chapter Highlights
This chapter investigates the problem of pilot design and pilot allocation in a CF-MIMO set-up

considering quasi-orthogonal and orthogonal pilots with different utility matrices. In contrast to
a cellular system where only the serving BS/AP requires CSI from a given UE, in CF systems,
accurate CSI is required at all the APs in the vicinity of the UE, rendering the pilot design and
allocation problem a more challenging task.

The first part of this chapter presents a novel MUOB-based pilot (quasi-orthogonal) design and
its performance compared to conventional OPR. Specifically, we propose to use pilots that are not
only orthogonal within a cluster of APs and UEs but also minimally correlated across clusters.
Theoretically, we show that pilot sets forming MUOB minimize inter- and intra-cluster pilot
contamination. Following this, we develop an AP-centered clustering algorithm that facilitates
the pilot allocation across clusters from MUOB pilot codebooks. The advantage of MUOB is
that, once these AP-UE clusters are formed, the channel estimation is allocation agnostic due to
the constant correlation properties of the MUOB pilots.

Then, we look at the problem of pilot allocation from a different viewpoint and develop al-
gorithms for pilot allocation where no clustering of APs and UEs is required. Specifically, we
propose an iterative algorithm and show that the method substantially improves the performance
over random OPR and other existing schemes..

Finally, we note that the preceding pilot allocation schemes are for a predetermined number
of pilot sequences (i.e., a predetermined pilot length.) Thus, finally, we formulate a pilot length
minimization problem and propose a novel pilot allocation algorithm that ensures no pilot con-
tamination among the UEs near one AP or a subset of APs. At the same time, our algorithm
procures the pilot allocation with a minimum number of orthogonal pilots being reused across
the UEs. We numerically validate the superiority of the proposed algorithms over several existing

schemes in the literature and also provide a comparative analysis of our proposed algorithms.

23
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2.1 Introduction

CF-mMIMO systems offer excellent macro-diversity and uniformly good SE compared to
canonical co-located or cellular MIMO systems. However, the benefits of the CF mMIMO
system critically depend on the quality of the estimated channel at the APs, which in turn
depends on the underlying pilot design and allocation scheme. One can assign orthogonal
pilots to all UEs per cell in a cellular system, ensuring zero intra-cell pilot contamination.
In contrast, in a CF system, multiple APs jointly serve multiple UEs. Hence, ensuring no
pilot contamination across all the APs in the vicinity of every UE demands practically in-
feasible pilot length, resulting in a corresponding reduction of data duration per coherence
block, reducing the data rate, and potentially erasing the benefits of CF MIMO. Hence,
the pilot assignment problem in a CF MIMO system fundamentally differs from cellular
MIMO systems.

Almost all the works on CF-mMIMO consider orthogonal pilots for channel estimation.
If we randomly assign pilots to the UEs, the same pilots can be reused by UEs in proximity,
resulting in high pilot contamination in all nearby APs. Thus, although the random pilot
assignment is the least complex solution, it can lead to severe degradation in the SE. To
this end, the authors in [22] proposed an iterative algorithm to allocate pilots to maximize
achievable sum SE across UEs. On a similar track, the authors in [19] and [29] proposed
a greedy pilot assignment strategy that iteratively refines the allocation of pilots based
on the worst achievable SE and overall sum SE of the system, respectively. The method
presented in [30] further improved the iterative search method to reduce the complexity
of finding the pilot reuse strategy. However, all these pilot allocation techniques require
the exchange of SINR of every AP and UE pair even before the actual data transmission
phase. On the other hand, the algorithms available in current literature that require only
UE locations for pilot allocation [31-33| do not consider pilot length optimization.

In this thesis, we address the pilot assignment in a CF-mMIMO from three different



Chapter 2. 25

viewpoints, as follows:

1. Keeping in mind that random pilot allocation is the least complex, we first ask
whether we can design pilot codebooks that can procure good channel estimates
across APs via random allocation. We consider a quasi-orthogonal pilot design,
where each pilot codebook consists of 7, mutually orthogonal pilot sequences, and
inter-codebook pilots are non-orthogonal with a fixed cross-correlation. Now we
note that if we can form AP-UE clusters and then assign one quasi-orthogonal pilot
codebook to each cluster, i.e., pilots within each cluster are orthogonal, and all outer-
cluster pilots have a fixed low correlation; then even if we allocate pilots randomly
within each cluster, we can eliminate intra-cluster pilot contamination and control

the outer-cluster pilot contamination. This notion is developed in Section 2.2.

2. Next, we switch our attention to OPR' and ask the question of whether we can de-
velop an algorithm for OPR that can improve the performance over random alloca-
tion without incurring heavy signal processing overhead in terms of SINR exchanges
among the APs and CPU and also can rule out the need for initial AP-UE clustering.
This is addressed in Section 2.3. This is in contrast with Section 2.2, wherein the
complexity was primarily due to the clustering, and then the channel estimates were
allocation agnostic. Now, we incur complexity in allocating the orthogonal pilots;

however, we do not need AP-UE clustering and show substantial improvement over

random OPR.

3. Finally, we consider the problem of pilot length minimization, in contrast to the the-
oretical development in the preceding sections, where the algorithms were developed
for a predetermined length of pilots. We present a low-complexity (again without
requiring SINR exchanges) yet effective pilot allocation scheme that ensures no con-

tamination among the subset of APs in the vicinity of every UE and also attains

'Here, we recapitulate from Section 1.3.a.i, that OPR refers to a scheme where we reuse a set of
orthogonal pilots across UEs. Hence the name orthogonal pilot reuse (OPR).
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such an allocation while minimizing the required pilot length. This is addressed in

Section 2.4.

Next, we present our developed algorithms and compare performance with several exist-

ing benchmark schemes. We also study the relative performances of the proposed schemes.

2.2 Channel Estimation with Quasi-orthogonal Pilots

One way of looking at the problem of pilot allocation in CF-mMIMO systems is to allocate
pilots from a set of non-orthogonal yet distinct sequences (in the sequel, we will refer to
these as quasi-orthonormal sequences) to minimize the effect of pilot contamination. It
has been shown that MUOB [34] can be used to generate pilot sequences satisfying this
property. We first briefly show that in cellular mMIMO systems, the use of MUOB pilots
can deliver uniform QoS irrespective of the underlying pilot assignment strategy [35], which

will later motivate and help us build the clustering algorithm for the CF-mMIMO system.

2.2.a Pilot Design from Union of Orthogonal Bases
We begin with a brief introduction to MUOB and how such vectors can be constructed.

Definition 2.1. (Mutually Unbiased Orthonormal Bases [36]) A collection of orthonormal
bases {B;};=1,..,
(@, ) > =1/K for ¢ € B, and o € By, with | # k.

n of the Hilbert space CEX are said to be mutually unbiased if and only if

Theorem 2.1. [3/] Let ¢ = p™, where p is an odd prime and n is a positive integer, and

F, is a field with q elements. Let &, = {@;,.|m € F,} be the set of vectors given by

1 r $2 max
Prm = —=[wrr =AM g (2.1)

Vi
where, for o € F,, Tr(a) L2 a+a’+...+a9 . Then, the standard basis and the sets &y,
with 1 € F,, form a set of g+1 mutually unbiased bases of C4. Here, wy = exp(v/—1(27/k))

denotes the k-th primitive root of unity.
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The construction of MUOBS is not limited to odd prime power-based design. For thor-
ough treatments of existing constructions, readers are referred to [34,36] and the references
therein. ZC sequences with different roots have been found to be efficient implementations
of MUOB and have been employed in 3GPP LTE and 5G NR [37,38|. In this chapter,
our goal is to evaluate the utility of these constructions as pilots to mitigate pilot con-
tamination so that a uniform QoS can be provided to all UEs, which is a consequence of
the mutual unbiasedness ensures that the interference power due to pilot contamination

decreases inversely with the length of the pilot sequence.

2.2.b MUOB: Uniform QoS

We present expository numerical experiments manifesting the benefits of MUOB-based
pilots in a cellular MIMO system. Detailed theoretical developments are available in [35].
These results motivate us to develop an AP-centric clustering algorithm (analogous to
inherent BS-UE clusters per cell; however, here, APs jointly serve the UEs) for the CF-
mMIMO system, which will be discussed afterward.

We consider a multi-cell system consisting of one central hexagonal cell surrounded by
6 neighboring cells and with a wrap-around of interference. The distance from the cell
center to a corner point of the cell is assumed to be 1 km. The BSs are deployed at
the cell center, and the UEs are randomly dropped within each cell, keeping a reference
distance of 100 m. The carrier frequency and the signal bandwidth are 2 GHz and 1 MHz,
respectively, with Nyquist rate sampling at the BS. The path loss exponent is assumed
to be 3.76 [39]. We assume path loss inversion-based power control, and therefore, the
received SNR at the BS to which they are attached is 10 dB for all UEs, irrespective of
their locations.

In Figure 2.1, we plot the CCDF of MMSE channel estimation variances for different
levels of pilot contamination. We consider 101 UEs in each cell and take 10° random

UE instantiations for computing the empirical CDF. We observe that when the pilot
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Figure 2.1: CCDF of the channel estimation variance of OPR and MUOB with different
pilot lengths.

length equals a number of UEs/cell, estimated channel variance with OPR ranges between
[0.3,0.95], and with MUOB pilots, it lies within [0.65,0.75]. Therefore, MUOB pilots lead
to channel estimates of similar quality for all UEs and neither as good as the best UEs nor
as bad as the worst UEs under OPR. We next consider the case when the available pilot
length is double the number of UEs/cells. We notice a striking improvement (estimated
channel variance in the range [0.85,0.95]) in the performance of MUOB pilots because of
its inverse scaling of mutual cross-correlation with pilot lengths. Also, even with longer
pilots, pilot contamination from cell edge UEs in neighboring cells still affects the overall
estimation of some UEs under OPR. Finally, we consider pilots lengths less than the
number of UEs per cell. In such cases, MUOB outperforms OPR because the latter is
much more affected by intra-cell pilot contamination than MUOB. Also, note that as the
pilot length increases, the variance of the MMSE estimator improves (becomes close to 1),

and, correspondingly, the variance of the error in the estimated channel decreases.

Remark 2.1. The pilot lengths used in Figure 2.1 are prime numbers because we follow

the basis design according to (2.1). However, there are several methods for constructing
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unbiased bases using finite fields with odd and even prime powers.

Next, to compare the fairness of OPR and MUOB-based pilot transmission schemes

across UEs, we present the two most commonly used fairness measures, namely, Jain’s

index and max-min index [40|. For a set of input values X = (z1,...,zy), Jain’s fairness
N 2

index is defined as J(X) = |EYZ|:§—1N%)2 When the input values are all equal, Jain’s index
=11

equals one. For our experiment, we generate random UE locations at each instantiation,
measure their respective channel variances, and numerically evaluate Jain’s index. We
observe in Figure 2.2 that in the case of MUOB, even for a small number of instantiations,
the Jain’s index converges to a value > 0.99, and with an increasing number of UEs, it
saturates to a value > 0.996 with less than 500 Monte-Carlo realizations. However, in a
conventional OPR scheme, Jain’s index never crosses 0.96, and the convergence to 0.955
happens only after 6000 realizations. This reveals that, on average, MUOB pilots achieve
equal quality of channel estimates almost irrespective of where the UEs are located. In
OPR, the relative placement of UEs and their pilot assignments plays a critical role in
obtaining good channel estimates.

Next, we consider the max-min fairness metric, defined at the center cell as Upaxmin =
mink—(a?k)’ where 0% is the estimated channel variance at the jth BS for the kth UE.
maxy,(07,) J
The large difference between MUOB and OPR in terms of the max-min fairness is evident
from Figure 2.3. For example, with 101 UEs/cell, the max-min fairness metric converges to
0.755 with MUOB and 0.234 with OPR.. A simple calculation based on this shows that, in
the case of MUOB, the worst channel estimate will deviate from the best possible estimate
by at most 24.5%. However, with OPR, there exists a UE whose channel estimate at the
BS is 76.62% worse than the best-estimated channel. Note that Jain’s index requires
estimated channel variances of all UEs to quantify the overall fairness achieved by the

system. On the other hand, the max-min index reveals to what extent the best-estimated

channel deviates from the worst one.
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Figure 2.2: Convergence of Jain’s fairness index. The pilot length equals the number of
UEs per cell.

As the BS chooses its precoding vectors based on the estimated channels, pilot contam-
ination has a direct effect on the achievable spectral efficiency. We examine the per-UE
UL-DL sum rates achieved by these MUOB and OPR for different pilot lengths. We
consider 101 UEs/cell and a coherence interval of 600 channel uses. (At a UE velocity
of 100 m/sec, the Jakes’ correlation coefficient is 0.99 after each coherence interval [41]).
We define the “best case” as the rate of the UE, which achieves the highest rate, and
the “worst case” as the rate of the UE, which achieves the lowest rate, in the center cell.
From Figure 2.4, we see that the best achievable rate is obtained by the OPR scheme with
7, = 101. This is intuitive in the sense that using a pilot length that equals the number of
UEs balances the trade-off between pilot overhead and data transmission duration. The
crucial point to note is that the gap between the highest achievable rate and the lowest
in OPR is much larger than that obtained using MUOB pilots. This also corroborates
our observations about the behavior of the empirical cumulative distributions and fairness
metrics. Therefore, to provide uniformly good service across all UEs in a cell, pilot con-
struction via MUOB is a promising choice compared to OPR, especially when the pilot
length is limited.

These numerical experiments motivate us to consider MUOB-based pilots for CF-mMIMO
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Figure 2.4: Per UE UL-plus-DL achievable sum-throughput vs. SNR.

systems, which we discuss in the next section.

2.2.c MUOB for CF-mMIMO System

Now, note that UEs in cellular mMIMO systems are naturally clustered based on the
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BS serving them. However, no such clusters exist in the distributed MIMO case since
all the APs can potentially serve all the UEs. Hence, we need to appropriately cluster
the UEs before pilot allocation, making the CSI acquisition problem more challenging in
CF-mMIMO systems than their cellular counterparts. The current state of the art [42-44]
in CF-mMIMO systems considers the use of OPR among different UE clusters. One issue
with this approach is that a large amount of pilot contamination can potentially be incurred
if adjacent cluster-edge UEs from two physically proximal clusters share the same pilot
sequence. This, in turn, substantially degrades the quality of the channel estimates for that
UE at all nearby APs. However, this problem can be circumvented via suitably designing
non-orthogonal pilots. To the best of our knowledge, the problem of channel estimation
with non-orthogonal pilots (and, in particular, mutually unbiased orthogonal bases pilots)
has not yet been explored in the context of a CF-mMIMO system. Therefore, our goal in
this chapter is to analyze the performance of CF-mMIMO systems with quasi-orthogonal
pilots and to develop a strategy for pilot allocation to the UEs that can minimize the
effects of pilot contamination.

Our main contributions are:

1. We first derive a lower bound on the mean squared pilot contamination power in a
CF-mMIMO system with non-orthogonal pilots and arbitrary pilot assignment. We
show that pilots drawn from an MUOB codebook achieve this lower bound. (See
Theorem 2.2.)

2. We develop a low complexity AP-centric UE clustering algorithm for pilot allocation
to the UEs (See Algorithm 1.). The algorithm aims to minimize the pilot contami-

nation across the UEs for a given pilot length.

3. We derive the achievable UL and DL rates for this system. (See Theorem 2.3.)
Note that these expressions are developed for arbitrarily correlated pilots and are

applicable for both MUOB and OPR.
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Notation | Description
Cont,, Pilot contamination in the kth UE’s channel estimated at the mth AP
u Set of all UE indices
Oy Set of UE indices whose pilots are orthogonal to the kth UE’s pilot
U, Indices of the UEs clustered with mth AP
U, Indices of the UEs whose data is processed by the mth AP
A, Indices of the APs that jointly process the kth UE’s data
b The set of all pilot sequences with the kth sequence (column)
;. € C™ being allocated to the kth UE

Table 2.1: Symbols used in AP-centric clsutering and MUOB-based pilot design.

4.

Via numerical simulations, we validate our derived results and prescribe parame-
ter values that optimize the achievable rates in the system under study. We also
benchmark the performance of MUOB against the OPR-based channel estimation
technique, which has previously been used in [42,43]. We observe that MUOB pilots
with a pilot length 13 achieve a Jain’s fairness index value of above 0.999 for a 50
UE CF-mMIMO system, which is comparable to the case with no pilot contamina-
tion, i.e., pilot length 50 (see Figure 2.7). Also, with optimized pilot length, both
cluster-wise MUOB and unclustered MUOB uniformly outperform adaptive OPR as

well as unclustered OPR in terms of the achievable rates (see Figure 2.8).

The key takeaway of this work is that MUOB pilots can minimize the effects of pilot

contamination in a CF-mMIMO system for a given pilot length. Also, we can arbitrarily

allot pilots to UEs within each cluster, and do not require computationally expensive pilot

allocation algorithms. Furthermore, optimizing the pilot length significantly improves the

throughput achievable with MUOB pilots due to the inverse scaling of the correlation

between non-orthogonal pilots. Such properties make MUOB-codebooks an attractive

choice as training signals in distributed systems such as CF-mMIMO.

Notation: The key notations used throughout this section are described in Table 2.1.
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2.2.d System Model

We consider a TDD CF-mMIMO system consisting of M APs equipped with N an-
tennas each, jointly serving K single antenna UEs. The channel vector between the
mth AP and kth UE is modeled as f,; = /Bmrhme € CV, where the path loss com-
ponent [, is assumed to be constant for several coherence blocks, and the fast fading
channel, h,,; ~ CN(0,Iy), is estimated at the start of each coherence interval. Let
U=1{1,2,..., K} be the index set of all the UEs, and let their corresponding set of pilot
sequences be ® = {¢p,,@,,..., @}, with the pilot sequence ¢, € C™ allocated to the
kth UE, such that (¢, ¢,) = 1 [42]. Without loss of generality, we group the K pilot
sequences (correspondingly, UEs) into L clusters, with each cluster containing at most 7,
sequences, such that any pair of pilots within a cluster are mutually orthogonal. Thus,
7,1 > K. Note that L = 1 if all the pilot sequences are orthogonal (this requires 7, > K),
while . = K if none of the pilot sequences are orthogonal. In the sequel, for simplicity
of presentation, we assume that the pilot sequences can be grouped into L clusters, each
containing 7, mutually orthogonal pilots such that 7,L = K.

Let the kth UE transmit the pilot signal with an energy &, ;. Also, let the index set of
UEs whose pilots are orthogonal to the pilot transmitted by the kth UE be denoted as
Ok. That is, Oy, = {K' : (¢4, o) = 0,k € U}.

All the APs use the received pilot symbols to obtain minimum mean square error (MMSE)
estimates of the channel vectors to the corresponding UEs. Let fmk be the estimate of £,
such that f,,, = £, + £, with £,,5 ~ CN(0, (Bmi — a?,.)Ix) being the channel estimation

error orthogonal to flmk, where

é Spvk TanTp (22)

2
« .
mk N() + & ,kﬁkap + Cont,x



Chapter 2. 35

Here Cont,,;, represents the amount of pilot contamination in the kth UE’s channel esti-
mate, and is given as

Contyr = 3 & ibmil{e;, i)l (2.3)
JEUN{O Uk}

A detailed proof for (2.2) and (2.3) are available at Appendix A.1. Next, we formulate the
pilot design problem as one of min-max optimization based on the contamination derived

in (2.3).

2.2.e  Minimizing Pilot Contamination

The contribution of pilot contamination to the channel estimation error is minimized
when the inner product term [(¢;, ¢;)|* is uniformly zero. However, this is not possible in
a system with 7, < K. Hence, we seek to minimize the maximum inter-pilot correlation

to minimize (2.3), that is,

. : 2
P: min  max  |{p;, )] (2.4)
JEUNOLUR)

We have the following theorem.

Theorem 2.2. For a given pilot length 7, satisfying Vv K <1, < K and for 7,L = K, the
1

optimal value of P is —, and is attained when distinct MUOB-pilot codebooks are allocated
Tp

across clusters and the chosen pilot length 1, is either a prime number or a power of a

prime number.
Proof. See Appendix A.2. [ |

Also, from [34], 7, distinct orthogonal pilot codebooks can be constructed and allotted
to Tg UEs using MUOB-codebooks. In practice, we can choose the smallest prime or
prime-powered 7, for a given number of UEs, such that 7, > 7, and 7"5 > K. This way,

we can generate sufficiently many pilot sequences of length 7, to allot to all K UEs.
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We note that for prime values of 7,, ZC sequences allow for a fast implementation of
MUOBEs [38]. Since sequences generated by circular shifts of a ZC sequence are orthogonal
to each other for a given root, and since a ZC sequence of length 7, has 7, — 1 roots, we
can generate TI? — 7, MUOB pilots using ZC sequences. These TI? — 7, sequences coupled
with the columns of the 7, x 7, identity matrix form Tp2 distinct pilots for the given pilot
length.

Using the correlation structure of MUOB pilots, we can write the overall pilot contami-

nation at the kth UE as

Contmk = Z 5p7j5mj' (25)
JEUN{ O UKk}

For comparison, the overall pilot contamination in a system that uses OPR-based pilot

assignment is given as

Cont, = 7, > EpiBmij- (2.6)

J st {pp.p;)=1

Note that the contamination power in (2.6) scales with the number of clusters (also 7,)
in this case, as opposed to (2.5). The latter is due to the fact that the mutual correlation
of non-orthogonal MUOB pilots scales inversely as /7.

Having developed a technique for the optimal design of pilot codebooks, in the next
section, we present an AP-centric UE-clustering algorithm for pilot assignment to the

UEs.

2.2.f AP-Centric Pilot Assignment

We note that the natural UE grouping by associating each UE to its nearest base sta-
tion (BS) of a cellular mMIMO system is not appropriate in a CF system, as multiple APs
cooperatively process each UE’s signal. Consequently, AP-centric clustering is necessary to
minimize the pilot contamination among geographically close UEs. Thus, we now discuss

our proposed AP-centric UE clustering strategy, with each AP forming non-overlapping
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clusters with at most 7, UEs.” Hence, given M APs we set L = M. Our proposed strat-
egy is summarized in Algorithm 1, with d,,; being the distance between the mth AP and
the kth UE. We declare an AP as available if the associated cluster size is less than 7,,
and as overloaded if the cluster size exceeds 7,. In each iteration of this algorithm, we
associate unclustered UEs with the nearest available APs and ensure that none of the APs
is overloaded. The outputs of this algorithm are index sets U,,,,m € {1... M}, containing

UE indices clustered with the corresponding AP.

Remark 2.2. MUOB pilot codebooks are generated via ZC-sequences with 7, being a prime
number satisfying 7, > max{M — 1, K/M}. We cluster UEs into M groups, each con-
taining at most 7, UEs. Now, since 1, > K/M, the UEs within a cluster can be assigned
orthonormal pilots. This avoids intra-cluster pilot contamination. Also, since 7, > M —1,

we can assign a distinct block of pilots to each cluster.

Following this, the UEs within each cluster are assigned pilot sequences that are randomly
chosen from a unique block of MUOB pilots without replacement. For OPR, a set of
orthonormal pilots are assigned to UEs within a cluster and repeated across the clusters 35,
42,43]. We then employ the largest large-scale fading (LLSF) based AP selection [45] to
find the set of the UE indices whose data will be processed by the mth AP, denoted by U,,.
This is a superset of the mth AP’s pilot cluster. The cardinality of the set U,, is controlled
by a threshold parameter denoted by § € [0, 1]. Setting & = 1 leads U,, = U, ¥m. Following
this, using U,,, Vm, we can easily find Ay, the set of AP indices associated with the kth
UE. As an example, we demonstrate the clusters formed for one given UE distribution,
in Figure 2.5, such that each distinctly colored cluster is assigned pilots from one distinct
MUOB-pilot codebook. We observe that the UE of interest (as indicated) is jointly served

by two APs.

2The association /clustering is used only for assigning pilot sequences to the UEs. In a cell-free system,
the APs collaboratively serve all UEs.
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Algorithm 1: AP-centric UE clustering
Input: 7,, M, K, d,,;,, Ym & Yk
Initialization: A, = {1,2,... M}, U = {1,2,.... K}, U; =0, Vi € A,,.
Check: 7, > max{M — 1, K/M}.
[1]: while (|| # 0) do

[2]: for i € length(U/) do

3]: Find: m’ = ming, e 1, i
[4]: Update: U, = U,y Ui}, U =U\ {i}
[5]: end

/* Manage the overloaded APs */
[6]: for j € A, do

[7]: if |U;| > 7, then
[8]: Retain only the 7, nearest UEs in U
[9]: Move the dropped UEs back to U
[10]: Update the available APs: A, = A, \ {j}
[11]: end
[12]: end
[13]: end

Output: U,,: UEs associated with mth AP, Vm.

Remark 2.3. The clusters formed according to Algorithm 1 are used to allocate MUOB
pilots across clusters. Due to the constant correlation (i.e., 1/7,) among the inter-cluster
UFEs, the contamination strength is independent of how we assign pilots from each MUOB
codebook to the UEs within a given cluster. Therefore, the UEs within each cluster are ran-
domly assigned pilot sequences drawn from one block of MUOB pilots without replacement.
Then, there is no pilot contamination from UFEs within a cluster and a fized contamination
from UFEs in other clusters, reqardless of how the pilot sequences are assigned to the UFEs
within each cluster. This is a key advantage of MUOB, namely, that we completely obuviate

the need to solve a pilot assignment problem based on inter-cluster UE distances.

Now, in CF mMIMO systems, OPR may lead to poor performance because each UE
is served by multiple APs. Due to this, using 7, < K may result in multiple UEs being

served by the same AP using the same pilot sequence, leading to severe pilot contamination
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Figure 2.5: A realization of the system model. The blue squares denote the AP positions,
and solid circles denote the UEs.

and loss of performance. Therefore, for a fair comparison with OPR-based pilot allocation,

we allow the pilot length with OPR to exceed 7, and propose a technique for generating

pilot sequences in Algorithm 2, which we call adaptive OPR. The algorithm ensures that

if any UE is being jointly served by more than one AP, then the assigned pilot of that

particular UE is orthogonal to all the other UEs being served by the corresponding APs.

We note that the threshold parameter § acts as a trade-off between the amount of pilot
/

contamination and the pilot length (7).

Remark 2.4. Note that in the case of adaptive OPR, the parameter § also controls the

pilot length 7,, unlike MUOB, where T, is independent of ¢.

Remark 2.5. The worst case order of our proposed clustering Algorithm 1 is O(K*M).
However, this clustering only needs to be performed in the time scale over which the large-

scale fading coefficients change. Further, Algorithm 1 is sufficient to allocate MUOB pilots



Chapter 2. 40

Algorithm 2: Adaptive OPR
Initialization: &, =0,Vj=1,2,..., M
[1: Find 7, = max{ [ |, U, ... U}
(2]: Define Z = {iy,...,in} st. Uy | > U] > ... Uiy, |

8] if 7, > 7, then

[4]: ‘ Generate: New pilot codebook: ® € C»*"
[5]: else

[6]: ‘ Set: ® = & € C»*™ (initial codebook)

[7]: end

[8]: for j =1 :length(Z) do

[9]: Find the UEs in Z/N{ij, if any, to which pilots have been assigned in the previous
iteration(s)
[10]: Store those pilots in (i’j
[11]: Randomly assign pilots to the remaing UEs in Z:{,J from 'i'\i)j without
replacement
[12]: end

because of the constant correlation property as discussed in Remark 2.5. For adaptive OPR,
we need Algorithm 2 to mitigate inter-cluster pilot contamination, which has worst-case
order complexity of O(M). Therefore, with a very low complexity, the clustering algorithm
can procure the benefits offered by MUOB codebooks.

2.2.g Performance Analysis

In this section, we analyze the throughput of the proposed system. Our analysis is
applicable to any choice of pilot codebooks, including pilots from MUOB codebooks and
pilots allocated using OPR. Let the kth UE’s transmitted symbol be s, ;. (E[|s.x|?] = 1)
with energy &, ;. The UL signal transmitted by the kth UE is processed by the APs whose
indices are included in the index set A;. Fach AP processes these UL signals via maximal
ratio combining. Therefore, the processed kth stream of the received signal at the CPU

becomes

Z Z\/ﬁfﬁkfmzsm + Z fgkwm,

meA 1eU meAy
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with w,,, ~ CN(0, NoIy).

Similarly, let the DL symbol indented for the kth UE be denoted by s4, with E[|sgx|?] =
1. In the DL, the mth AP serves the UEs whose indices are contained in the index set
U,,. For simplicity, we assume equal power distribution among the APs, and let pa be
the maximum normalized (as a multiple of the noise variance Ny) power transmitted by
each AP [45]. Assuming reciprocity-based matched filter precoding in the DL, the signal

transmitted by the mth AP can be expressed as

rgm = Z vV Pdeif;LiSd,i,

i€Um
where the power control coefficients, G, Yk € U,,, are designed such that E Iramll?] < pa

Also since, f* . € CN (0,02 Iy),

. 1
> G [l <1 = 3 Guiad < 5 )
1€UM 1€UM
Optimally solving (2.7) is beyond the scope of this chapter, however, considering each AP
to transmit at the maximum allowable power, we can set G, = 1/(N > ;7 a?,),Vk € Uy,.

We consider that a fraction A (A € [0,1]) of data transmission duration, i.e., (T — 7,), is

allotted for UL.

Theorem 2.3. The achievable rate of the kth UE can be expressed as

Ry = (1 — %) [Aogy(1+73) + (1 = A) logy (1 + 7)),

where
u Ng“’k(zméflk a’?nk>2
Yo = N ConT® - 5 (2.8a)
ohI} + NCohI} + No D  ca, Qo
N2 a2, )?

N2 CohI{ + N NCohI{ +1’
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with the respective terms are evaluated as

2
COhIk é gu,l“PkH(PlP ( mEAk Oé?nk’ Epkﬁ k;) Y (29&)
p? m

ieU\{k}
NCohTy £ "Eui Y apBmi (2.9b)
€U meAy
Evr B i

k Mmk
carfs 3 pielio (3 oboln[E20) . s

iel\{k} mEA; P mme
NCOhI{ £ pg ) > a2 CnilBuk- (2.9d)

1€EU mEA;

Proof. The proof is available in Appendix A.3. [ |

We observe that the choice of pilot sequences controls the coherent interference power in
the UL and the DL, i.e., CohI¥ and CohI¢ that in turn determines the achievable rates.
We have earlier shown that for any given pilot length, MUOB pilot codebooks minimize
the coherent interference regardless of the underlying pilot assignment strategy, hence

maximizing the achievable rate.

Remark 2.6. We note that the results in Theorem 2.3 are based on the channel hardening-
based bounds, commonly known as use-and-forget bound. It has been experimentally vali-
dated in the literature that the use-and-forget bounds are close to the ergodic capacity under
hardening propagation environments (i.e., the independent Rayleigh channels, which is the
case with our analysis), even when the number of APs is small. Further, we underscore
the fact that hardening-based analysis helps us find insightful closed-form UL and DL SE

expressions that, in turn, reveal the interdependence of various system parameters.

2.2.h  Numerical Results

We use the setup in Figure 2.5 with M = 8 APs, each equipped with N = 32 antennas.
The UEs are deployed uniformly at random over a square area of size 1 km?, and we

consider 10° realizations of the channels. The path loss exponent and the reference distance
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with respect to each AP are taken as 3.76 and 10 m, respectively [42]. We assume a
coherence block to consist of 200 channel uses, corresponding to a coherence time of 1
ms [42,46]. The pilot and data SNRs are taken as 10 dB, with A being 0.5. We compare
the proposed MUOB pilot codebook-based channel estimation with the established OPR
technique as presented in [42]. We also compare the performance of MUOB with adaptive
OPR where the pilot contamination between inter-cluster UEs is mitigated as described
in Section 2.2.f. We now state the three schemes of pilot allocation and data processing

employed in our experiments:

1. Cluster Wise MUOB |[1,, = x,0 = y/: We form the clusters using Algorithm 1 setting
7, = x, and then assign pilots from a distinct MUOB codebook at each cluster. Then,

we apply an LLSF-based AP section with § = y for joint data processing.

2. Cluster wise OPR |1, = x,§ = y/: We form the clusters using Algorithm 1 with
7, = x, and reuse a single set of orthogonal pilots across clusters. After that, we use
the LLSF-based AP section method with § = y to find the APs that jointly process

the data of each UE.

3. Adaptive OPR [§ = y]: We first form the cluster using Algorithm 1. Next, we
apply LLSF-based AP section with § = y to find the sets U,,, Vm. Then we assign
pilots using Algorithm 2 which will result in a pilot length 7, € [, [U/|] depending

on 9.

We first evaluate the effectiveness of MUOB pilots for channel estimation against cluster-
wise OPR and adaptive OPR. We do this by plotting the complementary cumulative
distribution functions (CCDFs) of the NMSE of estimated channels in Figure 2.6. For
each of the three schemes, we measure the NMSE of a particular UE at the APs that are
involved in joint processing, and average the error variances over the number of associated
APs. Thus, the x-axis of Figure 2.6 is ﬁ > mea, (1 =p./Bmi), Yk € U. We can observe

that MUOB pilots render channel estimates with considerably lower error variance as
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Figure 2.6: CCDF of NMSE of the estimated channels with K = 40.

compared to cluster-wise OPR. As adaptive OPR reduces contamination by increasing
the pilot length, for certain UEs, it can achieve better channel estimates. However, the
probability that the NMSE is greater than —3.5 dB with MUOB is almost zero, whereas
the NMSE under adaptive OPR exceeds —3.5dB at least in 20% of the cases even with
0 = 0.85. We also observe that if the pilot length is increased, as in adaptive OPR, MUOB
significantly outperforms adaptive OPR. Therefore, a simple clustering-based algorithm
can attain better channel estimates with MUOB pilots.

Next, in Figure 2.7, we compare the fairness offered by these pilot allocation schemes via
Jain’s utility index [35], which is defined as J(a) = (30—, 021/ Bi)? | K S 1 (020 ) Bnie)-
For § = 1, Algorithm 2 generates orthogonal pilot codebooks (i.e. 7, = K) for all the UEs,
which results in a Jain’s index of unity for all UEs. We observe that MUOB pilots can
achieve nearly the same fairness as a system with no pilot contamination. Furthermore,
even as the number of UEs increases, MUOB pilots retain overall fairness.

We observe that the pilot length represents an important trade-off between the amount of
pilot contamination and the usable frame duration. We observe in Theorem 2.3 that CohI}

and CohI{ are dependent on |(¢,, ®;)|> which scales as 1/7, under MUOB. However, if 7,
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Figure 2.7: CDF of Jain’s Index and fairness variation with UE load.

becomes comparable with coherence interval (7), the pre-log factor (1 — 7,/7) degrades
the SE. Thus, the right choice of the pilot length with MUOB is important for obtaining
optimal performance. Although optimally solving for 7, in Theorem 2.3 is beyond the

scope of this work, we numerically solve the following problem:

maxz Ry, (2.10)

_ [z, 7], Cluster wise OPR & Cluser wise MUOB
subject to 7, € (2.11)

[7,, 7], Adaptive OPR,

where z and 7, are as defined at the beginning of this section. We plot the average
optimized SE against the UE load in Figure 2.8. We observe that MUOB pilot codebooks
with optimized pilot lengths substantially improve the average throughput compared to
adaptive OPR. Also, with increasing ¢, more APs contribute to joint data processing, which
improves the per UE rate. Furthermore, at optimal pilot length, the coherent interference
is also minimized under MUOB-pilot books, unlike any OPR technique, where both the

interference and the effective channel gain increase linearly with the pilot length.
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Figure 2.8: Pilot length optimized SE vs. UE load (K).

In summary, our numerical results reveal that MUOB-based pilots can achieve better
system fairness as well as throughput compared to conventional OPR.

Now, we note that, although MUOB benchmarks the best that can be done via random
allocation and with quasi-orthogonal pilots, we require an initial AP-centric UE clustering
for the pilot assignment. On the other hand, although the proposed adaptive OPR im-
proves the performance over random OPR, it incurs additional pilot overhead. Thus, the
question we next ask is whether we can improve over random allocation, however, without
AP-centric clustering and without incurring additional pilot overhead. We will address

this next.

2.3 Iterative NMSE Based Pilot Allocation

We note the algorithm developed in the previous section requires an AP-UE clustering
algorithm, and we have shown that MUOB pilots with the clustering algorithms offer
superior performance compared to random and adaptive OPR. Now, we look at the pilot

allocation algorithm, where we can improve the performance of OPR without the need for
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an initial clustering algorithm. This is the main focus of this section.

2.3.a Channel Estimation

The channel estimation procedure remains the same as discussed in Section 2.2.d. How-

ever, for notational convenience, we rewrite o2, in (2.2) as follows: f,,,~CN (0,2, Iy),

where,
Uty = ConkTpEp kB (2.12)
and
Cok 2 (& kBt + 75 > EpinBm + No) ™. (2.13)
neT,\k

The estimation error, denoted by £.2f, — fmk, is distributed as CN(0,a2,Iy), with
i = \/m. Here, we denote the indices of the UEs employing the pth pilot
sequence by the set Z,,. Note that the cardinality of Z, indicates the repetition factor of
the pth pilot sequence, such that Z;p: . |Z,] = K. This notation will later come helpful

in Chapter 4.

2.3.b Iterative Pilot Allocation Algorithm

2
mk?

Now, a UE with a good channel estimate at the mth AP has a high o2, = ¢,kTpEpk
where ¢, accounts for pilot contamination. As the distance between kth and nth (k,n €
7,) UEs decreases, the values of o2, and a2, decrease, resulting in worsening of the
channel estimates for both UEs. Hence, we first arbitrarily allocate pilots to all the K
UEs, and then we find the UE k* with the least value of a,,; to its nearest AP, that is,
k* = arg miny av,k, where m is the index of the AP closest to UE k. If ¢,. is the associated
pilot for this UE, we reallocate a new pilot sequence to this UE from {¢y,..., ¢k }\ @
so that a,,,+ is maximized. We repeat this iterative process either up to a predetermined
number of iterations or if no other pilot sequence from {¢, ..., ¢y }\ @~ improves a,, i+,

or if a« exceeds a certain threshold for all UEs. The overall recipe is presented in
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Algorithm 3: Iterative Pilot Allocation
Initialization: Z, for 1 < p < 7,, Number of iterations = Nj,,, Set: i =0
Calculate: d,,;, forallk e, me A

Define: mj = argmind,,;,

Calculate: Qmk fo;"nall kel

Initialization: o, = max ay,x
q A k
[1]: Qmin = Min QOmrk
k

[2]: while (i, < a,) 68 (i < o) 86 (1 < Nye,) do

[3]: k* = arg m}jn ke

[4]: Qg = Opin

[5]: for 1 <p<r7,do

[6]: Z,=1,U{k*}

[7]: ap = O‘mik

[8]: end

[9]: p* = arg maxa,

2

[10]: Reallocate k to Z,
[11]: Update: ap, = mkin Qi k
[12]: Set: 1 =1i+1

[13]: end

Algorithm 3.

Remark 2.7. Here, we have assumed that the knowledge of the path loss coefficients
is available at the APs, which is a common assumption in CF-literature [10, 19, 21, /7.
Essentially, the path loss coefficients are slow-fading components and remain constant over
several coherence intervals; therefore, at the beginning of each coherence interval, only the
fast-fading components are estimated at the APs. Also, when a UE “registers” with the
enB/network, it must exchange the primary/secondary synchronization signals with the
APs to perform the random access channel (RACH) procedure and then register itself with
the AP/core network. During this process, in the RACH message, the UE can include
information about its large-scale fading and path loss coefficient. In this way, the APs

can be aware of the path loss coefficients before allocating the pilot and training. The
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randomness in the path loss coefficients depends on the UE distribution, and therefore,
the estimation of such parameters requires scholastic geometry-based analysis, which is a

completely different line of work in contrast with our current model.

We illustrate the effectiveness of the proposed algorithm in Figure 2.9. In the cell-based
allocation scheme, since 7 — p = 25, we consider 4 equal-sized cells in the system, assign
each UE to its nearest cell center, and allot orthogonal pilots to the UEs within each cell. In
case the number of UEs in any cell exceeds the pilot length, we set the pilot length to equal
the maximum group size, thus maintaining the orthogonality of the pilots within each cell.
This reduces pilot contamination within each cluster of UEs and, therefore, outperforms
random pilot allocation. However, we see that pilot allocation according to Algorithm 3
significantly improves the overall SE compared to both cell-based grouping and random
pilot allocation schemes. The advantage of our pilot allocation algorithm is that it can be
executed without the knowledge of UL/DL SINRs. Later, when we introduce a based CF
system, we shall see that an algorithm that can allocate pilots without the requirement
for exchange of UL and DL SINRs can help us decouple the problem of pilot assignment
and AP scheduling.

Now, we note that both the MUOB-based pilot design and the associated AP-centric
clustering and the iterative pilot allocation algorithm proposed in Section 2.3.b consider a
predetermined length of pilot signals. Hence, we next consider the channel estimation for
CF-mMIMO while minimizing the required pilot length. Also, we develop a UE-centric
clustering algorithm, unlike AP-centric clustering (see Algorithm 1) in the preceding sec-

tion, which is scalable with any number of APs and UEs.

2.4 Pilot Length Minimization

Until now, we have developed algorithms with a pre-determined length of pilot signals.
Even this is the case with most of the existing algorithms in CF-mMIMO literature, as

alluded to in Section 2.1. For the reader’s immediate reference, we provide a catalog of
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Figure 2.9: CDF of the achievable sum UL-DL SE under the pilot allocation obtained
from Algorithm 3. Here, K = 100, 7, = 25, Njter = 1000, and pilot SNR = 20 dB.

the notable works on channel estimation in CF-mMIMO in Table 2.2. In contrast to the
existing works, where algorithms are designed for predetermined pilot length, we posed
a pilot length minimization problem and presented a low-complexity yet effective pilot
allocation scheme that ensures no contamination among the subset of APs in the vicinity
of every UE and also attains such an allocation while minimizing the required pilot length.
We viewed the pilot assignment as a vertex (representing the UEs) coloring problem where
the vertices connected by an edge (implying that UEs share a common AP) are colored
distinctly using a minimum number of colors and solved this NP-complete problem via an
algorithm that procures optimal coloring for bipartite graphs, which is the case for our
problem. The advantage of our pilot allocation strategy is that, we do not incur additional
signal processing overhead in terms of SINR exchange between APs and CPU, and we can
decouple the problem of pilot allocation and AP scheduling, which makes our solution
attractive from an implementation perspective.

In summary, our key contributions are:
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Ref.

Problem considered

Pilot length
minimization

Overhead (front-haul load)

Method

Greedy [19,48]

Maximize the worst
UE’s rate

No

SINR exchanges are required

Iterative method (no
convergence guarantee)

Minimize the worst

Only UE locations/large scale

Iterative method (no

Greedy [33] ) No ) )
UE’s MSE at all APs information convergence guarantee)
Pilot Reuse [22] | Maximize sum UL rate | No SINR exchanges are required Either pilot reflse criteria is met or
or when all pairs of users are tested
Structured [49] Maximize th.() distance No iny UE locations/large scale | Cluster of UE? based on
between copilot UEs information k-means algorithm
. - . Iterative method (best solution
Tabu-search [30| | Maximize UL rate No SINR exchanges are required . . .
depends on maximum iteration)
Scalable CF [50] Dlétrlbuted pilot No iny UE_ locations/large scale Dynamic cooperation clustering
assignment information
Tinimicinoe 1nas ati 5 /]¢ S0 i > - <
Pilot power [32] Minimising maximum No Only UE locations/large scale | Pilot power control over random

NMSE

Proposed
Scheme

Pilot length
minimization and joint
AP-UE clustering

information

allocation

Only UE locations/large scale
information

Algorithm procures
optimal result for bipartite graph

Table 2.2: Existing algorithms and our proposed method: a comparative survey.

1. We propose an AP-UE clustering method and formulate a pilot length minimization

problem with the constraint that intra-cluster UEs (i.e., the UEs connected to a

common AP) are allocated orthogonal pilots.

2. We recast the above problem as a vertex (representing the UEs) coloring problem

where the vertices connected by an edge (implying that UEs share a common AP)

are colored distinctly using a minimum number of colors. We then solve this NP-

complete problem via an algorithm called DSATUR, which procures optimal coloring

for bipartite graphs, which is the case for our problem.

Our numerical results show that the proposed algorithm outperforms the random or

greedy pilot allocation methods in terms of the minimum mean squared error (MMSE) of

the estimated channels and the achievable SE.

Next, we discuss our clustering and pilot length minimization problem and, subsequently,

our proposed solutions.
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Figure 2.10: CF-MIMO system model. Here, pilot signals ¢, ¢,,, and ¢, are mutually
orthogonal.

2.4.a UE-Centric Clustering & Pilot Allocation

As mentioned earlier, in CF systems, APs jointly serve the UEs. Thus, physically proxi-
mal UEs should not reuse the same pilot sequences even if their nearest APs are different.
On the other hand, assigning pilot sequences so that the received signals at all the APs
are contamination-free requires a pilot length at least equal to the number of UEs, which
in turn reduces the duration available for data transmission. However, we note that al-
though all the APs can serve all the UEs, only a subset of APs within the vicinity of a UE
receive a signal with sufficient strength for decodability. In other words, at a given AP,
the pilot contamination caused by a UE located far away is minimal due to path loss and
shadowing. This is illustrated in Figure 2.10. Here, although all the APs can potentially
serve all the UEs, due to path loss, the pilot contamination due to ¢, ¢,, and ¢, is
negligible at the jth AP’s received signal. However, with respect to m and m’th AP, all
three marked UEs are in proximity; thus, reusing pilots among these UEs results in severe
pilot contamination.

Hence, we consider a UE-centric clustering and ensure that given any UE, the received

signals at the APs within its cluster are contamination-free. We emphasize that all the
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APs can still participate in data processing to/from all the UEs; we enforce orthogonality
within the clusters only for the purpose of pilot allocation. This is illustrated in Figure 2.12,
where the kth UE is connected to the mth and m’th AP. Thus, the pilot assigned to the
kth UE should be orthonormal to all the UEs served by both the mth and the m/th APs.
Next, we discuss how to form such clusters.

We define the following sets:

U = {m s.t. |lug — anl| < 7o, ¥Ym e A}, Yk el (2.14a)

A 2 {k st |[ug — ap|| < 7o, VE €U, Ym € A, (2.14b)

where U and A are the set of UE and AP indices, u; € R? and a,, € R? are the locations

of the kth UE and mth AP, respectively, and
ro £ max {Il?eaifl)( ks dSNRO} , (2.15)

where my, is the AP index closest to the kth UE, i.e., if d,x = ||ux — a,,| denotes the
distance between the mth AP and the kth UE, then d,, x = min{d;, Vm € A}. Also,
dsnr, is the distance from any UE where the received SNR is at least yyn, i.€.,

N d
dSNRo = m{?X {%() 2 ’Ymin} )

with 8(d) = (d/dy)""", dy is the reference distance, and PL is the path loss exponent.

Here, N accounts for the array gain. This choice of r, ensures that:

1. There is no UE that is not connected to any AP. In particular, every UE is connected
to at least one AP even if the received signal strength to its nearest AP is below

Ymin s i.e., if maxgey dmkk > dSNRo‘

2. Every UE is connected to all APs where the received signal strength is > .. How-
ever, in a dense deployment where maxyey d, x < dsngr,, Unnecessary connections of

UEs to APs where the received signal strength is below 7, are avoided.
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With the clusters as defined above, our pilot length minimization problem is

min 7y

subject to (@), Pisry) = 0, Yk, k' € A, Vm € Uy, (2.16)

The constraint above ensures that any two UEs that are connected to a common AP are
assigned orthogonal pilot sequences, thereby avoiding pilot contamination at APs where
it is important to form high-quality estimates of the channel from that UE. Note that
the above pilot assignment is only based on the UEs” and APs’ locations and not on the
channel state instantiations.

We recast (2.16) as a graph coloring problem. We define a graph G = {V, £}, where the

vertex set ) represents the UEs, i.e., U, and edge set is defined as
& £ {ekk/ s.t. Uk ﬂZ/{k/ 7é @;Vk, k/ € Z/{} .

Thus, if two UEs, indexed by k and £/, are connected to at least one common AP, there
is an edge between them. A color assigned to a vertex represents the pilot sequence
assigned to that UE. Then, to satisfy the constraint in (2.16), we must ensure that any
two connected vertices have distinct colors. On the other hand, if two vertices are not
connected by an edge, they can potentially reuse the same color (pilot sequence). Now, let
C be the set of distinct colors, and C(k) indicate the color assigned to the kth UE. Then,

the equivalent coloring problem becomes

min |C|
subject to C(k) # C(K'), if expr € E,VE, k' € U. (2.17)
From the above arguments, we have the following proposition.

Proposition 2.1. The pilot length minimization problem in (2.16) and the graph coloring

problem in (2.17) are equivalent.
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Figure 2.11: Bipartite graph coloring view of the pilot allocation problem.

Proof. Let P = {¢, ¥, ..., cpr} be a set of orthonormal pilots. Every color in the set
C can be mapped to an orthonormal pilot sequence in P. Thus, minimizing 7, i.e., the
cardinality of P, is equivalent of minimizing the cardinality of C. The constraint in (2.16)
says that any two UEs connected to at least one AP are assigned orthonormal pilots.
Now, while forming the graph, we connect two vertices (UEs) if and only if both UEs are
connected to at least one common AP (say, the mth AP). Thus, requiring that any two
vertices connected by an edge be colored differently is equivalent to requiring that any two

UEs in the set A4, be assigned orthonormal pilots. [

The coloring problem in (2.17) is NP-complete [51, Chapter 3|. Now, we observe that the
existing algorithms cannot be directly applied as a solution to our problem, nor are they

directly comparable as the involved problems are different (see second column of Table 2.2).
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Therefore, to solve (2.17), we first recast the problem in (2.17) as a bipartite graph coloring
problem, where there are two sets of nodes representing APs and UEs, and edges between
them represent the connections defined by (2.14). That is, we have an edge between
the kth UE and the mth AP if the distance between them is < r,. This is illustrated
in Figure 2.11. This bipartite graph coloring problem can be solved efficiently using low
complexity greedy techniques, such as the DSATUR algorithm [52]. We summarize the
solution in Algorithm 4.

The DSATUR algorithm procures optimal coloring for all bipartite graphs [52] in terms
of minimizing the number of distinct colors. In each iteration, Algorithm 4 operates as
follows. It first selects the vertex among the uncolored vertices based on the number of
connected colored or uncolored vertices. Once a vertex is chosen, it is assigned a color that
has not been assigned to the vertices connected to it and has been reused the least number
of times. If no such color is available, a new color is assigned, and the set C is updated.
Finally, we generate |C| orthonormal pilot sequences each of length |C| and assign pilot
sequences to UEs based on the UE-to-color mapping returned by the algorithm.

The attractive features of Algorithm 4 are: the algorithm does not require an exchange of
instantaneous UL/DL SINRs for pilot allocation, unlike existing algorithms [22,29,30]. As
a consequence, apart from time-division duplex (TDD), this algorithm is applicable for a
wide range of duplexing schemes, including dynamic TDD [33] and full-duplex [23,24,53],
where channel estimation is often performed at the beginning of each coherence interval,
and the DL precoder is designed based on reciprocity.

Complexity Analysis: We note that complexity of Algorithm 4 is O(K?), which is sub-
stantially less compared O(TPK ), complexity of an exhaustive search. The complexity of
the greedy methods presented in [19] and [33] are O(M K'), and random search is O(K).
In the section, we empirically show that Algorithm 4 uniformly outperforms both [33]
and random allocation, and even fully orthogonal allocation at a high UE load. Further

comparisons are provided in Table 2.3.



Chapter 2.

57

Algorithm 4: Pilot Allocation via Graph Coloring

Input: U ={1,2,...,K},C=10

(1]: while U/ # () do

[2]:

/* Stage 1: Select the uncolored vertex */
Select the k € U that has the maximum number of distinct colored vertices

connected to it.

[3]: If there is more than one such vertex, choose the k € U within the subset of
vertices with the maximum number of distinct colors with the maximum
number of vertices connected to it.

[4]: Choose any k € U at random if there is more than one such vertex.

/* Stage 2: Assign the least used color from the set of
available colors */
[5]: Assign color ¢(k) to kth vertex such that

c(k) =min ¢(p) € C
subject to c(k") # c(p),
\vi 4 - {l s.t. ey € 8}

/* Stage 2a: Assign a new color */
l6]: | if c(k) =0 then

[7]: Assign a new color ¢(k) to vertex k

[8]: Update: C < CUc(k)

[9]: end

[10]: end

Method Complexity | Method Complexity
Random assignment O(K) A. Lozano et al. [49] | O(MK (KT, + 1))
Greedy (rate based) [19,48] | O(K M) Y. Zhang et al. [31] | O(KM(7, + 2)
Greedy (NMSE based) [33] | O(KM) H. Liu et al. [46] O(K(K +2M) + KM log, M)
Exhaustive O(rK) Proposed

Table 2.3: Complexity of various pilot assignment schemes. Here, M, K, and 7, correspond
to the number of (UL and DL) APs, (UL and DL) UEs, and the pilot length. Here, NMSE

based method corresponds to Algorithm 3 described in the preceeding section.
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Figure 2.13: Graph formed by connecting UEs (vertices) that share common AP(s).

Remark 2.8. The key difference between Algorithm 1 and the clustering rule presented

in Section 2.4.a is that the former is an AP-centric clustering and applies for only a
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Figure 2.15: All lines emerging from a UE have the same color, and all the lines merging
into an AP have distinct colors.
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pre-determined pilot length. However, the joint AP-UFE clustering in Section 2.4.a is UE-
centric and thus more suitable for CE-mMIMO. Further, the cluster sizes can be optimized

by choosing o in (2.15) for a given pilot length and coherence duration.

2.4.b Numerical Results

Here, we present a few experimental results based on the algorithm developed in the
previous section to illustrate the efficacy of our pilot allocation scheme. We consider a
square area of side 1 km where UEs are dropped uniformly at random locations. The APs
are placed on a square grid for uniform coverage [33]. We take 5,000 random channel

instantiations for Monte Carlo averaging. The large scale fading between the mth AP and
PLmk: + Qish.Zmik

the kth UE is modeled as f3,,, = 10 10 , where the path loss PL,,; follows the

three-slope model in [19], agn, = 6 dB, and z,;x ~ N (0,1). The system bandwidth and
noise figure are taken as 20 MHz and 9 dB, respectively, which gives a noise variance of
—92 dBm. The coherence interval (denoted by 7) consists of 200 channel uses [20].

In Figure 2.12, Figure 2.13, Figure 2.14, and Figure 2.15, we illustrate the AP-UE con-
nectivity and the pilot assignment via an example. To understand the allocation on a small
scale, we take 8 APs over a 500 square meter area. Figure 2.13 illustrates the formation
of the uncolored graph where two vertices (UEs) are connected if they share at least one
common AP as per Figure 2.12. Figure 2.14 shows the assignment of the pilot sequences
via the corresponding colors of the UEs. Next, Figure 2.15 demonstrates the outcome
of the algorithm via a bipartite graph, where the nodes on the left-hand-side represent
APs, and the right-hand-side nodes are for UEs. There is an edge if an AP and UE are
connected via the set A,,. We observe that all the edges emanating from an AP have
distinct colors, which implies that all UEs connected to that AP are assigned orthonormal
pilots. On the other hand, all the edges emanating from a UE have the same color, i.e., a
single orthonormal pilot sequence is used by a UE.

We compare the proposed algorithm with the greedy pilot allocation presented in [33].
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Figure 2.16: NMSE in the channel estimate as a function of pilot SNR and comparison
with existing approaches.

We also compare against a random pilot allocation scheme.” In Figure 2.16, we compare
the performance of the pilot allocation scheme in terms of the NMSE in channel estimation
at the APs as a function of pilot SNR. The pilot allocation returned by Algorithm 4 leads
to considerably lower NMSE than the greedy method. Also, as we increase the value of
To, the cardinality of Uy in (2.14a) increases. This leads to a higher value of pilot length,
and hence, the NMSE decreases even further. Figure 2.17 illustrates the minimum pilot
length required for a given UE density and r,. Even with a large number of UEs, say 500,
the pilot length is only one-tenth that required for allocating fully orthonormal pilots.
Next, in Figure 2.18, we illustrate the effect of the pilot allocation rendered by Algo-
rithm 4 on the sum UL SE of a time-division duplex (TDD) based CF-MIMO system

3For both the greedy and random allocation schemes, we take the pilot length returned by our algorithm
and assign that many pilots across the UEs.
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Figure 2.17: Scaling of pilot length with number of UEs (K). Algorithm 4 requires less
than 20 pilots for the assumed choice of r,, which is 4% of the total UEs at K = 500.

considering zero-forcing combining. We also plot the sum UL SE attained via orthogo-

T—Tp

nal pilot allocation. The sum UL SE is evaluated as
-

the UL signal to noise plus interference ratio (SINR) of the kth UE is given in (2.19).*"

K
> log, (1 + SINR, ), where
k=1

Observe that, in the case of orthogonal pilots, SE does not suffer from coherent interfer-

m=1 Qi

2
ence (see (N —1,) Zz‘epl(k)\k Eui (ZM 2 ) in (2.19)), unlike the case where pilots are

being reused. However, for orthogonal pilots, as 7, = K, the beamforming gain is also

reduced by a factor (N — K). Further, the pre-log factor 7™ can substantially degrade
T
the SE as K becomes comparable to 7, as K gets large. This trade-off is noticeable in

Figure 2.18, where, as the UE load increases, the SE attained when we use the Algorithm 4

4The derivation of the UL SINR for TDD case is a generalization of what is presented in Chapter 5 in
the sense that SINR, ; can be obtained considering only UL APs and UL UEs in the system.

®Here, &, is the UL transmit power of the kth UE. All the UEs transmit at the same power, with
Euk/No=20dB for all k € U.
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Figure 2.18: Sum UL-DL SE vs. the number of UEs. Our proposed algorithm outperforms
(see the shaded region for M = 128) the use of orthogonal pilots as the number of UEs
increases. The acronyms are: OP: orthogonal pilots across UEs, Proposed: our proposed
algorithm, RPA: Random pilot assignment. Normalized MSE based greedy assignment
corresponds to Algorithm 3 [33], and rate-based greedy assignment corresponds to [19,48].

is considerably higher than the SE under orthogonal pilots. This underlines the utility of
pilot reuse in a CF-MIMO system. Further, in Fig. 2.19, we plot the CDFs achieved via
different pilot allocations and observe that our proposed algorithm uniformly outperforms

existing iterative and greedy methods [31,46,49|.

Remark 2.9. As the graph coloring-based algorithm procures the best results compared to

the previous algorithms, we use it in the subsequent chapters for pilot allocation.

2.5 Chapter Summary

The benefits of CF-mMIMO rely heavily on the locally available CSI quality at the APs.
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Figure 2.19: CDF of the sum UL-DL SE with K = 80 and M = 64 under different pilot
allocation schemes. This experiment illustrates the superiority of the proposed scheme
over several existing methods. Here, the legends H. Liu et al., A. Lozano et al., and Y.
Zhang et al. correspond to the methods proposed by the authors in [46], [49], and [31],
respectively.
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This chapter explored three separate approaches towards the issue of channel estimation
and pilot allocation for CF-mMIMO systems. We first tackled the CSI-acquisition problem
via quasi-orthonormal pilots and UE clustering in Section 2.2. We demonstrated that, in

CF-mMIMO systems, pilots from MUOB codebooks minimize coherent interference among
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the set of quasi-orthogonal pilot sequences. Next, we pointed out that ZC-sequences could
be adopted to construct MUOB pilot matrices that comply with the 5G-NR standard. Ad-
ditionally, we developed an AP-centric clustering algorithm for the pilot assignment. Our
numerical findings illustrated that, in comparison to OPR, MUOB-based pilots procured
superior throughput and fairness.

Next, we developed an iterative pilot allocation algorithm (see Algorithm 3) that obviated
the need for initial AP-centric clustering. We have numerically illustrated the performance
of the proposed algorithm in comparison with OPR and other comparable schemes.

Finally, we observed that the above two methods and also the existing works on channel
estimations in CF-mMIMO literature focus on pilot design or pilot allocation given a pre-
determined length for the pilot sequences. Hence, in Section 2.4, we minimized the number
of pilots required to ensure orthogonality among the UEs in close proximity via formulating
an equivalent graph coloring problem, with the constraint that connected vertices (i.e., the
UEs that are connected to a common AP) are allotted distinct colors (orthogonal pilots).
Although the problem is NP-hard in general, it can be optimally solved for bipartite graphs
(as is the case in our problem) via a low complexity greedy algorithm (see Algorithm 4),
thereby minimizing the number of colors (i.e., the pilot length). We empirically showed
that Algorithm 4 substantially improves the NMSE of the estimated channels compared
to existing methods. Also, clustering aids in reducing the pilot length, keeping a balance

between the data duration and pilot contamination.



3 | Dynamic TDD with Cell-Free:
Virtual Full-Duplex

Chapter Highlights
In this chapter, we examine the sum UL-DL SE performance of a CF-mMIMO system, where

each AP can operate either in the UL or DL mode in each slot, corresponding to DTDD across
the APs. We derive the sum UL-DL SE of the system considering equal weighting as well as an
optimal weighted combining of the signals received at the CPU. Our analyses start with a simple
case where the perfect CSI is available at the APs and the CPU and then extend to a more
practical scenario where statistical or trained CSI is used to derive the sum UL-DL SE. We show
that the sum SE is a sub-modular function of the subset of active APs under weighted combining
at the CPU, and the results hold true for perfect, statistical, and trained CSI. We exploit this
to develop a novel, low-complexity, greedy algorithm for choosing the mode of operation of the
APs, which is guaranteed to achieve within (1 — 1/e) of the sum UL-DL SE attained via a full-
complexity brute-force search. We numerically illustrate the efficacy of the greedy algorithm
and benchmark the performance of DTDD-enabled CF-mMIMO against TDD-based CF systems
where all APs simultaneously operate in the UL or DL modes. Our results show that DTDD with
greedy AP mode selection can nearly double the sum SE compared to a TDD-based CF-mMIMO
system where all APs operate in the UL or DL modes simultaneously. This is because DTDD
offers additional degrees of freedom in terms of the APs’ UL and DL mode selection based on
the local traffic load in the system. Thus, it is a promising duplexing scheme for beyond 5G

communications.
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3.1 Introduction: What is DTDD?

DTDD refers to a duplexing scheme where the UL reception and DL transmission modes
of the HD APs in a geographical area can be dynamically scheduled based on the local
UL and DL traffic load around each or a subset of APs. This is in contrast with the
traditional static TDD systems, where all the APs operate either in UL or in DL in any
given slot, and thus the UL /DL frame structures are fixed across all APs. Now, the traffic
load in a wireless system is inherently asymmetric and heterogeneous in the sense that
not every UE requires an equal amount of UL and DL data (asymmetric); and neither do
all UEs demand UL or DL data at the same time (heterogeneous). In such a scenario,
adaptive and flexible UL and DL frame allocation across APs leads to better and more
efficient resource utilization. Further, it has been argued in the literature that traffic-
adaptive UL/DL frame scheduling reduces latency compared to the static TDD case [54].
Extensive field measurements have revealed the superiority of DTDD over static TDD for
cellular use cases. Hence, it has been included in the LTE standard, where it is referred
to as enhanced interference mitigation and traffic adaptation (eIMTA) for LTE-Advanced
(LTE-A) in Release 12 [55]. Like LTE, 5G NR supports DTDD [56,57].

However, DTDD introduces two additional interferences: interference between a DL-
scheduled AP to a UL-scheduled AP, i.e., InAl, and interference from UL UEs to the DL
UEs, i.e., InUL InAI and InUI are commonly referred to as CLI', and the performance im-
provement by DTDD is heavily dependent on satisfactory CLI mitigations. Now, we note
that the current DTDD standards and studies are for cellular MMO systems, where CLI
mitigation often demands cooperation and information exchange among the BSs, which
incurs additional signal processing overhead. Further, the algorithms involved in small-cell
BS clustering for joint beamforming and resource allocation across cells are prohibitively

complex. An excellent survey of CLI mitigation algorithms can be found in [58]. Also, it

'Here, we recapitulate that acronyms InAl, InUI, and CLI stand for inter-AP interference, inter-UE
interference, and cross-link interference, respectively.
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is important to note that irrespective of how sophisticated the interference management
techniques are, cellular deployments inevitably suffer from multi-cell interference. Thus, a
fundamentally novel aspect that we would like to explore in this chapter is the combination
of flexible duplexing in conjunction with CF mMIMO operation. This offers the best of
both worlds, allowing the system to manage interference effectively via joint processing
at the CPU while meeting diverse and asymmetric UL and DL data requirements from
the UEs. Further, we note that cellular DTDD does not fully cater to heterogeneous data
demands within the cells. That is, a UE with UL data demand will still have to wait for a
slot where its serving BS is operating in the UL mode in order to complete its transmission;
similarly for a UE with DL data demand. On the other hand, in a CF-mMIMO system,
since the UEs are not associated with a particular AP, if the APs can dynamically select
the slots where they operate in UL and DL modes, any UE with a specific data demand

can find some nearby APs operating in the corresponding mode in the same slot.

3.1.a DTDD-Enabled CF: Virtual FD

In a DTDD-enabled CF system, the subset of HD APs operates in UL, and its comple-
mentary subset operates in DL. The sizes of the UL and DL scheduled AP sets depend
on the UL and DL data traffic in the given geographical area. How to schedule an AP in
UL or DL will be discussed in detail in the succeeding sections. Now, given a set of UL
and DL AP schedules, we illustrate the system in Figure 3.1 indicating InAl and InUI. We
observe from Figure 3.1 that in CF DTDD, any UL (or DL) UE can always be served by a
subset of nearby UL (or DL) scheduled APs. This is in contrast with the cellular DTDD
system, where in a given slot, if a BS is scheduled in UL(/DL), the DL(/UL) UEs in that
cell cannot be served by the same BS at that slot. Thus, DTDD-enabled cellular systems,
although they offer superior performance compared to TDD, cannot serve both UL and
DL UEs in a cell simultaneously, only with HD BSs. However, as evident from Figure 3.1,

the DTDD-enabled CF can serve all the UL and DL UEs simultaneously with HD APs;
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Figure 3.1: DTDD-enabled CF system.

hence, we call DTDD-enabled CF a virtual FD system. We emphasize that all APs in
DTDD-enabled CF are HD; therefore, SI cancelation is completely avoided, which is a
serious challenge for an FD-enabled system. Additionally, in a DTDD-enabled CF sys-
tem, the amount of InAl can potentially be less compared to the conventional FD CF
system. This is because only a subset of APs scheduled in DL contribute to InAl, whereas
in the FD CF system, all the APs contribute to InAl. The effect of CLI on the system
performance and a comparative study of DTDD versus FD cellular and CF systems will
be presented in later chapters. This chapter provides an initial exposure to the SE analysis
of DTDD-enabled CF with equal combining at the CPU Section 3.2. Subsequently, we
develop SINR-optimal combining at the CPU and an AP-scheduling algorithm Section 3.3

with optimality guarantees. Throughout this chapter, we consider either perfect CSI or
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orthogonal pilots and perfect InAl cancelation. Later, in Chapter 4, we relax these con-
straints and present theoretical results considering pilot contamination and imperfect InAl

cancelation. In summary, the major contributions of this chapter are:

1. We first derive the UL and DL rates achievable by a DTDD-enabled CF-mMIMO
system with MRC and MFP. We consider equal weighting at the CPU for UL and

equal power allocation for the DL. We show that the overall sum UL-DL SE across
UEs depends on the underlying UL/DL AP schedule.

2. Following this, we present a greedy algorithm for scheduling the modes of operations
of the APs to maximize the achievable sum SE. Each iteration of this algorithm adds
a single AP to the schedule, allotting it either UL or DL mode of operation. The
choice of the AP and its corresponding mode of operation depends on the incremental

sum rate achieved. This is presented in Algorithm 5.

3. We next argue that an equal weighting-based scheme is sub-optimal for a CF sys-
tem, and the performance of DTDD can be further improved via optimal combining
at the CPU. We analyze the UL/DL SINRs and SE under an SINR-maximizing
weighted combining scheme at the CPU. We then prove that, under a weighted
precoding/combining scheme introduced in this work, UL and the DL SINRs are
monotonically non-decreasing modular functions of the activated AP set, and the
sum UL-DL SE is a sub-modular function of the activated AP set. The analysis in

this paper holds for perfect, statistical, as well as trained CSI.

4. We leverage the sub-modularity property to obtain optimality guarantees from an

iterative algorithm presented as Algorithm 5 in the sequel.

5. We empirically show that DTDD enabled CF-mMIMO almost doubles the sum UL-
DL SE compared to a canonical TDD-based system. Essentially, DTDD-enabled CF-

mMIMO exploits both the joint signal processing of a CF system and the adaptive
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UL-DL slot selection at the APs based on local traffic demands.

This leads us to conclude that DTDD, in conjunction with the CF-mMIMO system
with appropriately scheduled APs, is a promising solution to meet heterogeneous traffic

demands in next-generation wireless communication systems.

3.2 DTDD-enabled CF: SE Analysis with Equal Weight-
ing at the CPU

We consider a CF-mMIMO system with M HD-APs jointly and coherently serving K
single-antenna UEs. Each AP is equipped with N antennas and is connected to a CPU
via an ideal back-haul link. The channel from kth UE to the mth AP is modeled as
£ = V/Brokhmi € CV, where B,,; is the path loss coefficient and h,,;, TS CN(0,1y)
is the fast fading component. Note that f,,, remains unchanged over several coherence
intervals and is assumed to be known to the APs and the CPU. Also, under a quasi-static
fading model, h,,, remains constant over one coherence interval and takes independent
values from the same distribution in subsequent coherence intervals.

The simultaneous UL and DL traffic results in inter-AP and inter-UE CLIs, in addition
to the multi-user interference. The inter-AP channels are typically slowly varying and
can be assumed to remain unchanged over several coherence intervals. Additionally, the
transmitted DL data vectors are known at the CPU. Therefore, the known data vectors
can be used to estimate the inter-AP channels accurately, and the InAl can be eliminated
at the CPU. In Chapter 4, we consider imperfect estimates of inter-AP channels and
analyze their effect on the system performance and AP scheduling. In order to capture
the inter-UE CLIs, we model the channel between nth UL UE and the kth DL UE as

g ~ CN (0, €,1), and is independent across all UE pairs.

3.2.a Problem Statement

Let U, and Uy be the index sets containing the UE indices demanding UL and DL access,
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respectively. Let A be the set of AP indices, with M = |A|. Let the indices of the APs
scheduled in UL and DL modes be contained in the index sets A, and Ay, respectively.
Then, for each distinct choice of A, and Ay, we obtain a distinct value of the sum UL-DL
SE, denoted by Rs(Ay, Aq). Therefore, the CPU needs to suitably schedule the APs to
maximize Rs(A,, Aq) over all possible choices of A, and Ay, i.e.,

J{H% Rs(Aua Ad)

st Ay, A4 C A A NA =0, A UAs=A. (3.1)

We observe from (3.1) that searching over all possible UL/DL configurations requires
the evaluation of the sum SE corresponding to 2M choices, making exhaustive search
computationally expensive. This motivates us to develop a low complexity AP-scheduling
algorithm that can solve (3.1) in polynomial time. To this end, we first derive an analytical

expression for R, in the next section.

3.2.b Performance Analysis

We assume that out of the total 7 channel uses per coherence interval, the first K are
reserved for UL channel estimation. During these K channel uses, all the UEs transmit
mutually orthogonal pilot sequences to the APs. The APs use the received pilot sequences
and obtain local estimates of the AP to UE channels. Let the pilot sequence of the
kth UE be denoted as ¢, and &, be the corresponding pilot power. Then using the

theory developed in Section 2.3.a, we can easily show that the MMSE estimate of f,,,

. E, 132

£ ~ CN(0,02,Iy), with a2, = TpCpkPmk {0t the estimation error, orthogonal
kA ( F N) B F Tpﬁgp,kﬁmk + NO 8

to f,,x, be denoted by £, such that £, ~ CN (0,02, Iy), with @i = v/Bmk — 2.
Let the kth UE transmit the symbol s, in the UL. The data symbols transmitted by

each UE are assumed to be zero mean, unit variance, and uncorrelated with the symbols

sent by the other UEs. Then, the UL signal received at the mth AP (m € A,) can be
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expressed as

Yum = v/ gu,kfmlcsu,k + Z \V/ gu,nfmnsu,n + Wum,

nEZ/lu\k

where &, ,, is the UL energy associated with the nth UE, and w,,, ~ CN (0, NoIy). Now,
considering the maximal ratio combining (MRC) at the AP, the kth stream of the UL

combined signal at the CPU can be expressed as

E mk: mk

mG.Au

Tuk = u kE Suk + Zuks (32)

with the effective noise z, 5 given by

. uk<z e, zmkm])k

mEAu meAu
§ E : / ¢H E ¢H
+ gu,nfm]gfmnsu,n + fmkwu,mk-
meAu TLEZ/{u\k me-Au

It is easy to show that

E [|zu k|2} = &, pvar <ZmeAu fmkfm >
+ ) ) EE U i En

:| Z E Ufgkwu,mkr]

mEAs neldy\k meA,
2 2
=N E Eun E a1 Bmn + NNy E fa%ei
nEZ/lu mEAu mE-Au

Next, considering the jth DL AP, let & ; be the total radiated DL power and x;, be the
fraction of power dedicated by the jth AP to the nth DL UE (n € Uy). Then, under the
assumption of perfect channel reciprocity, the signal received by the nth (n € Uy) DL UE

can be expressed as

Tdn = Zje,Ad K'jn (C/‘dJE [fﬁf]n} Sd,n + Zd,n» (33)
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with zq ; being the effective DL noise and interference with

Z”ﬂn &q,j fJ:CLfJ*n [fJTan*n])de"

JEA4

+ Z \V Su,kgnksu,k + Z Z Rjiq\/ Ed] in Jqsd,q + Wd n,,

keld, JEAG q€U4\n
where wq, ~ CN (0, Np) is the additive noise at the nth DL UE. We can show that
|zdn| NZ ng]h/’]q/ﬁjnajq_’_ Zgukenk+N0
qEUy JEAY kel

We can now evaluate the achievable UL and the DL SEs, and hence the sum throughput

of the network.

Theorem 3.1. The sum SE of the system is given by’

[Z Ru k u) + Z Rd,n(Au)] . (34)

ke, nely

(Aua Ad

Here, the achievable UL SE for the kth UE is Ry = log(1 + nux(Ay)), where n, ,(A,) is
the UL SINR, which equals

2
Ngu,k( > a?nk)

mEAu

2 Eun 25 Cnpfmn + No X, @

nely mEAu

The achievable DL SE for the nth UE is Ran(Ad) = log(1 + n4.,(Aq)), where ng,(Aq) is

the DL SINR, which equals
2
N? Z Kjn 5d7ja]2'n
JEAY

N Z Z ‘(f‘dvj'“?qﬁjn%zq_F z g”vkenk_’_NO'

qEUy FEAY kel,

Proof. The result is easily derived by applying techniques described in [19]. [

2In fact, the theorem presents a lower bound on the ergodic sum UL-DL SE of the system. The
tightness and efficacy of such a bound have been well established in the CF literature [19].
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Algorithm 5: Greedy AP-scheduling
Input: A: the set of all AP indices

Initialization: A, = Aq =0, Agreedy = Au U Ad, Afeeqy = A
[1: while A ., # 0 do
[2: | if=arg max Rs(A,U{i})
(€A cedy
38]: | @5 =arg max Rg(AqU{i})
(€A cedy
[4: | if R(A,U{i%}) > Rs(Ag U {i}}) then
[5]: Update A, = A, U {3}
[6]: else
[7]: | Update Ay = Ag U {if};
[8]: end
[9]: end
[10]: Agreedy = Ay U Ag
[11]: weedy = A\{i}; % Update the unscheduled AP index set
[12]: end

[13]: Return Ageedy

Based on the above, we can develop a greedy algorithm for AP scheduling, summarized
as Algorithm 5. Here, in each iteration, we evaluate the incremental gain on the sum UL-
DL SE when one AP is scheduled in either UL or DL mode. Following this, we schedule
the AP and the mode that results in maximal incremental gain. We repeat this process

until all the APs have been scheduled.

3.2.c DTDD versus TDD: Numerical Experiments

For numerical experiments, the UE locations are deployed uniformly at random over a
square 1 km? area, and we consider Monte Carlo simulations over 10* such UE locations
and channel instantiations. The UEs are randomly assigned to carry UL or DL traffic
based on the UL and DL traffic demand. For the CF-DTDD system, M N-antenna HD-
APs are scheduled via Algorithm 5 and are deployed on a uniform grid to ensure equitable
coverage. The path loss exponent and the reference distance from each AP are assumed

to be —3.76 and 10 m, respectively [19]. The UL SNR is set by fixing the noise variance
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Npy to unity and varying the UL powers &, such that &, /Ny equals the desired value. In
the DL, we set #jn = (N Y, @)~ [14,47]. The coherence interval (7) is taken as 600
symbols, and we set 7, = K. The carrier frequency is 1.9 GHz and the signal bandwidth
is 20 MHz.

We benchmark the performance of a DTDD-enabled CF-mMIMO against the existing HD
TDD-based CF-mMIMO [19]. The HD TDD-based CF-mMIMO system follows similar
parameters (i.e., path loss exponent, power control coefficients, AP locations, etc.) as
above, except that all the APs simultaneously operate either in UL or in DL. A detailed
discussion of HD TDD-based CF-mMIMO can be found in [19].

In Figure 3.2, we verify the efficacy of the greedy algorithm by plotting the per UE UL-
DL SE against the number of antennas per AP. We see that the SE attained via the greedy
algorithm matches with that of attained via a brute force search over all possible UL and
DL AP schedules. Based on this, we employ the greedy algorithm for AP scheduling for
the subsequent plots in this section.

Next, in Figure 3.3, we plot the 95%-likely sum UL-DL SE vs. UL and DL data SNR to
validate the theoretical expressions of SE derived in Theorem 3.1. The theoretical curve
is obtained by averaging the 95%-likely sum UL-DL SE obtained from (3.4) over the UE
locations. The simulation results corroborate well with our theoretical results, verifying
the accuracy of the expression for Ry presented in Theorem 3.1.

In Figure 3.4, we investigate the performance improvement offered by DTDD-enabled
CF-mMIMO over canonical TDD-based CF-mMIMO systems. We see that the use of
DTDD facilitates a more efficient time resource utilization compared to TDD as the UL /DL
reception/transmission mode of each AP is scheduled based on the localized traffic demand
in the system, therefore, which in turn leads to better sum UL-DL SE. The cumulative
distribution functions (CDFs) of the SE achieved under DTDD against TDD, as presented
in Figure 3.4 is in agreement with this. For instance, under the availability of perfect

CSI (solid curves in Figure 3.4), we observe that the median of the sum UL-DL SE with
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Figure 3.2: The accuracy of the greedy algorithm for AP scheduling considering K = 40
data and pilot SNRs 10 dB.

DTDD is more than 25 bps/slot /Hz with M = 128. Under similar settings, TDD can only
achieve a median sum UL-DL SE of around 15 bps/slot/Hz.

In Figure 3.5, we plot the 95%-likely UL sum SE against the 95%-likely DL sum SE ob-
tained AP/ antenna configurations. For each of these cases, we use Algorithm 5 to deter-
mine the mode of operation across the APs. We observe in Figure 3.5 that the rate regions
attained using DTDD uniformly outperform the rate region attained using CF-TDD for
similar antenna densities and with similar configurations, indicating the superiority of the
DTDD-based scheme.

Finally, in Figure 3.6, we plot the rate regions of DTDD-enabled CF mMIMO against
the canonical TDD-based cellular system. We observe that a DTDD-based CF system
with (M = 32) substantially outperforms a cellular TDD system with (L = 64) with
similar antenna density, revealing the advantage of joint signal processing at the CPU in

a CF-based system.
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Figure 3.3: Validation of the derived sum UL-DL SE. We observe that the sum UL-DL
SE derived in Theorem 3.1 closely matches with the simulation.
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In summary, our numerical experiments showed that a DTDD-enabled CF-mMIMO sys-
tem substantially improves the sum UL-DL SE compared to TDD CF and TDD cellular
mMIMO systems. Essentially, DTDD CF-mMIMO exploits the joint signal processing of
a DAA system coupled with the adaptive scheduling of UL-DL slots based on the localized
traffic demands at the APs. However, the AP-scheduling algorithm is heuristic, and to de-
velop guarantees related to the optimality of such an iterative algorithm, we next present
SINR optimal combining and precoding schemes, and analyze the system performance

compared to the equal weighting-based scheme discussed in Section 3.2.b

3.3 Weighted Combing and Optimality Guarantee

For ease of understanding, in this section, we first analyze the sum SE when perfect

CSI (PCSI) is available at the APs and CPU. The kth stream of the received signal
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Figure 3.4: Performance of DTDD based CF-mMIMO and canonical TDD CF-mMIMO,
with K =40, and M N = 512. DTDD considerably outperforms the TDD protocol.
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Figure 3.6: Rate region comparison of DTDD enabled CF-mMIMO system against TDD
based canonical cellular system.

(corresponding to the signal transmitted by the kth UL UE) at the mth UL AP (m € A,)

is given by

H H H
Tumk = gu,kvmkfmksu,k + E VinkV gu,k:/fmk’su,k’ + NOmG;nm7
k' €U\ k

where s, . is the signal transmitted by kth UL UE with power &k, v € CV is the
combiner vector at mth UL AP for kth UL UE, and n,, ~ CN(0,Iy) is the additive noise.

Now, since the SINR of the kth UE is different at the different APs, the signals forwarded
by the APs to the CPU need to be appropriately scaled so as to maximize the SINR of
the combined signal at the CPU. This can be accomplished by scaling 7, ,,,x by a weight

Wi € RY. Then, for the k&th UE, the accumulated signal at the CPU can be expressed as

/ H H H
Tuk = ZmeA Wonk(V/ Euk Vi EmkSuk + Zk’elx/ \kvmk V Eu i Empr Su g + NoVieim), (3.5)
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Figure 3.7: Signal flow in the UL of a CF-mMIMO system. The APs are connected to the
CPU via error-free backhaul links.

where w,,;, is computed as [59]”
VEE [VH £,
Wi 2 A [Vt — (3.6)

E Z Iu,mkk” + V NOVTannm
k' eU\k

with Ty i £ ng\ /Eu i Emir suiy. We illustrate the UL signal flow in Figure 3.7.

Next, considering MRC in the UL, i.e., v,,x = f,,.x, we get

\ gu,kNﬁmk oV gu,kNﬁmk

Wmk =
N Zk’el/lu\k 8u,k/6mkﬁmk’ + NNOBmk Iu,mk

with
iu,mk =N Z 5u,k’5mk6mk’ + NNOBmk
K €U\ k

Then, the kth stream of the processed signal at the CPU becomes

— H
Tuk = E WmkTumk = E Wmk\/ gu,kfmk;fmksu,k

meA, meA,

+ 3w | Y B tsur + vV Nof i, | (37)

meA, k' eUu\k

3We note that R in (3.1) is the sum of each UE’s achievable SE, and hence the SINR maximizing
weights also maximize R.
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We present the UL sum SE in the following Theorem.
Theorem 3.2. The UL sum SE, denoted by R.(A,), can be expressed as Ry(Ay) =

S ke 10g [1 4 1k (Ay)], with kth UL UE’s SINR being

NE, 1B
Zk’euu\k Eu ke Bk Bmir + NoBmi

nu,k(Au) = Z

meA,

(3.8)

Proof. The result is easily derived by applying techniques described in [19] and [3]. [

Remark 3.1. Typically, the APs design the combiners/precoders based on the locally avail-
able channel information and statistics [19], and relay the combined signals to the CPU
for the joint data decoding. However, in our work, the APs relay a weighted version of
the post-combined received signals to the CPU. The weights are chosen to maximize the
SINR of the combined signal at the CPU. This weighted combination is key to establishing
the modularity of the UL and DL SINRs. For example, the sum of the combined signals

across the APs does not satisfy the modularity property.

Next, we present the DL SE analysis. Assuming channel reciprocity, since the jth DL
AP has knowledge of the downlink channel f;, to the nth DL UE, the precoded signal

transmitted by the jth DL AP, j € Ay, can be written as

Tq; = Kjny/ gd,jfjnsd,n + Zqélxld\n Kig\/ Sde;qu,q, (39)

where & ; is the total DL power budget of the jth AP, &, is the power control coefficient
for the nth DL UE, and sq,, is the DL transmitted symbol intended for nth DL UE with
E[|san|?] = 1, and E[sq,s3,] = 0,Vq # n. Then, the signal received at the nth DL UE

prior to adding noise is given by

o — T ex T px
Td jn = /‘fjn\/gd,jfjnfjnsd,n‘i‘ E aclis\n /ijq\/gd,jfjnquSd,q.

Similar to the UL case, let wj, be a weighting coefficient designed by jth DL AP for the nth
Kjny/Ea BIE £

Jjn_jn

EH quud\n Id,jnq ’2]

DL UE. Let I4jnq = Kjg\/ €d £T £* 5d,4- The SINR maximizing wj, =

JEInTiq
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[59], which reduces to

Féjm/gd,jﬁjn

Win, = : (3.10)

(quud\n “?qu,jﬁjnﬁjq)
Including the weighting, the signal received at the nth UE is
* 2
Tdn = Z WinkKjin\/ 5d,jfj7;1fjn3d,n + Z gu,kE|gnk|
JEA keldy
+ Z wjnfﬁ Z Riq\/ gd,jf;qsd,q + N()?’Ln, (311)
JEAY q€Uy\n

with n, ~ CN(0,1) is the receiver noise at nth DL UE. We have the following theorem

regarding the DL sum SE.

Theorem 3.3. The DL sum SE, denoted by Rq(A4), can be expressed as Rq(Aq) =
> neu, 108 [1+ 4.0 (Ag)], with the DL SINR of the nth DL UE being

£ k2 B2 2
nd,n(Ad) = N2 (Z dvjﬁjnﬁjn )

JEAY quud\n gdvqﬁjq/Bjn/qu

—1
Ngd I<L2nﬁ2n
X A L + Z Eurenk + No
3 2geunn CaitiaPinbia

P (312)
2 D geusn €aRiabinia. '

Proof. We omit the proof as it is straightforward. [ |

Remark 3.2. We observe from (3.11) that the InUI power and the DL noise component
do not scale with N, while the desired signal strength and multi-DL UFE interference power
scale with N? and N, respectively. Therefore, we approzimate the DL SINR, considering
only the effect of multi-DL UE interference. However, we later numerically validate the
robustness of our AP-mode selection algorithm considering both inter-UE CLI and noise

and provide experimental justification for the approximation presented in (3.12).
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We can now write the sum UL-DL SE as
Rs(As) = Ru(Ay) + Ra(Ag), (3.13)

where A, £ (A,, Ag) is a generic set which constitutes of both the UL and DL AP-indices.

Note that, as the APs are HD, A4 and A4 are mutually exclusive sets of AP indices.

3.3.a Statistical CSI

In deriving the UL SINR in the Theorem 3.2, we used the fact that £, f,,, ~ NB,... In

mk*m

fact, E [fﬁkfmk} = N Bk, and thus, the error due to this approximation, i.e., var | £, f,,, —

E{fnffkfmk] , known as beamforming uncertainty [19], can also be incorporated in the

analysis. The UL received signal becomes

Tumk =/ Eare (B [E0Emr] + (Efmn — B [ £0k])) su

+ Zk’eb{u\k frlr{k\/ gwk/fmk/Su,k/ =+ \ Nofgknm. (314)

It is easy to show that the SINR-optimal combining coefficient wy is N /&y xBmk/Iumk,
with Tume = N D e, Euk BmkBmir + N NoBme, which now includes the error due to kth
UE’s beamforming uncertainty. A similar analysis also follows in the case of the DL SINR.

We present the modified UL and DL SINRs in the following corollary.

Corollary 3.1. The UL and DL SINR of the kth UL UE and the nth DL UE can be

expressed as

Ngu k 2
A = K Pmk : 3.15a
i (As) Zme““u Zk:euu Eu k' Bk Bk + NoBm ( )

2 02

€A quud Ed.qtiaBinBia’

Nan(Ad) = > (3.15h)

respectively, with the sum UL-DL SE being evaluated as (3.13).
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3.3.b Trained CSI (TCSI)

Until now, we have considered the availability of accurate CSI at the APs. Although
this is a good simplifying assumption to analyze the system behavior, it is impractical in
practice. Therefore, we next consider the system performance under trained CSI.

We consider that out of the total 7 channel uses per coherence interval, the first 7, >
K are reserved for UL channel estimation. During these 7, channel uses, all the UEs
synchronously transmit 7,-length orthonormal pilots to the APs, which are then used by
the APs to obtain local estimates of the UE-AP channels. Let &, be the pilot power

of kth UE’s transmitted pilot sequence. It is easy to show that the MMSE estimate of

TpSp,k mk
Tp “D, kﬁmk + NO
estimation error, orthogonal to fmk, be denoted by fmk, such that fmk ~ CN(0, OémkIN),

with Ok = \/ 6mk — Ol,%nk.

In this case, the signal received at the mth UL AP becomes

f,.x, denoted by fmk, is distributed as CN(0, a2, Iy), with a2, = Let the

e H
Tumk = E = fmk; <\/ gu,k’fmk’su,k’ + Nonmk)
- uk mk mksu k + V uk mk mksu,k

+ Z \/ gu,k’fgkfmk/su,k’ + v NOfniIknmﬂ

K/ €U\ K
Now, as derived in (3.6), under trained CSI, wy,x = N+/Eux02 1/ Tumk, With T, =
NE, mra? a2, + N veunn Eurr @2 Bmkr + NNoa2,,. Thus, the kth stream of the ac-
cumulated signal received at the CPU becomes 7, = Zme A, WmkTumks which can be

expanded as

Tuk — Z V ukwmk mk+fmk)3uk

mE.Au

- ZWEAU wmkf’rgk Z v 5u,k’fmk’3u,k’ + Nonm

k' €U\

The UL SINR under trained CSI can be derived following similar arguments as discussed
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in Theorem 3.2, as follows.

Lemma 3.1. Under trained CSI, the UL sum SE can be expressed as

Ru(A Aol

keU,

with the UL SINR of the kth UL UE, denoted as n,(Ay), being

u E e . 3.16
o = Gk ny 3 Euwal B + Noog,, (310
me k! €U\ k

Similarly, considering matched filter precoding, the DL received signal at the nth UE

can be written as

e T *
Tdp = WinKiny/ Ed i (£ + f; f S +E W; g Kig\/ € £* s
dn § :jeAd jntiin/ €d(Ejn + £in) dn ieAy jnfin detip\n d.j%jgoda

2
+ Zkeuu EurE|gnr|” + v/ Nomt, (3.17)
where wj, = Kjn, EdJa?n/(quud\n k3,844 Biq+15,E4,505, ), evaluated similarly as (3.10).

Lemma 3.2. Under trained CSI, the DL sum SE can be expressed as

T —T,
Ra(Ag) = =L log[l+14,(Ad)],
with the DL SINR of the nth DL UE being 1q.,(Aq) = > NEas 0
d,n d) ~ — -
JEAY Z I{qudvjajnﬁjq + ’ijngdyjajzn

g€Ug\n
We next discuss the greedy AP scheduling technique leveraging the sub-modularity of
the sum UL-DL SE.

3.4 Greedy AP Mode (UL/DL) Selection

In this section, we establish the modularity of the UL and DL SINRs and the sub-
modularity [60] of the sum UL-DL SE.
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Theorem 3.4. The UL SINR of the kth UE, Yk € U,, is a monotonically non-decreasing
modular function of the activated AP set, i.e., given Ay and A;, where, A, C A; C A,

and for any {j} ¢ Ai, we have ny x(As) < nur(Ai), and

Nuk(As UL5}) — nun(As) = mur (A U {5} — mur(As),

where 1,k s evaluated as (3.8), (3.15a), and (3.16) for perfect CSI, statistical CSI, and

trained CSI, respectively.
Proof. See Appendix B.1. [

Similarly, we can show that DL SINR is a monotonic, non-decreasing modular function

of the activated AP set.

Theorem 3.5. The sum UL-DL SE, under perfect and trained CSI, is a monotonically
non-decreasing sub-modular function of the activated AP set, i.e., given Ay and A;, with,

As C A C A, and for any {j} ¢ A;, Ro(As) < Rs(Ap), and
RS(AS U {.7}> - RS(AS) > RS(-At U {J}) - RS(At>> (3'18>

where Ry(.) is evaluated using (3.13) with the UL and DL SEs obtained via Theorem 3.2

and Theorem 3.3 under perfect CSI; and Lemma 3.1 and Lemma 3.2 under trained CSI.
Proof. See Appendix B.2. [ |

We can exploit the sub-modular nature of sum UL-DL SE to schedule the APs via the
greedy algorithm presented Algorithm 5. Recall that, in each iteration of the algorithm;
we activate an AP and its corresponding mode of operation such that the incremental gain
in Ry as evaluated by (3.13) is maximized, and repeat the procedure until the last AP
is activated. Due to the sub-modular nature of R, the sum UL-DL SE achieved by the
solution obtained via the greedy algorithm is guaranteed to be within a (1 — %)—fraction of

its global optimal value [60] obtained via exhaustive search. We note that the complexity
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of the exhaustive search is O(2M). However, the complexity of greedy is O(M). Hence,
whenever there is a change in the data demand, we only need to perform M iterations of

the algorithm, which substantially reduces the complexity.

3.5 Benefits of SINR Optimal Weighting: Numerical

Validations

The simulation setup is the same as described in Section 3.2.c. We consider 50% of the

UEs demand UL data per time slot.” The acronyms used in the plots are as follows:
(i) PCSI (TCSI): perfect (trained) CSI.

(ii) PCSI+Intf. (TCSI+Intf.): perfect (trained) CSI, including InAl as well as InUI

in the sum UL-DL SE evaluation.

Figure 3.8 illustrates the near-optimality of greedy AP scheduling by comparing it with
exhaustive search-based AP scheduling. The sum UL-DL SE attained via exhaustive search
matches with the greedy algorithm under both perfect and trained CSI. This holds true
even in the presence of inter-UE and inter-AP CLIs.” Also, the difference in the sum SEs
with and without the CLIs is marginal, which justifies the approximations in Theorem 3.3.

Next, in Figure 3.9, we plot the average 90%-sum UL-DL SE versus the data SNR.
Although the APs are HD in both TDD and DTDD CF-mMIMO schemes, DTDD allows
simultaneous UL/DL transmission, which greatly enhances the sum UL-DL SE compared
to the TDD case.

In Figure 3.10, we compare weighted combining/precoding with the approach in Sec-

tion 3.2, where the APs are activated based on the sub-modularity of the product SINRs

4Since the UE locations are random, the UL/DL traffic load at each AP is different, and for each
instantiation, the APs are activated using Algorithm 5.

SFor the plots corresponding to (PCSI+Intf.) and (TCSI+Intf.), we include inter-AP CLI in UL SINR
to illustrate the robustness of the greedy algorithm. Specifically, we have considered imperfect InAl
cancelation and modeled residual DL AP to UL AP interference as in [61].
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Figure 3.8: Validation of the greedy algorithm with (M = 8 K = 16, N = 8).

and the CPU only obtains the sum of the combined signals from the APs. To ensure that

weighting does not alter the radiated power at each AP, we consider a scaled version of

Wjn, denoted by 1w, = ,/ftjwj,, which ensures equal radiated power for both weighted and
quud /8]‘1

unweighted scheme. It is easy to show that y; = ————5—— normalizes the weights
> nctty WinBin

correctly. The 90%-likely SE achieved via the weighted scheme with (M = 64) is more

than double that can be attained via the unweighted scheme, which underlines the utility

of weighted combining over the conventional unweighted scheme.

3.6 Chapter Summary

In this paper, we analyzed the performance of DTDD in a CF-mMIMO system. We
formulated a sum UL-DL SE maximization problem for scheduling the UL/DL mode of
the APs based on the local UL/DL traffic demands of the UEs. We proved that the

sum UL-DL SE is a sub-modular function of the underlying AP set and then employed
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Figure 3.9: 90%-sum UL-DL SE with (M = 64, N =4, K = 40).
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a greedy algorithm to activate the APs in polynomial time. Our numerical experiments

revealed that DTDD-enabled CF-mMIMO substantially improves the sum SE compared

to conventional TDD-based CF systems.



Chapter 3. 91

- Weighted DTDD: PCSI+intf.: M =64

Weighted DTDD: PCSI+intf.: M=32
== Unweighted DTDD: PCSI+intf.: M=64
0.8 |<O- Unweighted DTDD: PCSI+intf.: M=32

CDF

90%-SE: 69.385
Y 0.1

90% SE: 118.845

i Y 0.1

20 40 60 80 100 120 140 160 180 200
Sum UL-DL SE (bits/slot/Hz)

Figure 3.10: Comparison of the weighted combiner/precoder with [19], with K = 7, = 40.




4 | Can DTDD Cell-Free Outperform
Full-Duplex Cellular?

Chapter Highlights

This chapter overcomes two shortcomings of the previous chapter, i.e., orthogonal pilots and
perfect InAl cancelation. We first derive the sum of UL-DL SEs for the DTDD CF system
considering MRC in the UL and MFP in the DL, incorporating the effects of pilot contamination

and imperfect CLI cancelation. Then, we develop a new, low-complexity, greedy algorithm for the
combinatorial AP scheduling problem, with an optimality guarantee theoretically established by
showing that a lower bound of the sum UL-DL SE is sub-modular. We compare the performance
of our solutions, both theoretically and via simulations, against an FD multi-cell mMIMO system.
Our results show that, due to the joint processing of the signals at the CPU, CF-mMIMO with
dynamic HD AP-scheduling significantly outperforms cellular FD-mMIMO in terms of the sum
SE and 90% likely SE. We see that an FD-system with 4 BSs having 128 transmit and receive
antennas each offers a 90% sum UL-DL SE of 13.2 bits/slot/Hz, whereas the CF-DTDD based
system with (M = 64, N = 8) offers 27 bits/slot/Hz, a more than 100% improvement. Further,
we observe that the UL-DL rate region procured by enabling DTDD in a CF-mMIMO system
overwhelms the UL-DL rate region procured by a multi-cell FD mMIMO system. Our experiments
lead us to conclude that DT DD-enabled HD CEF-mMIMO, which enjoys the benefits of both worlds
(i.e., DTDD and CF), is a promising alternative to cellular FD-mMIMO without incurring the

hardware cost for SI suppression.

92
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4.1 Introduction

In a CF-mMIMO system, APs coherently and simultaneously serve a number of UEs dis-
tributed over a large geographical area [15,16,19,47|. Recently, CF-mMIMO has emerged
as a promising candidate technology for the physical layer of next-generation wireless
communication systems [62]. It has been shown that under appropriate conditions [15],
CF-mMIMO inherits many of the advantages offered by cellular massive MIMO, such
as channel hardening and favorable propagation. However, in their current form, CF-
mMIMO systems are designed to work in the TDD mode, hence serving either only UL or
only DL traffic at any given point in time. While enabling FD capabilities at the APs can
simultaneously cater to the UL and DL data demands, the performance of such systems

is limited by the residual SI power at each AP [63].

4.1.a Motivation

In the context of cellular mMIMO, DTDD has recently been explored to cater to het-
erogeneous UL-DL data demands from the UEs. This technique entails adaptive and
independent splitting of the transmission frame into UL and DL slots by the different BSs
according to the UL-DL traffic demands from the UEs in each cell [64]. While this im-
proves the overall spectral and time resource utilization across cells, it does not fully cater
to heterogeneous data demands within the cells. That is, a UE with UL data demand will
still have to wait for a slot where its serving BS is operating in the UL mode in order to
complete its transmission, and similarly for a UE with DL data demand. On the other
hand, in a CF-mMIMO system, since the UEs are not associated with a particular AP, if
the APs can dynamically select the slots where they operate in UL and DL modes, any
UE with a specific data demand can find some nearby APs operating in the corresponding
mode in the same slot. Further, the joint processing of the signals at the CPU can miti-

gate the CLIs that arise in a CF DTDD system. Due to this, a CF-mMIMO system with
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DTDD can potentially match or even exceed the performance of an FD-capable cellular
system while using HD hardware at the APs. Therefore, the use of DTDD in conjunction
with CF-mMIMO is the focus of this work.

4.1.b Related Work

DTDD is a well accepted technique; it has been included in cellular communication
standards such as 3GPP LTE Release 12 [55] and 5G NR [56,65] to accommodate hetero-
geneous traffic loads. Traffic-dependent UL-DL slot adaptation schemes have been shown
to reduce the overall system latency [66] and improve the SE [67,68] compared to TDD-
based conventional cellular and CF mMIMO systems. However, the performance of DTDD
is limited by two types of CLI, namely, the interference from the DL BSs to the UL BSs
and from the UL UEs to the DL UEs. The CLI can be mitigated via intra-cell cooperation,
power control and beamforming design, UE scheduling, etc. An excellent survey on the
methods for CLI mitigation in cellular mMIMO can be found in [58].

On the other hand, FD technology can also serve UL and DL UEs simultaneously and has
the potential to double the system capacity. Note that, in a cellular FD mMIMO system,
similar CLIs exist as in DTDD based systems. However, in addition, each BS suffers from
its own residual SI. In fact, the transmit RF-chain noise, oscillator phase noise, and related
device imperfections get amplified while propagating through the SI channel and limit the
FD system performance [63]. Also, the benefits of an FD cellular system considerably
degrade under asymmetric traffic load [69]. In contrast, DTDD obviates the need for
expensive and potentially power-hungry hardware as well as digital signal processing costs
associated with SI mitigation. Numerical experiments have shown that the throughput of
the cellular FD-system degrades relative to cellular DTDD as the UL-DL traffic asymmetry
increases [70].

The current deployments of cellular DTDD require inter-cell cooperation, i.e., the neigh-

boring cells need to exchange information (such as the estimated channel statistics or the
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per-cell traffic load) for optimal UL-DL slot scheduling or interference mitigation. Al-
though such techniques are attractive in theory, the sub-problems of BS/UE scheduling,
power control, cell clustering [71], and joint beamformer design [72] are prohibitively com-
plex for practical implementation. Moreover, the performance loss of the cell-edge UEs
due to out-of-cell interference and CLI is a serious issue in cellular systems.

In contrast to cellular mMIMO, in a CF system, all the UEs in a given geographical
area are served by all the available APs by jointly processing the signals to/from the
UEs at a CPU. At the cost of a larger front-haul bandwidth, the CPU can utilize the
knowledge of locally estimated channels from each AP to suppress the CLIs without inter-
AP cooperation or extra signaling overhead [61]. Due to this, the QoS delivered is nearly
uniform across all the UEs [16]. The advantages offered by DTDD along with the inherent
benefits of the CF-architecture can be exploited to further enhance the system throughput
under asymmetric traffic load. We not only dispense with the SI cancellation hardware at
each AP; the computational burden and signaling overhead involved in CLI mitigation of
a cellular mMIMO system is also considerably reduced at the CPU.

In the context of DTDD-enabled CF-mMIMO systems, the authors in [61] presented a
UE scheduling algorithm to alleviate the CLI from UL UEs to DL UEs. Recently, in 73],
the authors proposed a so-called beamforming training-based scheme, where the estimates
of the effective DL channels are exploited to reduce inter-AP CLI. All the previous works
assume a fixed UL and DL configuration across the APs, and focus primarily on CLI
mitigation methods. However, unless the transmission and reception mode of each AP
is dynamically adapted based on the traffic demands of the UEs, the benefits of DTDD
cannot be fully exploited. Therefore, to enable DTDD, we need to split the time resources
optimally at each of the APs. However, scheduling the APs via an exhaustive search over
all possible AP configurations is prohibitively complex. Motivated by this, we formulate
the problem of optimally scheduling APs in the UL or DL modes to maximize the sum
UL-DL SE in a DTDD-enabled CF-mMIMO system and propose a scalable solution by



Chapter 4. 96

exploiting a sub-modularity property of the sum UL-DL SE.

4.1.c Contributions

In this chapter, we investigate how to facilitate DTDD in a CF-mMIMO system with
HD-APs. DTDD allows us to partition the time slots at each AP into UL and DL slots
according to the UL and the DL traffic demands at the UEs. The scheduling of APs based
on the data demands and analyzing the resulting network throughput performance is the
main goal of this work. For example, if the UL traffic demand of the UEs in the vicinity
of one or a group of APs is high, those APs should be scheduled to receive UL data in
most of the slots. We note that the achievable sum UL-DL SE depends on which APs are
scheduled to operate in UL and which in DL. This motivates the need to develop a data
demand-based AP-scheduling algorithm in order to improve/maximize the achievable sum
UL-DL SE.

Our main contributions are as follows:

1. We derive the closed-form expressions of the achievable uplink and DL SEs, account-
ing for the effects of pilot contamination, imperfect inter-AP interference cancella-
tion, and inter-UE interferences. Our derived results also capture the interdepen-

dence of the achievable SEs and the traffic load of the system.

2. We formulate the AP-scheduling problem as one of maximizing the sum UL-DL SE
given the traffic demands from the UEs and considering MFP in the DL and MRC in
the UL based on the locally estimated channels. This problem turns out to be NP-
hard, and hence, the computational complexity of a brute-force search-based solution
grows exponentially with the number of APs. We first argue that the achievable sum
UL-DL SE is a monotonic nondecreasing function of the set of scheduled APs. Then,
we observe that the dependence of the sum UL-DL SE on the scheduled AP-set is
non-linear in nature and, therefore, proving sub-modularity becomes mathematically

intractable. To circumvent that, we derive the following results:
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(a) We lower bound the sum UL-DL SE and prove that problem of maximizing the

lower bound is equivalent to the problem of maximizing product of the SINRs.

(b) We prove that the product of the SINRs of all UEs is a sub-modular set function

of the APs scheduled in the system.

3. This allows us to develop a greedy algorithm for dynamic AP scheduling, where, at
each step, the transmission mode of the AP that maximizes the incremental SE is
added to the already scheduled AP-subset. The lower bound on the sum UL-DL
SE achieved by the solution obtained via the greedy algorithm is guaranteed to be
within a <1 — 1)—fraction or 65% of its global optimal value. We note that the

e
computational complexity of the greedy algorithm is linear in the number of APs.

4. We also analyze the UL and DL SE considering an MMSE-based combiner in the
UL and RZF precoder in the DL and demonstrate the performance improvement

obtained compared to MRC and MFP.

Our experimental results show that the greedy algorithm procures a sum UL-DL SE that
matches with exhaustive search-based AP scheduling and that the algorithm is robust to
both inter-UE and inter-AP CLI. Furthermore, DTDD CF-mMIMO substantially enhances
the system performance compared to static TDD based CF as well as cellular systems.
Interestingly, the DTDD-based CF-system outperforms an FD cellular mMIMO system
under both MRC & MFP as well as MMSE & RZF combiner and precoder employed at
the APs/BSs. For example, a CE-DTDD system with (M = 16, N = 64) even outperforms
the cellular FD-system having twice the antenna density, i.e., (L = 16, Ny = N, = 64). If
we increase the number of APs with half the antenna density compared to the FD (see
the curve corresponding to (M = 64, N = 16) in Figure 4.7), the sum UL-DL SE offered
by HD CF-DTDD improves, significantly outperforming the cellular FD system.

We conclude that, due to the benefits offered by joint signal processing at the CPU, HD

CF-mMIMO with dynamic AP-scheduling offers improved sum SE as well as 90%-likely
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SE compared to static TDD-based CF systems and even the cellular FD mMIMO system.
Therefore, DTDD-enabled CF-mMIMO with appropriately scheduled APs is a promising

solution to meet the heterogeneous traffic loads in next-generation wireless systems.

4.2 System Model and Problem Statement

We consider a CF-mMIMO system with M HD-APs jointly and coherently serving K
single-antenna UEs. Each AP is equipped with N antennas and is connected to the CPU
via an infinite capacity front-haul link. Time is divided into slots, and in any given slot,
each AP can operate either in the UL mode or in the DL mode. We assume that the
UL/DL traffic demands of the UEs are known at the CPU; its task is to decide the mode
of operation of each AP based on the traffic demands in its vicinity.

The channel from kth UE to the mth AP is modeled as f,.; = v/Bmthmi € CV, where
Bmr > 0 denotes the large scale fading and path loss coefficient, and are known to the
APs and the CPU. Note that f,,, remains unchanged over several channel coherence
intervals [16,19,47]. The fast fading components, h,,z ~ CA(0,1y) € CV, are independent
and identically distributed (i.i.d.) and are estimated at the APs (and the CPU) using
pilot signals. Under a quasi-static fading model, h,,; remains constant over one coherence
interval and takes independent values from the same distribution in subsequent coherence
intervals [16,19,20,47]. While the foregoing analysis can be extended to the case of spatially
correlated channels with some effort, the equations become cumbersome and do not offer
significant additional insights.

Due to simultaneous UL and DL data transmissions, the APs transmitting in the DL
cause interference to the APs receiving the UL data, which is the source of inter-AP
interference. However, since the CSI of the inter-AP channels available at the CPU may
be erroneous, residual inter-AP interference exists even after interference cancellation.
In the literature, the residual interference is modeled as Gaussian distributed additive

noise |24, 53,61, 74, 75]; we use the same approach. We model the residual interference
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Symbol Definition

Tp Length of the pilot sequence.
{1, @2, -, b, } | Set of orthonormal pilot symbols.

Z, Number of UEs using pth pilot sequence. Hence, the cardinality of Z, indicates

Tp
the repetition factor of the pth pilot sequence, such that > |Z,| = K.

p=1

Epk The power of the pilot signal by the kth UE

fmk MMSE estimate of the channel between the mth AP and the kth UE.

fmk MMSE estimation error of the channel f,,, € CV

T -
aZ, Defined as i (E [fmkfgk} ), and evaluated as a2, = cTpEp ik (2.12).
Conk Indicates the effects of pilot contamination on channel estimates, and

~1
evaluated as ¢y = | T iBmk + T Y. EpnBmn + No (2.13).
nely\k
5émk \/ ﬁmk - aznk

Table 4.1: Symbols related to MMSE channel estimation.

channel between jth DL AP and the mth UL AP by G,,; € CV*¥ with its elements being
Lid. CN(0,(n;), where (nj depends on the inter AP path loss and channel estimation
error variance. Similarly, we let g, denote the channel between nth UL UE and the kth

DL UE, and we model g,x ~ CN (0, €,;) and independent across all UEs [53,74].

4.2.a Problem Statement

In this work, we investigate DTDD in a CF mMIMO system with HD APs. Let A be
the set of AP indices, with M = |A|. Let the indices of the APs scheduled in the UL and
DL modes be contained in the index sets A, and Ay, respectively. We aim to maximize
the achievable sum UL-DL SE Rgy, (A, U Ag) over all possible choices of A4, and Aq4 by

solving:

max  Rgum(A, U Ag)
AmAd

st AgAgC A A NAg=0, A, UAg= A (4.1)

Here, the condition A, N Ay = ) arises because of the half-duplex constraint at the APs.
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Evidently, an exhaustive search can be performed across all 2M possible configurations,
but this becomes computationally expensive as M gets large. We later develop a low com-
plexity AP scheduling algorithm in Section 4.4. We observed that the overarching problem
of investigation is similar to that described in Section 3.2.a. However, unlike Chapter 3,
here we consider the effects of pilot contamination and also imperfect CLI cancelation,
which considerably change the way Rgum (A, U Ag) depends on the underlying optimiza-
tion variables; which in turn entails more involved theoretical developments.

We next discuss the CF-mMIMO signal model within each slot, which is our point of
departure in this work. For channel estimation, the readers are referred to Section 2.3.a,
which we avoid repeating here. For the reader’s immediate reference, we provide the nota-
tions and corresponding definitions related to the MMSE channel estimation in Table 4.1.

These notations will be used in the succeeding sections.

4.2.b Signaling Model: UL and DL Data Transmissions

Let U,, Uy, A,, and Ay denote the sets containing the indices of UL UEs, DL UEs, UL
APs, and DL APs, respectively. Now, let the k&th UL UE send the symbol s, with
power &, . The data symbol of each UE is assumed to be zero mean, unit variance, and
independent of the data symbols sent by the other UEs. Then, the UL signal received at

the mth AP (m € A,) can be expressed as

Yum = V gu,kfmksu,k: + Z V Sumfmnsu,n + Z ijXdJ + Wou,m € CNa (42)

nely\k JEAY

where w, , ~ CN(0, NoIy) is the additive noise, and x4, = @deiag(&j)sd is the
transmitted DL data vector, with £;; being the total power, P; € CN*%d¢ being the
precoding matrix, and &; being the vector of power control coefficients, all at the jth DL
AP. Note that j,, i.e., the nth element of x;, indicates the fraction of power dedicated

by the jth AP to the the nth DL UE (n € Uy). Typically, k;, is designed such that
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E [llxal’] < €a5 = ZL:{ KinE[pju|* < 1 [19].
nely
Let v, denote the locally available combining vector at the mth AP for the kth UE’s
UL data stream. The kth component of the accumulated signal received at the CPU,

A
rur = Y. vy, ., can be expanded as
mEAu

H H
Tu k= E gu,kvmkfmksu,k+ E E gu,nvmkfmnsu,n

mE-Au mEAu neUu\k‘
H H
+ VEG D Ein > VIGuiDinSant > ViWumk, (4.3)
jEAY n€lly meA, meA,

where pj, is the nth column of P;. Similarly, assuming perfect channel reciprocity, the

signal received by the nth (n € Uy) DL UE can be expressed as

Tdn= Z Rjny\/ gd,jfﬁpjnsd,n + Z V gu,ngnksu,k+ Z Z Rjiqv/ gd,jfﬁqusd,q + W, n,,

JEAY keUy JEA4 q€U4\n
(4.4)

where wg, ~ CN (0, Np) is the AWGN at the nth DL UE.

We illustrate the frame structure described above, and contrast it with the frame struc-
ture in a TDD-based CF system, in Figure 4.1. We can now derive the achievable UL and
DL SEs for the DTDD-enabled CF-mMIMO system.

4.3 Spectral Efficiency Analysis: MRC & MFP

In this section, we derive the achievable SEs considering MFP in the DL and MRC in
the UL. Here, we first consider MFP and MRC for ease of exposition, and also because
it suffices to elucidate the main point of this work, namely, the benefits obtainable by
enabling DTDD in a CF-mMIMO system. In several other works, for example, in [19,21,
76], MRC and MFP have been extensively used for the tractable and interpretable analysis.

For deriving the UL and DL SE, we employ the use-and-then-forget capacity bounding
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Channel Uplink and Downlink
Estimation Data Transmission

Frequency —>

(a) Frame structure of DTDD based CF system.

2 Downlink
= IOENIEN  Uplink Data

O . ) .. Data

= Maintaen® Transmission ..

o Transmission
ot

=

(b) Frame structure of TDD based CF system.
Figure 4.1: DTDD utilizes the same time-frequency resources for simultaneous UL and

DL data transmission by different HD UEs/APs, unlike TDD, where time is partitioned
between the UL and DL UEs.
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technique whose effectiveness in CF-mMIMO systems has been well established [16,19,76].

Now, with v, = £, in (4.3), the kth UE’s of the combined signal at the CPU becomes

Tuk= ukE Zfo 3uk+\/ uk{ Z mk mk_ Z mk mk }SUk

mEAu meAu mEAu

+ Z fTI,{k{ Z AV 5u,nfmn3u,n + Z V gU,quqsuvq}

meA, nely\k q€ULN\T,

™ Z Z Z /ﬂ]”\/gﬂfmk(}m] ]TLSdn + Z f mk Wu,mk- (45)

mEAy jEAg n€ldy meAy
The first and second terms of (4.5) respectively represent the expected effective array
gain and UL beamforming uncertainty, and are uncorrelated with each other. Similarly,
the first term is uncorrelated with all the other terms of (4.5). Invoking the worst case

noise theorem [39], the effective SINR of the kth UE’s data stream, denoted by 7, x, can

2
X (Ewkvar{ Z f'ﬁkfmk}
meA,

be written as

E|lY fkamk]

N,k =
meA,
2 2

+ Y EnE D | |+ ) EnE (] £,

nely\k meAy q€UNT, meAy

2

Y B VEurinkm G| |+ No £ ) . (4.6)

nelly meAy jeA, meA,

We simplify the above expression in the following theorem.

Theorem 4.1. The achievable UL SE for the kth UE can be expressed as R = logy(1+

Nuk), where n, is the UL SINR which is given by

2
NEuk ( > @gnk)
mE.Au
NCoh, ), + Cohy  + IAP,, + Ny > a2’
mE.Au

where o2, is defined in (2.12), NCoh, x represents the non-coherent inter UE interference,

Coh, i represents the coherent inter UE interference due to pilot contamination, IAP,
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represents the inter AP interference, and Ny > a2, corresponds to the effect of AWGN

mEAu
in the UL. These are expressed as
NCoh, = Z Eun Z 2 Bimn, (4.8a)
nelly meA,

2
5 n mn

Coh, =N Z Eun ( Z ozfnm / SLB—> , (4.8b)
neT,\k meA, .k ﬁmk‘

IAP, = N Z Z Z Ko Cmj O o j - (4.8¢)

meA, JEAG n€EUy

Proof. See Appendix C.1. [ |

We now consider the DL case. Letting p;, = f*  the signal received by the nth (n € Uy)

jns

DL UE can be expressed as

Fyn = Z Fin/ EajB[E5E5 ] san + Z Kin\/ Ed j {fﬁf]*n [fﬁf]*n] } Sdn

JEAY JEAY

+ Z Z ngJK“Jq in ]qsdq+ Z V ng“J‘I jn Jqsd‘l

J€EA4 \ q€Tp\n q€UN\T,
+ Z V gu,ngnksu,k + W, n - (49)
kely

We present the DL SE in the following theorem.

Theorem 4.2. The achievable DL SE for the nth UE can be expressed as Ran = logy(1+
Nan), with DL SINR of the nth UE, 14, expressed as

2
N? ( Z Kjn gd:jajzn>
€A,
e (4.10)

NCohg,, + Cohgyp + IUgn + No’

Ndn =

where a?n is defined in (2.12), NCohg,,, Cohg,, and IUg, represent the DL non-coherent

interference, coherent interference, and the UE to UE CLI, respectively, and given by

NCohy, = N Z Z Sd,j/f?qﬁjnozf-q, (4.11a)

q€Uy jEAY
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2
Cohgy = N* ) (Z VEa ki | p’"‘ﬁj”) , (4.11b)

g, \n \jeAy Epa Bjq

Win = Y Eunénk (4.11c)
kel

Proof. See Appendix C.2. [ |

Now, the overall sum UL-DL SE of the system can be expressed as

> Rux+ ZRM] . (4.12)

kel neUy

T —Tp

Rsum =

We note that, from Theorem 4.1 and Theorem 4.2, the gain and various interference
terms involved in R, and Ry are dependent on A, and Agq. Therefore, we obtain
different values of Ry, for different choices of A, and A4. To characterize this dependence,
from this point onward, we write the achievable sum UL-DL SE as Rgum(A,), where
A. = (Au, Ag). Note that, as U, and Uy are given, we omit their dependence on Rupn.
Now, the brute-force approach of listing out all the 2“4l possible AP schedules and
computing their achievable sum UL-DL SE using (4.12) makes the complexity of finding
an optimal AP schedule exponential in the number of APs. We present a low-complexity

solution in the next section.

4.4 Sum Rate Optimization

We recall that the problem of finding the optimal AP schedule, namely, determining
which APs should operate in the UL and which APs should operate in the DL, based on
the local data demands from the UEs, is a combinatorially complex optimization problem.
In this section, we circumvent this by developing a greedy AP-scheduling scheme based
on sub-modularity. At each step of the procedure, we select which AP to schedule and
whether the scheduled AP should operate in the UL or DL mode, such that the incremental
gain in R,y is maximized. This process is repeated until the last AP is scheduled, thereby

solving the problem in polynomial time. Such a greedy approach to SE maximization has
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been previously proposed in the antenna selection literature, based on the monotonicity
of the cost function |77]. However, to provide concrete guarantees on the performance of
the greedy search, we need to show that the cost function is a sub-modular set function
of the scheduled APs. In this case, the greedy algorithm is guaranteed to yield a solution
that achieves at least (1 — 1/e)-fraction of the optimal value of the cost function. For the
sake of completeness, we formally define the monotonicity and sub-modularity properties

as follows.

Definition 4.1. [60] Let S be a finite set, and let 2° denote its power set. A function f :
25 — R, with f(0) = 0, is said to be monotone nondecreasing if for every A C BC S,

f(A) < f(B), and is said to be sub-modular if for every {j} € S\B,

f(AUL}) = f(A) = f(BU{j}) — f(B).

We first focus on the monotonicity of the sum UL-DL SE. Let A be the indices of the
APs in the network, where each AP (i.e., each index) can be scheduled either in the UL or
DL. Further, let A, = A, U A, denote the index set of the APs that have been previously
scheduled, and A, = A\ A, be the index set of unscheduled APs. We need to show that
adding an element from A’ to A, does not decrease Rgym. Now, for any AP m € A, let
A; & A,u{m}. We note that when the mth AP is added to the set of UL APs, A,,, it does
not introduce any new interference, and hence the sum rate can only improve. However,
if the mth AP is added to Ay, then it has the option to transmit with zero power. If it
chooses to transmit at zero power, it is as if the AP was not added at all, so the sum rate
obtained is the same as that obtained without it. However, if the AP optimally chooses a
nonzero transmit power in order to maximize the sum rate, the sum rate can be potentially
improved. Hence, the sum rate with the new AP added can only be greater than or equal
to the sum rate obtained without the AP, and Ryum(As) < Reum(A¢) with A, C A;. This

shows that the sum rate is a monotone nondecreasing set function.



Chapter 4. 107

We now focus on the proof of sub-modularity. First, we observe that due to pilot con-
tamination and CLIS, Rgum is a non-separable function of the scheduled AP sets A, and
Ay. For example, if the jth AP, {j} ¢ A, UAy, is scheduled in the UL mode, we can write
the gain and the coherent interference terms in (4.7) and (4.8b) as

2

2
Z o2 | = (Z Oé?m) +a?k+2a§k Z o2, (4.13a)
meAU{j} meAy meAy

2

_ 2
& n ﬁmn & n ﬂmn
Z Eun Z afnk”gLﬁ = Z Eun (Z afnk‘/gLﬂ )
neT,\k meAU{j} pk fFmk n€I,\k L \meA, pk Fmk
+a Jkgp / Ep, ﬁj A / & 5 (4.13Db)
p k Fik e, p k Pmk |

respectively. We note that in (4.13a) and (4.13Db), the first two terms in the right-hand

side correspond to the gain and coherent interferences due to set A, and scheduled {j}th
UL AP, respectively. However, due to the nonlinearity and the cross terms, the UL SINR
is not a separable function of the set of scheduled APs. Thus, 1, x(AsU{j}) # nur(Au) +
Nuk({7}). Similar observations hold in DL. Furthermore, in our system, the UL SINRs and
the DL SINRs are coupled with the DL-transmitted signals via the AP-to-AP CLI and UL-
transmitted signals via UE-to-UE CLI, respectively, which makes the SINRs dependent on
the power control coefficients. Therefore, our problem becomes challenging compared to
previous works in antenna selection and UE scheduling literature, which have considered
either linear cost functions with respect to the maximization sets [78] or perfect CSI at
the APs [79].

In several studies, the authors rely on approximations such as high SNR [80], or the
SE under asymptotic antenna density [78|, which lead to tractable analytical expressions.
Such approximate cost function-based analysis is known as sub-modular relazation [80]. In
this work, we note that as the number of antennas at each AP, N, goes to infinity, the non-
coherent interferences become negligible compared to the gain and coherent interferences as

observed in Theorem 4.1 and Theorem 4.2. Also, in a CF system, the CPU can potentially
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cancel the AP-AP CLI with the global knowledge of the DL data streams. Therefore,
to make the analysis tractable, we bound both the UL and DL rates and formulate an

equivalent optimization problem based on the product SINR. Note that, as N — oo, we

2
2
mE.Au
2
Z guyn Z a p n ﬁmn
nely\k meAy p k 5mk

(\/ Euk > O‘znk)
meAy
- 5 v
nely\k meAy gp,k /Bmk
2
< > Kin/Ej na )
JEAY
3 2
( Z V gdjﬁjqa]q P” J”)
q€Z,\n \JEAY \/ D,q ﬁjq

2
(Z Kijn JnO‘Z )
A
. (4.15)

5
TL/B n

( > \/ gdj’ijq%q " 5]

qEIp\meAd \/ p,q Piq

The latter lower bounds in (4.14) and (4.15) follow as we have only added more interference

can show that

Su,k

Ru,k Z 10g2

> log, (4.14)

Rd,n Z 10g2

> log,

terms in the denominators. Let

(\/ﬂ Z O‘?nk)2 Z Gu,mk

R,1. = log, meL = 2log, mEZAu—I; (4.16)
, 5 n Mmn u,mk
(5 VB $ | 2nlmpe i
nely\k meAy Ep,k Bmk
and
( 2}4 Kjn\/Ejn05n)? Zfl\ Gajn
L = log, 74 = 2log, =28 (4.17)

2 )
B 2, Tagn
(> V gd]’i]qa]q pn ]n) JEAd

q€Zy\n JGAd p q /Byq
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with the respective terms being defined as

Gu,mk S gu,kagnky (418&)

Iu,mk £ Z \V/ u n mk p = gmn (418b)
ne€T,\k Epk Pk

Gajn = Kjny/ €0, (4.18c)

I i 2= JE ko2 @@ 4.18d

d,jn — Z dvj/ﬁ;]qa]’q g B ° ( : )
4€T,\n p.a Piq

Now, given the set of APs A, our problem is to optimally decide the partition A, and
Aqg such that the sum UL-DL SE, i.e. R, = | > Rl .+ > Ry, |, is maximized. For

kel nelly
notational simplicity, we rewrite our problem as follows

K Z Gk (AS)

max R, = max 2log, S
v Z 82751 (A

mE.As

Z Gmkz(A )
max H mEAS A (4.19)

k=1 mEAs

where the kth UE can be either UL or DL, and mth AP is either scheduled in UL or
in the DL. Here, we explicitly write the gain and interferences as a function of A,. The

equivalence in (a) follows from the monotonicity of log,(.).

Z Gmk(Ax)

K
Theorem 4.3. The product SINR, fn(A.) = ]] mEAZ—, is a sub-modular func-
k=1 Z Imk(-Ax)

mEAz
tion of the number of scheduled APs in the system. That is, if As and A; are index sets

of active APs, with As C Ay, and if {j} ¢ A:, then

Proof. See Appendix C.3. [ |

Now, exploiting the sub-modularity of R. ., we can develop a greedy algorithm similar

sum?’
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Algorithm 6: Greedy algorithm for AP scheduling
Input: A: the set of all AP indices

Initialization: A, = A; =0, A, = A, U Ay
[1]: while A’ # () do
[2]: Find the AP and the associated mode (UL/ DL) that give maximum

incremental gain in the product SINR in (4.19)

Z Gmk‘(As U {Z})

% mG.As
iy = argmax , (4.20)
A et mgs L (As U {i})

Z Gmk(As U {Z})

mE.As

iy = arg 5161%<keuuUUd mgs LA U] (4.21)

[3]: if ¢7 > 4} then

[4]: Update: A, =A,U{i}} % Schedule i¢th AP in UL

[5]: else

[6]: Update: A; =A;U {4} % Schedule ith AP in DL

[7]: end

[8]: end

[9]: Update the scheduled AP set: A, = A,U Ay
[10]: end

11]: Return: A, and Ay

to Algorithm 5 for scheduling the APs.! For completeness and the reader’s immediate refer-

sum

. 1

ence, we describe the recipe in Algorithm 6. It follows that R, (A) > (1 — —) Ry (A%),
e

where A* is the index set containing the optimal AP configuration that maximizes the

cost function R, ., and A denotes the AP configuration returned by Algorithm 6. We

sum’

validate the effectiveness of the greedy algorithm via numerical simulations in Figure 4.2.

1Recall that Algorithm 5 uses R for AP scheduling which is the sum UL-DL SE without pilot contam-
ination and perfect InAT cancelation. However, here, R’ .. is the product of UL-DL SINRs that capture

the effects of pilot contamination. Thus, although the structure of the greedy algorithm is the same, due
to the underlying sub-modularity, the utility metrics being optimized are different.
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The simulation parameters are detailed in Section 4.7. For the brute force-based search,
we have considered our original cost function Rg.m as expressed in (4.12) over all possible
AP-schedules to find the optimal SE. We also use the AP schedule generated by Algo-
rithm 6 and evaluate Rgu, using (4.12). We observe that the sum UL-DL SE obtained
via exhaustive search over all 2/ UL-DL AP-configurations and considering the effects of
CLIs matches closely with that obtained via Algorithm 6 based on sub-modularity of the
lower-bounded cost function.

In Figure 4.3, we plot the 90%-likely sum UL-DL SE vs. UL and DL data SNR to
validate the theoretical expressions of SE derived in Theorem 4.1 and Theorem 4.2. For
the simulation, we consider 10,000 Monte Carlo channel instantiations and UE locations;
the other parameters used can be found in Section 4.7. The theoretical curve is obtained
by averaging the 90% likely sum SE obtained from (4.12). The simulation corroborates
well with our derived results, verifying the accuracy of the expression for Ry, derived

above.

4.5 Performance Analysis: MMSE & RZF

It is known that the performance of CF-mMIMO can be improved with centralized
MMSE combining in the UL and RZF precoding in the DL [20,61]|. In this section, we
briefly analyze the performance of our system model under these combining and precoding
schemes.

Let A,(m) and U, (k) denote the mth UL AP and the kth UL UE in A, and U,, respec-
tively. Let Aq4(j) and Ug(n) denote the jth DL AP and the nth DL UE in A4 and Uy,
respectively. Let fuk € CNMul denote the estimated channel matrix of the kth UL UE to all

. . . T
the UL APs, ie., £, = [fj’u(l)k, . ’fzu(lAu\)k] ,Vk € U,, and let the estimated UL channel

matrix available at the CPU be denoted by F, 2 [fu,b{u(l)y ey fu,uu(|uu\)} € CNMIXI] - Sim-
ilarly, we can express the estimated channel of the DL UEs as f‘d = [fd,udu), cee fd,ud(lud\)] €

. . . T
CNMab Il with £, = [fidu)m e ,fid(Man] € CNMl Wn € Uy. Now, the concatenated
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Figure 4.2: Sum UL-DL SE (bits/slot/Hz) vs number of AP-antennas for different numbers
of APs. This plot shows the effectiveness of the sub-modular algorithm.

UL signal received at the CPU becomes

Z 4 uk( k+fuk) S“k+ZGandn+Wul, (4.22)

kel neUy

where G € CVHXNMdl denotes the residual interference channel between DL APs and UL
APs, and p,, € CVM4l is the nth column of the DL precoder P = [pud(l), . ,pud(|ud‘)} €
CNMslxUal - With a slight abuse of notation, let P; € CN*I%l denote the precoding
matrix for the jth DL AP, and let &;; denote the power budget per antenna at the
jth DL AP, so that the power constraint becomes tr(P;P!) < N&;; [61]. Finally,
W ~ CN(0, Noly|a,) is the additive noise. Then, V = Q;'F, € CNAXUI 5 the

joint MMSE combiner, with Q, = ( > Euykfu kf T Rut+ NOINAU), where
kel

R, = (Zé’ukE [£.+f%] + D E[Gp.p/G ) (4.23)

kel 1€UY
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Figure 4.3: The 90%-likely sum UL-DL SE vs. data SNR with K = 100. This figure

validates the derived theoretical expressions of the sum SE with Monte Carlo simulations.

Nu,k =

N N 2
gu,k fkau_lfu,k
- —5 —. (4.24)
Z gu,k/ fkaJIfu,k’ + fkagl (Ru + NOIN|AU|) Q;lfu,k
k' €U\ k

Then, the UL sum SE becomes [20] R, = > E[log, (1 + nux)], where 7, is expressed

keU,

in (4.24), with the expectation being taken over the channel realizations. The MMSE

combiner presented here maximizes the kth UL UE’s instantaneous SINR [20,39].

In the DL, the RZF precoder is a commonly used linear precoding scheme to control

inter-UE interference [61]. It is designed as P = /{leﬁ‘d, where Qg = (]?‘d]?‘f + §IN|Ad‘>,

K is the power normalization factor, and £ > 0 is a regularization parameter [81,82].

The DL sum SE can be increased by appropriately selecting ¢ [81], and the DL power

control parameter x is evaluated at the CPU based on the estimated channel statistics.
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2

K2 ‘E [f;;fQ;lfn}

2 -
} + var (f,{{lefn) + 3 EurE lgarl” + No
kel

(4.25)

Ndn = A
K23 E{fﬁlefn,

n’€Ug\n

Considering an equal power budget at each DL AP, ie., &, = &, it is easy to show

?, for all

K3 = N&/tr(P,;PI) satisfies the DL power constraint. We set x* = min;
j € Aqg, an approach previously used in [83]. We consider that the DL UEs know the
mean of the precoded signal, and therefore, applying the use-and-then forget bound, we
can write the DL SE as Rq = Y log, (1 4+ 14.,), with 74, (expressed in (4.25)) being the
DL SINR of the nth UE, Wherrzeez:dhe expectations are taken over the channel realizations.

With the above UL and DL SE expressions in hand, we can compare MRC/MFP based
combiner /precoding with the MMSE-type combining/precoding. The APs are scheduled
according to Algorithm 6, with the sum rate computed using the UL and DL SINRs
evaluated according to (4.24) and (4.25), respectively. In Figure 4.4, we see that, with
(M = 64, N = 4), the 90%-sum UL-DL SE achieved via MMSE/RZF is double the sum
UL-DL SE achieved via MRC/MFP under similar settings. This shows the interference
suppression capability of MMSE-based combiner and precoder, as well as the benefits of
the centralized MMSE-processing scheme. However, the complexity of these schemes in-
creases significantly with system dimension, i.e., number of UEs and number of APs. Also,
when we increase the number of APs from 8 to 64, we observe a substantial performance
improvement irrespective of the processing scheme. There are two contributing factors
to this improvement: First, as we increase the number of APs, the flexibility to schedule
the APs either in UL or in DL mode also increases, and therefore, the sum UL-DL SE
improves considerably. Second, with more APs, the probability that an UE finds an AP

(or APs) in its proximity also increases, and which in turn improves the rate achieved by

that UE, leading to an improvement in sum UL-DL SE.
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Figure 4.4: Performance comparison of MMSE-type precoder/combiner with MRC/MFP
with K = 32.

4.6 Full-Duplex Multi-cell Systems

In this section, we briefly present the sum UL-DL SE achieved by an FD-enabled multi-
cell mMIMO system, based on [53], to enable fair comparison with the DTDD-based
CF-mMIMO system. We assume that each cell has one FD BS with N, transmit and N,
receive antennas. To maintain the consistency with our previous analysis, we assume that
the total number of UEs across all cells is same as the total number of UEs (K) in the
CF system. Let U, and U4 denote the index sets of HD UL and DL UEs within the
Ith cell, such that i(lulu] + |ty 4]) = K. We also assume that each FD BS can perfectly
cancel out its self—il;’éerference. However, we do not assume any inter-BS cooperation for
interference management. Therefore, each BS experiences interference from neighboring
cells. Let the UL channel from kth UE of Ith cell to the jth BS be denoted by f, iz =
mhuﬂ‘lk € CN*! with B;;; being the slow fading component that includes the path loss,
and h, i ~ CN(0,Iy,) being the fast fading component. Similarly, the DL channel from
the jth BS to the nth DL UE of the [th cell can be modeled as £y j;, = \/%hdﬂn € CNex1,
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The channel matrix from the DL antenna array of the jth BS to the UL antenna array
of the Ith BS is denoted by T; € CN*M with each element modeled as CN(0, p;;). We
model the channel between the kth UL UE of the [th cell and the nth DL UE of I'th cell as
ikt ~ CN(0, €. ). In the channel estimation phase, we assume that all the UL and DL
UEs synchronously transmit orthogonal pilots for channel estimation [53,74|. The UL and
the DL estimated channels fu,jlk and fd,ﬂk of £, ju, and £y j;i, respectively, can be expressed

as £, e = £5 jue + £2 ik, * € u, d, with £, j;, being the estimation error vector, consisting of
2
Tpgp,lkﬁjlk
7p 22 TpEpuriBivk + No
I

Here, the UEs are numbered such that identically indexed UEs across different cells share

ii.d. entries such that fmlk ~ CN(0, (B — ‘732‘51:)1) with o, =

the same pilot sequence.

Following this, the UEs and the BSs simultaneously transmit their data. Let v, jz € CV
be the UL combiner kth column of the UL combiner vector designed at the jth BS.
Similarly, let v, € C¥ be the DL precoder designed at the jth BS and is intended for
the nth DL UE. Let the kth UL UE of the jth cell transmit its symbol s, j; with power
Eu,jk, and the jth BS transmit the precoded DL data v ;54 jn. The total power expended
by the jth BS is denoted by &;; and the power control coefficient for the corresponding
nth UE is denoted by x;,. We present the sum UL-DL SE for a cellular FD-mMIMO
system with MRC (i.e. vy = fuux) in the UL and MFP (i.e. vgg, = £5;,,) in the DL in

the following Lemma based on [53]:

Lemma 4.1. The achievable sum UL-DL SE of a cellular FD-mMIMO system with
MRC/MFP is

L
RED =T\ {Z logy (1+n40) + > log, (1+ nf;};)} , (4.26)

T
=1 kel neud

with the UL and DL SINRs being

Nro-l%kgu,lk
IBS) + MUL, jx + No’

(4.27)

FD __
Nk =



Chapter 4. 117

and

2,2 4
FD Nikp,Eaioy,

_ 4.8
Tain =TT, + MUT . + No’ (4.28)

respectively, with inter-BS interference (IBS;i ), UL multi-user interference (MUL, ;i ), inter-

UE interference (MUL, ;i ), and DL multi-user interference (MULyy,) being

L
IBSjk 2 N, Z Z :‘i?ngd,jplj + N, Z K?ngd,lplh (4_293)
Jj=1,j#lne€l; q nely q
L L
MULy,jk 2 N, Z U?jkEU,jk +Z Z Bk Eu ke (4.29Db)
]:17]7él ]:1 klEZ/{j,u
L
UL, = Z Z Eu ik €k In (4.29¢)
J=1 k'€l
L L
MUId»ln é ‘]\/vt2 Z Ujg'lnal%ngd,jl{?n + Nt Z Z leno-]zjk/gdd/‘f?k/, (429(:1)
j=1,j#1 J=1 k'el;q

respectively.

4.7 Numerical Results

In this section, we present numerical insights into the performance of DTDD-enabled
HD-CF mMIMO systems. The UEs are dropped uniformly at random locations over
a 1 km x 1 km area and are served by M HD-APs, depending on the AP-schedules
obtained via Algorithm 6. The APs are arranged in a grid for fair comparison and maximal
coverage [16,20]. The path loss exponent and the reference distance from each AP are
assumed to be —3.76 and 10 m, respectively [19]. The UL SNR is set by fixing the noise
variance Ny to unity and varying the UL powers &, such that &, /Ny equals the desired
value. In the DL, we set k;, = (N /Z af) ! in (4.9), as in [19,47]. For the cellular
system, we partition the area into L ekqflL;il—sized cells with an FD-mMIMO BS deployed at

each of the cell centers, and each UE is served by its nearest BS. The results are obtained

by averaging over 10* random UE location and channel instantiations.
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Figure 4.5: CDF of the sum UL-DL SE of DTDD CF-mMIMO and TDD CF-mMIMO

with different AP /antenna configurations.

4.7.a Performance comparison with MRC & MFP:

In Figure 4.5 and Figure 4.6, we compare the performance of DTDD CF-mMIMO with
TDD-based HD cellular and CF mMIMO, via the CDFs of the sum UL-DL SE. We consider
K = 32 UEs with 50% of the UEs having UL data demand in each time slot. For each
instantiation of UE positions, the APs are scheduled using the proposed greedy algorithm.
In the cellular case, we consider L. = 8, with the BS in each cell equipped with N antennas.
For the HD TDD-CF and DTDD-enabled CF, we consider multiple combinations M and
N. From Figure 4.5, we see that the DTDD-enabled CF-mMIMO system considerably
improves the sum UL-DL SE compared to the other schemes. For example, CF-DTDD
with (M = 64, N = 4) offers a median sum UL-DL SE of 17 bits/slot/Hz, whereas TDD
CF offers only 7 bits/slot/Hz. Next, in Figure 4.6, we compare DTDD CF-mMIMO with
cellular TDD mMIMO. Cellular TDD with (L = 8, N = 256) performs similar to DTDD
CF-mMIMO with (M = 16, N = 16); note that the antenna density in the cellular system

is 8 times the antenna density of the CF system. DTDD schedules the APs based on the
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Figure 4.6: CDF of the sum UL-DL SE of DTDD CF-mMIMO and TDD enabled cellular
mMIMO.

localized traffic demand, and the UL-DL transmissions occur simultaneously, which results
in the dramatic improvement in the system sum UL-DL SE compared to cellular TDD.
Next, in Figure 4.7, we compare DTDD CF-mMIMO with an FD cellular system. CF-
DTDD with HD APs and (M = 16, N = 64) outperforms the cellular FD-system with
double the antenna density, i.e., (L = 16, N; = N,. = 64). Increasing the number of APs,
but still with half the antenna density compared to the FD (see the curve corresponding
to (M = 64, N = 16)), results in significantly better sum UL-DL SE in HD CF-DTDD
compared to the cellular FD system. Thus, although each BS in cellular system is equipped
with simultaneous transmit and receive capability, the HD-APs with dynamic scheduling
and the joint processing benefits of DTDD CF-mMIMO results in better sum UL-DL SE.
Next, we illustrate the dependence of the sum UL-DL SE on the data SNR. In Figure 4.8,
we plot the average 90%-likely sum UL-DL SE as a function of the UL and DL data SNR.

We observe that at low data SNR regime (—10 to 10 dB), an FD-cellular system with
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Figure 4.7: CDF of the sum UL-DL SE of a DTDD CF-mMIMO and a cellular FD-
mMIMO system with K = 32 UEs.

5!
A—
ea Ji'y
4 A & p-0o
= .
- A’A -
L3 o O
- A o
- A O’
§ 2 X A,D/ £zFD-cellular: L=4, N, = N, =128
w0 N d - g e D-cellular: L=8, N; = N, =64
NS % |:|’D - #FD-cellular: L=16, N; = N, =64
K1 X g OCF-DTDD : M=32, N =32
£ QOCF-DTDD : M=64, N =16
ACF-DTDD: M=128, N =8
-10 0 10 20

Data SNR (dB)

Figure 4.8: 90%-likely sum UL-DL SE vs. UL and DL data SNR, with K = 60 UEs.
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(L =16, Ny = N, = 64) offers similar 90%-likely UL-DL SE compared to the CF-DTDD
system with half the antenna density (M = 32, N = 32). Moreover, if we increase the
number of APs deployed, for example, (M = 64, N = 16),(M = 128, N = 8), CF-DTDD
offers better performance throughout the entire range of data SNR. In both cases, for
a given antenna density, having a larger number of BS/APs is better: the beamforming
gains are insufficient to offset the path loss and interference.

In Figure 4.9 and Figure 4.10, we show the trade-off between the pilot length and the
available data duration via plotting the 90%-likely sum UL-DL SE as a function of the ratio
of the number of active UEs to the coherence interval. We consider two cases: (i) 7, = 30
irrespective of the number of UEs in the system (Figure 4.9), (i7) 7, = K, i.e., the pilot
length is scaled linearly with the UE load (Figure 4.10). We consider the overall fractional
UL-DL data demands to be the same across the number of UEs. In case (i), the sum UL-DL
SE increases monotonically, even though there is pilot contamination in the system. This
shows the effectiveness of the iterative pilot allocation algorithm presented in Section 2.3.
However, in case (ii), the duration available for data transmission reduces, leading to a
decrease in the SE as the number of UEs increases. For instance, in Figure 4.10, with
(M =64, N = 2), the sum UL-DL SE decreases sharply when the UE load goes beyond
55% of the coherence interval. Thus, as the UE load increases, it is better to repeat shorter
length pilots, along with a suitable algorithm to ensure minimal pilot contamination, to
balance the errors introduced by pilot contamination with the data transmission duration.

Next in Figure 4.11, we investigate the effect of AP-AP and inter-BS CLI on the UL
sum SE in CF and cellular mMIMO systems, respectively. Here, we fix the DL SNR to
10 dB for all UEs. We observe that in a cellular FD system, the UL sum SE reduces
dramatically when the inter-BS CLI exceeds —40 dB. In contrast, in the DTDD-enabled
HD CF-mMIMO system, as the AP-AP CLI increases, the greedy algorithm ensures an AP-
schedule that balances the UL and DL SE to maximize the overall sum SE. For instance,

with (M = 32, N = 4), as CLI increases from —70 dB to —60 dB, we observe a decrease



Chapter 4. 122

W
o

1% CF-DTDD: M =64, N =2

£:CF-DTDD: M =32, N =4
CF-DTDD: M =16, N =8

' CF-DTDD: M =8, N = 16

QCellular FD: L =16, N; = N, = 8

ACellular FD: L =8, N, = N, = 16

(%)
]

(bits/slot /Hz)
[\
e}

—

90% likely Sum SE
@)

0.2 0.4 0.6 0.8
Ratio of UE load to coherence interval (%)

1

Figure 4.9: The 90%-likely sum UL-DL SE vs. the number of UEs, with 7, = 30, 7 = 200.

20 T 1
% CF-DTDD: M = 64, N = 2
0 oo - %o #CF-DTDD: M = 32,N =4
I " J>CF-DTDD: M = 16,N = §
o o " g----%__ OCF-DTDD: M =8N =16
=S ! % ~ O Cellular FD: L = 16, N; = N, = 8
N5 ., Aceuular FD: L =8N, =N, = 16
Z)?}‘ 10’ ,*/ \
D] ~~ I
=< b b--- §_
& 5 3@' o’ A—_k—-" §‘ > 1
g lq:l ) < \\
e ‘*\3

(yg 012 014 016 018 %

Ratio of UE load to coherence interval (%)

Figure 4.10: The 90%-likely sum UL-DL SE vs. the number of UEs, with 7, = K, 7 = 200.

in the UL SE, and beyond —20 dB, it saturates to about 5 bits/slot/Hz. In contrast,
in an FD cellular system with (L = 8 N; = N, = 16) the UL SE reduces to nearly 0
bits/slot/Hz at —20 dB of inter-BS CLI. Thus, HD-APs with DTDD are more resilient to

SI cancellation errors. Also, the performance of the cellular FD-mMIMO in Figure 4.11 is
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Figure 4.12: Rate region between 90%-likely UL sum SE vs. 90%-likely DL sum SE. We
observe that more APs with smaller antennas provides larger rate regions compared to
cellular FD systems.

an upper bound, since we consider perfect SI cancelation at the BSs.
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In Figure 4.12, to illustrate the effect of the traffic demand on the UL and DL SE, we vary
the fraction of UEs demanding UL data from 0 to 1, and plot the 90%-likely UL sum SE
against the 90%-likely DL sum SE obtained for each fractional UL-data demand. At each
fractional UL-data demand, we use Algorithm 6 to determine the mode of operation across
the APs. We observe that the rate region attained by HD CF-DTDD is significantly larger
than that of the cellular FD system, e.g., the HD CF-DTDD curve with (M = 16, N = 8)
and the FD-cellular curve with (L = 16, N; = N, = 8). In fact, even with 100% UL data
demand (the points along the x-axis) or 100% DL data demand (the points on the y-axis),
HD CF-DTDD outperforms FD-cellular by more than 2 bits/slot/Hz. This is because the
FD-cellular system has to contend with inter-cell interference, even if the SI cancelation is
perfect. The joint data processing at the CPU and dynamic AP scheduling based on the

UE data demands results in the larger rate region of the HD CF-DTDD mMIMO system.

4.7.b Performance comparison with MMSE & RZF:

In Figure 4.13, we compare the TDD-based canonical CF-mMIMO system with our
proposed DTDD-enabled CF-mMIMO system. For both schemes, we consider a centralized
MMSE combiner in the UL and RZF in the DL. DTDD CF-mMIMO with (M = 64, N = 2)
procures a sum UL-DL SE of 14.63 bits/slot /Hz, while in similar settings, the TDD-based
CF-system only obtains 9.83 bits/slot/Hz. Thus, although MMSE-type combiners and
precoders improve the SE of both TDD and DTDD-based systems, the simultaneous UL-
DL data traffic handling capabilities of DTDD-based systems help further enhance the
achievable sum UL-DL SE.

Next, we compare the performance of an FD-enabled cellular mMIMO system with the
CF DTDD-based system. For the cellular case, we consider the multi-cell MMSE (M-
MMSE) combiner and precoder [39]. From Figure 4.14, we observe that an FD cellular
system with (L = 16, N; = N, = 32) and a CF-DTDD system with (M = 16, N = 32) have

a similar CDF of the sum UL-DL SE, in spite of the CF-system having half the antenna



Chapter 4. 125

1 —— ) ——11 —e D),
s - Solid line: CF-DTDD
Dashed line: CF-TDD
0.8+ .
SE:
M=64, N =2
2 0.6 M=32, N =4
- e M=16, N =8
“ 04 OM=64, N =2/ |
OoM=8, N =16
OM=32, N =
0.2+ HM=16, N =8 -
/__SE: 14.6317 [ M=8, N =16
O 1

0 - 1‘0 20 30
UL-DL SE (bits/slot/Hz)

Figure 4.13: Comparison of DTDD CF-mMIMO and TDD based CF-mMIMO.

40

density as the FD system. Also, in the CF system, since the APs are HD, only a subset
of the 16 APs serve the UL UEs, and its complement serves the DL APs. In contrast, all
the 16 FD BS can simultaneously serve both UL and DL UEs in their respective cells. We
further see that an FD-system with 4 BSs having 128 transmit and receive antennas each
offers a 90% sum UL-DL SE of 13.2 bits/slot/Hz, whereas the CF-DTDD based system
with (M = 64, N = 8) offers 27 bits/slot/Hz, a more than 100% improvement. Although
both FD cellular and CF-DTDD systems support simultaneous UL and DL traffic load,
the joint signal processing capability at the CPU in the CF architecture helps to improve
the sum UL-DL SE substantially.

4.8 Chapter Summary

In this chapter, we analyzed the performance of a CF-mMIMO system under DTDD,

where the transmission mode at each HD AP is scheduled so that the sum UL-DL SE
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Figure 4.14: CDF of the sum UL-DL SE achieved via DTDD CF-MIMO and FD mMIMO
systems.

is maximized. The complexity of the brute-force search increases exponentially with the
number of APs. To tackle this problem, we developed a sub-modularity based greedy
algorithm with associated optimality guarantees. Our numerical experiments revealed
that a DTDD-enabled CF-mMIMO system substantially improves the sum UL-DL SE
compared to HD TDD CF and HD TDD cellular mMIMO systems. The key reason
for the performance improvement in DTDD compared to TDD-based systems is that
the former duplexing scheme can simultaneously serve the UL and the DL UEs in the
system. Furthermore, the HD DTDD CF-mMIMO can even outperform an FD-cellular
mMIMO system. We numerically illustrated the sum SE improvement of DTDD CF-
mMIMO over the cellular FD system under different antenna densities, number of UEs,
and fractional UL/DL data demands. We considered the MRC/MFP-based scheme as well
as the centralized MMSE /RZF-based scheme in both cellular and CF systems. Under all

these different system settings, we showed that CF-DTDD with a large number of APs can
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improve the sum UL-DL SE compared to an FD cellular system under similar antenna
densities. Essentially, DTDD CF-mMIMO exploits the joint signal processing of a CF
system coupled with the adaptive scheduling of UL-DL slots based on the localized traffic
demands at the APs. A key advantage of DT DD-enabled CF over FD cellular is that we no
longer need additional hardware at each AP to cancel the SI. The system performance can
be further improved by incorporating UL-to-DL UE interference cancellation techniques

or power control strategies, which will be addressed in the next chapter.



5 | Can DTDD Cell-Free Outperform
Full-Duplex Cell-Free?

Chapter Highlights
The previous two chapters analyzed DTDD CF systems considering maximal ratio (MR)-based

comber & precoder and with fixed/equal UL-DL power allocation and then benchmarked the
performance with TDD CF & cellular and FD cellular systems. In this chapter, we present
a rigorous comparative study of HD APs with DTDD and FD APs in CF systems, considering
different choices of combiners & precoders and UL-DL power control. DTDD and FD CF systems
both support concurrent DL transmission and UL reception capability; but the sum UL-DL SE is
limited by various CLIs, viz. InUI, InAl for both DTDD and FD systems, and, additionally, IrAI
for an FD system. We derive the sum UL-DL SE in closed form, considering zero-forcing (ZF)
combining and precoding along with the SINR optimal weighting at the CPU. Our derived UL /DL
SEs reveal the effects of CLIs and power control coefficients on the overall system performance.
We then present a provably convergent algorithm for joint UL-DL power allocation and UL/DL
mode scheduling of the APs (for DTDD) to maximize the sum UL-DL SE. Further, we show
that the proposed algorithms are precoder and combiner agnostic and come with closed-form
update equations for the UL/DL power control coefficients. Our numerical results illustrate the
superiority of the proposed power control algorithms over several benchmark schemes and show
that the sum UL-DL SE with DTDD can outperform an FD CF system with similar antenna
density. We also observe that with UL-DL power control, optimal weighting in the UL, and
ZF combining & precoding, the sum UL-DL SE of the DTDD CF system can be substantially
improved compared to the case when either equal power allocation is employed, or only apply
weighted combining in the UL, considering MR-based combining & precoding (which was the
case with previous two chapters). We conclude that DTDD combined with CF is a promising
alternative to FD that attains the same performance using HD APs, thereby obviating the burden

of IrAT cancellation.

128
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5.1 Introduction

Wireless systems for 5G and beyond are required to serve an increasingly large number of
UEs while supporting uniformly good QoS and high SE requirements. With this in mind,
two potential physical layer solutions have been envisioned: (i) the capability to serve both
UL and the DL UEs using the same time-frequency resources, thereby potentially dou-
bling the sum UL-DL SE over conventional time/frequency division duplexing (T/FDD)
systems, and (77) distributed deployments of the remote radio units or APs for ubiquitous
connectivity and high macro-diversity as opposed to a centralized MIMO cellular system.
The key enablers of the above are: (i) the use of FD APs [53] or the use of DTDD with
HD APs [33,58,84]; and (i7) CF-MIMO [16,20,85,86[; respectively. This chapter presents
a comparative performance analysis of FD and DTDD CF-MIMO' systems.

We note that, in CF systems, both FD and DTDD can enable simultaneous transmission
(reception) to (from) HD UEs over the same time-frequency resources. However, CLIs,
i.e., the InAl and InUI, limit the achievable SE in both systems. Additionally, in the FD
system, the received signal at each AP is contaminated by its own transmitted signal,
called ST [53|, which we refer to as IrAl in the sequel. The cancellation of IrAl demands
power-hungry and expensive hardware in addition to baseband signal processing overheads.
However, if IrAl can be effectively canceled, in an FD-CF system, all the APs in the
vicinity can assist in a given UE’s transmission/reception, while in the DTDD system,
only the subset of APs operating in UL (DL) can assist in decoding (precoding) the UE’s
data signal. On the other hand, as we will see, InAl is higher in an FD system, as all
the APs interfere with the received signal at any AP. However, with DTDD, only the
subset of APs operating in DL mode cause InAl at the APs operating in UL mode. Thus,
which duplexing scheme is better and under what conditions is not clear. Answering this

question via a careful theoretical analysis is the main aim of this chapter.

'DTDD CF and FD CF are also referred to as network-assisted full-duplex (NAFD) CF MIMO in the
literature [87, 88].
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5.1.a Literature review

CF, DTDD, and FD are all technologies that have received intense research attention
over the past few years. The focus of this literature review is on studies that consider
either DTDD or FD systems in the CF architecture. The analysis of the sum SE of a
DTDD CF system with fully centralized processing was presented in [89]; however, with
a pre-scheduled set of UL and DL APs. Further, in [87,90], the authors addressed the
AP-mode selection for DTDD-based CF-systems to maximize the UL/DL SEs, with power
constraints at the UEs and APs. In [91], the authors considered a hybrid-duplex (both FD
and HD APs) architecture, where antenna mode assignment at each multi-antenna AP is
solved under the goal of secrecy SE maximization. Here, we note that [87,90,91] assume the
availability of perfect CSI at the CPU, rather than the statistical /estimated CSI. Therefore,
all resource allocation needs to be executed in the time scale of fast-fading coefficients.
Moreover, the authors assumed a fully centralized CPU-based CF system. Thus, the
APs must send the full channel state information to the CPU, incurring high front-haul
overhead, especially when the numbers of APs and UEs are large, which is not scalable [17,
20]. In contrast, consideration of distributed processing, where precoding/combining is
performed locally at the APs, is critical for scalable CF systems.

In [33], we presented a distributed processing-based sum UL-DL SE analysis with a
low complexity algorithm for AP scheduling and fixed UL and DL power allocation, and
this was the theme of the previous chapter. The contents of this chapter significantly
extend the results presented in the previous chapter by considering MMSE /ZF precoding
and combining at the APs and SINR-optimal combining at the CPU, joint UL-DL power
allocation for sum UL-DL SE maximization, and comparing the performance against an
FD system. A detailed comparison is presented in Table 5.1. Recently, the authors in [92]
investigated the joint power UL-DL power allocation problem, assuming perfect CSI, in
a DTDD CF system. The power allocation policy of [92] is derived for MRC and MFP,

with equal weighting-based combining of the APs’ signals at the CPU in the UL, which is
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Chapters | Channel Estimation Combiner & Precoder UL & DL Power Control
Chapter 3 1. Perferect CSI' MRC & MFP Fixed ?r equal power
2. Orthogonal Pilots allocation
Chapter 4 | Pilot Contamination 1 MRC &/ MFEP L . Fixed (')r equal power
2. MMSE/RZF (only via simulation) allocation
Chapter 5 | Pilot Contamination 1. MMSE Cf)mblr}er & RZF Precoder UL a-nd DL power control
2. ZF Combiner & Precoder algorithms with FP and ADMM
Chapters | Optimal Combining at the CPU | Comments on Algorithms Key Message(s)

Onlv for t1 ial Sum SE is submodular with
nly for the special case
. . Y P perfect InAT cancellation and DTDD CF outperforms
Chapter 3 | of perfect CSI and orthogonal . .. . .
ot optimal combining without pilot TDD CF systems.

ilots.
P contamination.

Not considered
ot consicere Product SINR is submodular after

DTDD CF outperforms
accounting for the effects of pilot OUPPELIOTS

cellular FD systems.

This chapter mainly focuses
Chapter 4 ( P . Y s
on the effects of pilot contamination L
. . contamination and InAl.
and imperfect InAl cancellation.)

1. DTDD CF outperforms

FD CF system.
1. Sub-problems of UL and DL CF system

ower controls are proven to converge.
P P 8 2. Power control coupled with optimal

weighting at the CPU substantially
improves compared to equal/fixed power

Chapter 5 | Considered
2. Numerical validation of the convergence

of overall alternating optimization. . . .
allocation and equal weighting or optimal

weighting.

Table 5.1: Comparative view of the results presented in this thesis.

suboptimal for CF [20]. Recently, the authors extended their work in [92] incorporating
LSED for the UL combining at the CPU [93]. However, the analyses in [93] assume the
availability of orthogonal pilots for channel estimation and MRC/MFP for UL and DL
data detection. Former can lead to inordinately high pilot overhead, and MRC/MFP are
suboptimal choices for CF-system [20]. Thus, it is essential to consider ZF or MMSE-type
combiners and precoders that are more robust to interference, which we address in this
work.

On the other hand, the performance improvement achieved by FD APs over conventional
TDD CF systems has been investigated in [24,94,95]. We conducted an expository study on
the interplay of the CLIs and IrAl on the achievable SEs under DTDD and FD in [96], and
this will be discussed later in this chapter as a special case. However, the results obtained
were based on fixed power allocation and under the availability of perfect CSI. Now, finding
a pilot allocation scheme in a CF system is challenging because multiple APs jointly serve

the UEs in the area. Specifically, in contrast to a cellular system where only the serving AP
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requires CSI from a given UE, in CF, accurate CSI is required at all the APs in the vicinity
of the UE. The works that account for pilot allocation in DTDD CF systems consider either
complex iterative algorithm [33|, random allocation of pilots [89], or assume orthogonal
pilots across all UEs [92]. Recent works on FD CF systems have also considered orthogonal
pilots [24,88,97] or have analyzed the effect of pilot contamination by abstracting it as an
additive channel error term in the channel estimate [95], which does not explicitly account
for the pilot length, design or allocation across the UEs. Previously, in Section 2.4, in
contrast to pilot allocation with predetermined pilot length [19, 22,29, 31-33, 46, 49, 96|,
we optimized the pilot length and developed a low-complexity solution that incurs little
signal processing overhead and is applicable in both DTDD and FD settings. Now, in
this chapter, we analyze the effects of pilot contamination” on the sum UL-DL SE of
the DTDD-enabled CF MIMO system and, subsequently, on the UL-DL power allocation

strategies.

5.1.b Contributions

To the best of our knowledge, a comprehensive study of these two duplexing schemes
accounting for practical issues such as pilot length optimization, optimal weighting at the
CPU, interference canceling precoder and combiner design, AP scheduling, and UL/DL
power allocation is not available in the literature. It is essential to account for these
aspects because the critical bottleneck, namely, the CLIs of DTDD and FD, is heavily
dependent on and can be controlled by these factors. In this regard, our analysis accounts
for pilot contamination and, consequently, includes the effects of coherent interference
on the optimal weights and sum UL-DL SE, which was missing in previous work [93].

Further, we provide closed-form expressions for the SE with ZF combiner and precoder

2Here, we note that the pilot allocation algorithm developed in Section 2.4, applies not only to TDD-
based CF MIMO system but also to DTDD and FD CF systems. Convinced by the superior performance
of the proposed pilot allocation algorithm, we will use the same method for channel estimation for this
chapter.
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and, subsequently, closed-form updates for all the power allocation algorithms developed.
Our algorithms need to be executed only in the time scale of large-scale fading, which
remains constant for several channel coherence intervals, in contrast to instantaneous CSI-
based approaches in [87,90,91].

Our key contributions are:

1. We analyze the sum UL-DL SE considering MMSE combiners and regularized ZF (RZF)
precoders. We also derive closed-form expressions for the sum UL-DL SE with ZF
combiners and precoders (see Lemma 5.3 and Lemma 5.4). These expressions un-
cover the effects of InAl, IrAl, and InUI on the UL-DL SEs, and how power control
and UL/DL scheduling of the APs (for DTDD) dictate the strengths of these CLIs.
Also, in the UL, we present an SINR optimal weighting scheme, which ensures that

the received SINR at the CPU is maximized (see Lemma 5.2).

2. Next, we focus on the sum UL-DL SE maximization with set constraints on the
UL/DL APs and transmit power constraints on the APs and UEs. This problem of
joint AP scheduling and power control is non-convex and NP-hard. We decouple it

into two sub-problems.

(a) We optimize the UL and DL power control coefficients for a given AP sched-
ule. We solve this non-convex problem using fractional programming (FP)” that
employs a series of equivalent convex reformulations. Further, closed-form solu-
tions for the power allocation coefficients and associated auxiliary variables are
derived using the alternating direction method of multipliers (ADMM)" in the

case of DL and using an augmented Lagrange multiplier in the case of UL. Also,

3FP convexifies the non-convex cost function such that the optimal solution of the surrogate cost
function and the original cost function is the same [98]. This is in contrast with the approach adopted
in [92,94], where the convex cost function is typically a lower bound of the original cost function and the
algorithms optimize the lower bound.

4ADMM is an effective approach for reducing the computational cost in large dimensional problems
compared to interior-point methods or general purpose solvers such as CVX or MOSEK [99].
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in the UL, we observe considerable improvement in the proposed SINR optimal
combining coupled with UL power control compared to existing benchmarks
and when either of these two schemes is applied individually (see Figure 5.4).
The resulting algorithms for each sub-problem are shown to converge to local
optima (see Proposition 5.2 and Proposition 5.3). Finally, our proposed FP-
based algorithms are precoder/combiner scheme agnostic, unlike [92, 93], and
require fewer auxiliary variables, which makes our solutions widely applicable

and scalable for large distributed systems.

(b) For AP scheduling, we develop a greedy AP mode (UL/DL) selection algorithm,
where, at each iteration, we select the AP and the corresponding mode such
that the incremental gain in the sum UL-DL SE is maximum. This pragmatic
low-complexity approach solves an otherwise exponentially complex scheduling

algorithm in polynomial time.

We perform extensive numerical experiments that reveal the superiority of the proposed
pilot length optimization and pilot allocation scheme, the UL/DL power control algo-
rithms, and the AP-scheduling algorithm over several existing schemes (see Figure 5.4 and
Figure 5.5). Surprisingly, our results show that for the same number of APs and antenna
density, DTDD procures a better sum UL-DL SE compared to an FD-enabled CF system.
Specifically, the 90%-likely sum UL-DL SE of the DTDD CF system is 21% higher than
that of the FD system under similar system parameters (see Figure 5.6). Further, we
observe that even with double the antenna density, the performance of the FD system can
be limited by InAl and IrAl, while DTDD is more resilient to InAl (see Figure 5.9). Thus,
we can obtain the benefits of FD via DTDD itself, obviating the need for IrAl suppression
at the APs.
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Back-haul links = = —» Inter-UE CLI L UL UE % uL ap

e UL signals = = => Inter-AP CLI DL UE % DL AP
=3 DL signals

Figure 5.1: DTDD CF MIMO system: the overall system can serve UL and DL UEs
simultaneously, forming a virtual FD system.

5.2 System Model

In the DTDD CF setup, M HD-APs, each equipped with N antennas, jointly and co-
herently serve a total of K single antenna UL and DL UEs using the same time-frequency
resources. Let the sets U, and Uy contain the indices of UL UEs and DL UEs, respec-
tively, with U, NUy = O, U, UUy = U, and [U| = K. The UL channel from the kth
UE to the mth AP is modeled as f,,; = /Bmrhmie € CV, where B,,; > 0 captures the
effect of large scale fading and path-loss which remain unchanged over several channel
coherence intervals and are known to the APs and the CPU [20]. The fast fading compo-
nent, h,,; ~ CN'(0y,Iy) € CV, is independent and identically distributed (i.i.d.) and is
estimated at the APs using pilot signals at the beginning of each coherence block.

In the FD system, each AP is equipped with N, transmit and N, receive antennas. Let
fomk = /Bumihumi € CV and 4, = \/Bamnhamn € CV* be the UL channel between
the receive antenna array of the mth AP to kth UL UE and the DL channel between the
transmit antenna array of the mth AP to the nth DL UE, respectively. Here, 3 ,,; and

hi .k, 1 = {u,d}, corresponds to the fast and slow fading components of the UL and the
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Back-haul links == = =p - | UL UE
. Inter-UE CLI g FD AP
— UL signals — = —> Inter-AP CLI DL UE
——> DL signals €\ Intra-AP CLI/SI

Figure 5.2: FD-enabled CF system: each AP can serve both UL and DL UEs; however,
the APs suffer from IrAl.

DL channels, respectively, and follow similar statistical modeling as in the DTDD system.

The inter-AP channels remain constant for several coherence intervals and are mostly
line-of-sight (LoS), whose CSI can be made available to the CPU before the pilot and data
transmission phase. Thus, the overhead of inter-AP channel estimation does not affect
the available data transmission duration. However, the inter-AP CSI at the CPU may be
erroneous, which we model using Gaussian distributed additive noise as per [24, 33, 53|.
Specifically, the inter-AP channel from the jth DL AP to the mth UL AP is denoted by
ij € CNV*N whose elements are i.i.d. CN(0, :QJA'). Here 7'7';?' captures the effects of both
the large scale fading and the power of the residual InAl.

For FD CF, IrAl at each AP can be suppressed via active SI cancelation and antenna
isolation. It has been argued that the residual IrAT follows the Rayleigh distribution [100].
Following this, we model mth AP’s residual IrAl channel between the transmit and the
receive antenna links as G2~ CN(0, ¢! ), where the residual IrAl ¢3! depends on the
interference suppression capability of the hardware [95,97].

Finally, let g, denote the channel between kth UL UE and the nth DL UE, modeled
as CN(0, €,x), and is independent across all UEs [33,53]. The channel modeling discussed
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above is illustrated in Figure 5.1 and Figure 5.2.

5.2.a Problem Statement

Having described the system model, we now present the key problems considered in this
chapter. As illustrated in Figure 5.1 and Figure 5.2, the performance of both DTDD
and FD is affected by CLIs, viz. InAl, IrAl (for FD), and InUI. Now, the strengths of
these CLIs, as we shall see in Section 5.3, depend on the estimated UL/DL channel
statistics, choice of precoder and combiners, and, most critically, on the UL and DL power
allocation strategies. Further, in DTDD, we get the additional flexibility to schedule
the APs” UL/DL modes, which can reduce InAl. Keeping these in mind, our goal is to
maximize the achievable sum UL-DL SE under these two duplexing schemes.” In this
regard, we pose and address the following problems: (i) Allocation of pilot signals that
can ensure no contamination in the APs in the vicinity of every UE while using a minimum
number of orthogonal pilots; (i) design of combiners and precoders at the APs and the
CPU to reduce interference; (iii) AP scheduling in the UL/DL modes for DTDD; and (iv)
UL/DL power allocation policies for DTDD and FD to maximize the sum UL-DL SE. We

begin with channel estimation and pilot allocation in the next section.

Remark 5.1. Typically, the CPU consists of multiple cores with a multi-threaded software
architecture capable of processing UL and DL data simultaneously for DTDD and FD.
Essentially, the DL threads are run on a subset of the cores at the CPU, and the UL

threads are run using a different set of cores.

5.2.b Channel Estimation and Pilot Allocation

The UL channel estimation has been discussed in detail in Chapter 2. Here, we briefly

recapitulate the same in the context of DTDD and FD CF-mMIMO systems. This will

°In [16], the authors point out that since a distributed CF system is inherently fair, additionally
requiring fairness degrades the sum SE without an appreciable improvement in the fairness criterion.
Thus, we consider the sum UL-DL SE as the metric to be maximized.
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also help us follow the latter contents.

5.2.b.i DTDD CF

During the channel estimation phase, the UL and DL UEs synchronously send UL pilot
sequences to the APs. The APs use the received pilot signals to estimate the channels
between the UEs and the APs. Now, allocating orthogonal pilot sequences to all the
UEs can incur inordinately high channel estimation overhead. Therefore, we consider
that pilot length is constrained to be 7,, where 7, < K, and these pilot sequences are
reused among the UEs. Let P = {¢1,¢,,..., ¢, } be the set of orthonormal pilot se-
quences, where ¢, € C™. Let [(k) denote the index of the pilot used by the kth UE
and Py denote the set of UE indices, including the kth UE, that use ¢,,. Therefore,
(Piwys Puwy) = 1, if K € Pyyy, and equals to 0 if &' ¢ Pyx). Let &, be the power
of the pilot signal of the kth UE. We can show that the MMSE estimate of the chan-
nel f,,;., denoted by £.. [101, see Chapter 12|, is distributed as £, = \/ﬁﬁmkcmkypm,
with e 2 (T0EpkBmk +Tp Y. EpnBmn + No) L. Further, £ ~ CN(Oy,a?,Iy), with

n€73‘1<k)\k

2
mk

as CN'(Oy, a2, 1Iy), with @&pe £ / Bk — a2, and £ . is uncorrelated with f,,, due to

s, = ckapé’p’kﬁglk. The estimation error, denoted by fmk L f . — fmk, is distributed

orthogonality principle.

5.2.b.ii FD CF

For the FD system, all UEs transmit pilots in the UL direction, and we estimate the
channels between the UEs and every AP’s transmit and receive antennas using these UL
pilots. The DL precoders are later designed using channel reciprocity, which obviates the
need for separate DL training [24,53,97]. Similar to the DTDD case, the estimated UL

channel f, ., follows CA'(0, a2, In), with a2, = 7, k82 1 Cumk and

-1
Cumk = TpEpkBumk + Tp E , EpnBumn + No.
716731<k)\k:
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The estimated DL channel £y, follows CA (O, a2, In), with a2, = 7182 unCamn

and

—1
Cd,mn = Tpgp,nﬂd,mn + Tp Z gp,n’ﬁd,mn/ + NO-
n’EPl(n)\TL

The UL/DL channel estimation error f',mn follows CN (On, @, In), with

iymn
~ AN 2
Qimn = Bi,mn - O‘i,mnv

where i € {u,d}.

We illustrated the frame structure for channel estimation in FD and DTDD systems
in Figure 4.1a. For pilot allocation, the readers are referred to Section 2.4. This chapter
focuses on the effect of pilot allocation policy on the sum UL-DL SE of DTDD and FD
CF-MIMO system.

5.3 Spectral Efficiency Analysis: CF DTDD

This section presents the UL and DL signaling model and derives closed-form expressions
for the sum UL-DL SE, which we further use for AP scheduling and power allocation. Let
the sets A, and Ay contain the indices of the APs scheduled in the UL and DL, respectively.
In a DTDD system, the APs are HD. Thus, A, N Ag = 0. Also, let A, = A, U Ay C A.

5.3.a Analysis with MMSE combiner & RZF precoder

In the UL, the kth UE (k € U,) sends the symbol s, with power &, ;. The data symbol
of each UE is modeled as zero mean, unit variance, and E[s, x5} /] = 0, k" # k,Vk, k' € U,.

The signal received at the mth UL AP can be expressed as
Yum = Z \/ gu,nfmnsu,n + Z ijxd,j + Wum S CN, (51)
neldy, JEAY

where xq; = /EP;diag(k;)sa = V& [Pj1s-- -, Pjuy, ] diag(k;)sq is the transmitted DL

data vector with & being the total radiated power, p;, = [P;]. € CV being the precoding
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matrix for the nth DL UE, and &; = [k;1, K2, - - - , K )” being the vector of power control
coefficients, all at the jth DL AP. Here, k;,, i.e., the nth element of x;, indicates the
fraction of power dedicated by the jth AP to the nth DL UE (n € Uy). The DL signal
vector sq = [sq1, ... ,Sd,|uddT follows E [s¢sl| = Iyy,. Finally, wy,,, ~ CN(Oy, Noly) is
the additive noise. Each AP pre-processes the received signals using local combiners and
sends them to the CPU for joint decoding, which is important for the scalability of the
overall system [20]. Let v,z € CV be the local combining vector at the mth AP for kth
UE’s UL data stream. Then, the local estimate of the kth UE’s signal at the mth AP

becomes

Su mk = \/ mGfmksu k + E u nvmk mnsu,n

neU,\k

+ \/g_d Z Z ﬁjnvfikémjpjnsd,n + Vfikwu,mk- (52)

JEAYG n€Uy

To design v, the AP utilizes the knowledge of fmk,Vk € U,, so that the MSE of the

opt.
mk

= min E |:|Su,k_vgkYU,m|2|fmk . Thus,

locally estimated signal is minimized, i.e., v
mGG(CN

the optimal combiner is vit' = R, fmk, where

kel keldy

gdz Z K?nE[ meanjnGH ] + NOIN)' (53>

JEAY n€Uy
Next, these locally estimated signals relayed from the APs are linearly combined at the
CPU with combining weights being w,,x, Vm € A,,Vk € U, so that the received SINR at
the CPU for each UE is maximized. This is illustrated in Figure 5.3. Thus, the kth stream

of the received signal at the CPU is

~ * H * H
Suk = gu,k E wmkvmkfmksu,k’ + E V gu,n E wmkvmkfmnsu,n

meAy neU,\k meAy

+ Z Wik Z VE Z Kjn Vi GniPinSdn + Z WV Womk. (5.4)

meA, JEAY nelly meAy
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Received signal: y,

Combin&d))signal: ngyu,m = §u,mk: (Local estimate)
()

f .5 mth UL AP
Wmk _ Global estimate
Su,k _||||||:8u7]€ =
Weights (LSFD) = Z WmkSu,mk

T meA,

O_IIIII
-

m'’k
kth UE \
W

()
m'th UL AP

Received signal: y
Combined signal: v, y, . = 8, i (Local estimate)

m’

Figure 5.3: Optimal weighting at the CPU.

Then the UL SINR of the kth UE, denoted by 7, at the CPU is equal to [20]

5u,k |wkHE[ukk] ’2

Z SUJ]E[ukiug] — gu,k]E [ukk] E[uﬁ]
wkH 1€Uy Wi
+ > Elag,afl] + Neg.
neEUy
where wy, 2 [wig, Wk, - . - Wikl € CMl wy = [vEE vEf, .. avﬁu\kflAu\i]T e CHl,
[agn]m = > \/éTdmjnvgk(N}mjpjn, and Neg, = Nodiag(E[||vie||?], ... E[||viakl®]) € CMulx Al

JEAY
We evaluate the optimal weights using the following lemma.

Lemma 5.1. The SINR of the kth (k € U,) UE is mazimized by W™ = i+ /Su,kR;}CE [ugk],

where’

Rng £ (Z Eu’iE[ukiug] — Su,k]E[ukk]]E[uka] -+ Z ]E[aknagl] -+ Neff'> s (56)

1€EUy nely

We wuse the fact that for any given wvector x € CN and a positive definite matriz A,
maxyccn [|[y7x[?/(y7 Ay)] = x" Ax, and y°P" = A~ 'x.
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and ¢, s a scaling constant and can be taken as /&, to make the weights dimensionless.

Also, the mazimum SINR is 5u7kE[ug€]R;iE[ukk].

In the DL, the counterpart of the MMSE combiner is the RZF precoder, which is
—1
Djn = Edn (Z EamEimtll + > EanE [fjn,f‘j{i,] + NOIN) f. (5.7)
n/ €Uy n' €Uy

Assuming channel reciprocity, the signal received at the nth (n € Uy) DL UE can be

written as

Tdn = Z Rjn \/g_df]?;,pjnsd,n + Z gu,kgnksu,k
jGAd keU,
+ Z Z /qu\/?dfﬁqusd,q—l—wdm. (5.8)

JEAG g€EU4\n

The AWGN wy,, follows CN (0, Ny). Now, the corresponding DL SINR, denoted by 7q.n,

becomes

Eq|kTE[d,,][?

7]d’n — d| [ ]| , (59)
Eqvar{kld,,} +& > E[|r] dng|?]
q€Ug\n
+ Z gu,kE|gnk|2+N0
ke,

where K, £ [Kin, Kons - Kiagn)’ and dng = [fLP1g, £2Dag, - - - ,f&d‘and‘q]T. The DL

power control coefficients, k,,, are the weights assigned to the signal transmitted to each
UE from every AP, which can be controlled to maximize the sum SE.

We use results from random matrix theory to derive closed-form expressions for the
SINRs. Often such formulae involve computations of iterative inverses from which it is
difficult to derive intuitive understandings. We present the expressions for the case of
ZF precoders and combiners. Our analysis includes not only the effects of CLIs but also
coherent interference, unlike [93], where MRC and MFP are considered without accounting

for the effects of pilot contamination.
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5.3.b Analysis with ZF combiner & precoder

We first construct the ZF combining and precoding matrices. As 7, < K, the concate-

nated estimated channel matrix at mth UL AP, denoted by ]?‘u,m = [fml, .. ,fm\w] S

N x[Uy] H
(C ! u,m

, may not have full column rank, i.e., F li‘u,m may not be invertible. Thus,
we construct a full rank matrix as Z,, = Y, mn® € CN*™ where ® is the pilot ma-
trix with its [th column being ¢, and Y, ,,. We observe that we can compute fmk from
Z,,, using the relation fmk = cmk\/ﬁﬁmkzu7mel(;€), where e € C™ is the stan-
dard basis with [(k)th coordinate being 1.” Then, the ZF combining vector intended
for the kth UE at the mth AP becomes v,,; = fymeuym(meZuym)_lel(k), where we set
Yk = \/ﬁﬂmk to ensure that E[ngfmk] = a?,. In the DL, we again construct
a full rank matrix Zgq; = Y,;® € CN*7 Vj € Ay. We can obtain f;, from Zg; as

fjn = Cjn\/TpEp,iBinld j€1n)- Next, the ZF precoding vector (unit normalized) intended
-1
Za, (255%45)  ein)

for the nth DL UE at the jth AP is p;, = . Using [102,
—1
120 (28,205) el
Lemma 6], we can show that E [||Zq (2. Za ;) eim)l*] = ch" S Next, we present
9 —_— Tp

closed-form expressions for the optimal weights and UL-DL SINRs with ZF combiners

and precoders.

Lemma 5.2. The optimal weights for the kth UE’s data stream at the CPU for |A,| UL

T
o oPt —1 5 g S [ 02 2 2
APsis wy = Eu kR 0k, with uy = [ozlk, Wops -+ -5 Qg | a0

&q
N -

p

Rk, (5.10)

o 1
R, = E Eupiptf + ——Ryp +
N -1,
k‘IEPl(k)\k‘

"Here, we recapitulate that kth UE uses the pilot sequence $i(r)» and the set Py contains all the UE
indices, including the kth UE, which use the pilot sequence ;). Thus, multiplying Z, ,,, by e, we
obtain a common estimate for the channels of all UEs which use the pilot sequence ;.

8Thus, the condition N > (7, + 1) has to be satisfied. Each AP has 7, combining and precoding
vectors, and the same vector is utilized for all UEs sharing the same pilot sequence.
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where Rwyk and ka e CMIXIAL gre two diagonal matrices with mth diagonal entries

Bor] =3 Euwadi(Buw —adu) + Noad,, (5.11)
=7
and
|: :| Z NﬁanInAl 72711437 (512>
JEAY
respectively.
Proof. See Appendix D.1. [ ]

Later, in Figure 5.4, we illustrate the correctness of the above lemma by matching the
UL SE obtained using the weights computed from the above lemma with the sum UL SE
obtained from Lemma 5.1 by averaging the expectations over channel realizations. We
next provide an explicit closed-form expression for the UL SE, applicable for any choice

of weights.

Lemma 5.3. The UL SINR of the kth UE with ZF-combining can be written as

2
(N —7p)Euk < > w;kagnk>

mEAu

EST,x + MUL, ; + IAP, + No > |wi,|%a2,
mEAu

(5.13)

Nu,k =

where EST, ,, MUL, , and IAP; capture the error due to channel estimation, multi-UE in-
terference from the pilot sharing UFEs, and inter-AP CLI. These are respectively evaluated

as

k'ely meAy
2
MUI, = (N —7p) Z Eui ( Z wmkamz) : (5.14b)
1€P, k)\k‘ meA,

AP, =N D> > Y Earl (w0 (5.14c)

nely meA, jEAy
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Proof. Follows by using similar techniques as the proof of Lemma 5.2. [ |

Note that the above result is also valid when equal weights are applied at the CPU, i.e.,

1
wWmr = ——, Vk,¥Ym. However, as will be shown in Figure 5.4, optimal weighting yields

Al

significantly improved sum SE compared to equal weighting. Next, we present the DL

SINR with ZF precoding.

Lemma 5.4. The DL SINR of the nth UE with ZF precoding is

2
(N - 7_P)gd Z QjnRjn,
~ . (5.15)
T = ESTy , + MUTg, + TUE, + Ny '

where ESTy,,, MULy,,, and IUE, capture the interference due to channel estimation error,
the DL multi-UE interference from pilot sharing UEs, and the UL UE to DL UE CLIL

These are respectively evaluated as

ESTyp = ) Y Eakily(Bjn — 0,), (5.16a)

q€Uy jEAY
2
MULg, = (N —7)6 Y (Z njqajn> , (5.16b)
qul(n>\n JEAY
TUE, = Y Eukenk- (5.16¢)
ke,
Proof. See Appendix D.2. [ |

Lemma 5.3 and Lemma 5.4 explicitly capture the dependence of the SINRs on the UL-
DL power control coefficients and underlying UL-DL AP sets. Thus, the sum UL-DL SE,

given by (5.17) below, too, depends on the choice of these parameters.

T—T
Rs(As, &, E,) = L Z log[1 4+ nux] + Z log[1 + N4l |, (5.17)
L =7 nelly
where k = [kT, ... kT, ... ,mlde]T € CUllAl (vecall Ky, = [Kin, Kan, - - - Klagnl?)s Eu

[5'“71, e ,Euy‘uud € CUl and A, = A, U Ay C A. Next, we optimize k, &,, and find a
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schedule for UL/DL APs in A to maximize R(.).

5.4 Joint Scheduling and Power Control

Here, we aim to solve the following problem:

max Rs (As, K, EL) (5.18a)
{Ag,lﬁjn,gu,k}
subject to A, UAy = As C A; A, N Ay = 0; (5.18b)
0 <&k <&,VEk €U (5.18¢)
> K2, <1Vj € A (5.18d)
qE€EUy

With Rg(-) given by (5.17), the above problem is non-convex and NP-hard. We next

present our solution.

5.4.a AP-scheduling

Let us define R, (As) = H?}%i(k Rs (As, Kk, E,) as the sum UL-DL SE attained via opti-
mizing the power allocation coefficients when the underlying set of APs is As = A, U Ay.
Now, the UL and DL power control coefficients for a sub-set of APs, As, may not be
optimal when we add one more AP in either UL or DL, say {jmode}, mode € {u,d}, to
As. Thus, we need to reoptimize the power control coefficients for As U {jmode}. The

following proposition holds when we optimize the power control coefficients for both A

and As ) {jmode}'

Proposition 5.1. For two sets of scheduled UL and DL APs, As and A;, where As C A,
Rs (As) < Re (Ay), where, for both As and Ay, the UL and DL power control coefficients

are optimized to mazximize the sum UL-DL SE.

Thus, R (As) is a monotonically non-decreasing function of the underlying scheduled AP

set. Motivated by this, we schedule APs one-by-one, where, at each iteration, we schedule
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an AP and its associated mode such that incremental gain in the (optimized) sum UL-DL
SE is maximized. Thus, we can apply Algorithm 5 in this case, with a caveat that now
we optimize the power control coefficients in each iteration. Our algorithm procures the
AP schedule in polynomial time (O(M)), whereas exhaustive search-based AP scheduling
requires optimization of the sum UL-DL SEs over all 2" AP configurations, which is not
a scalable approach. Such greedy approaches have been previously used in the antenna
selection literature [77] exploiting the monotonicity of the utility metric.

We next address the power control problem given an AP schedule As. Now, as the UL
power control coefficients affect the DL SE via inter-UE CLI and the DL power control
coefficients affect the UL SE via inter-AP CLI, the joint optimization of UL-DL sum SE is
still a non-convex and prohibitively complex task. In the next subsections, we present an
alternating optimization approach, where we optimize the DL power control coefficients
to maximize the DL sum SE given the UL power control coefficients and vice-versa until

convergence.

5.4.b Uplink power control

First, we note that the UL power control coefficients influence the sum UL-DL SE pre-
dominantly via the sum UL SE. This is because, although the InUE term in the sum DL
SE depends on UL transmit powers &, Vk € U, it does not scale with the number of
antennas (see (5.16¢)). Thus, the DL multi-UE and DL coherent interference terms dom-
inate the InUE term in the sum DL SE. Hence, for mathematical tractability, we consider
the sum UL SE maximization to optimize &, Yk € U,. This simplifies the joint UL-DL
SE maximization and comes with closed-form update equations as well as convergence
guarantees for the sum UL SE maximization sub-problem. We use a similar approach for
DL power control, by maximizing the DL SE.

Second, we note that, with SINR-optimal weighting at the CPU, since the weights max-

imize the received SINR at the CPU for each UE, they also maximize the sum UL SE.



Chapter 5. 148

However, UEs’ transmit powers can be optimized to improve the sum UL SE. Also, the

recipe for power control presented here can be applied to any choice of weights at the
CPU.

For convenience, we rewrite the problem as follows:
Gux (Ey
max Z log (1 + L) , (5.19a)
kel lu g (8 )
subject to 0 < &,k < &, Vk € U,, (5.19b)

2
where, with the help of Lemma 5.3, we define G, ,(€,) = (N — 7,)Euk ( > w;"nkoz%lk>

meA,

and |y x(€,) = ESTyp +MULy g, + 0% 4 With 02 , ;. = (IAPk + No |w:1k|20472nk) being
the effective noise that is independent of the UL transmit powerwsL.EAi\Tow, we recognize
that (5.19a) is a sum of the logarithm of ratios which can be converted into a convex
problem via FP using a few auxiliary variables that can be iteratively solved in closed
form. Further, FP guarantees that the optimal value of the objective and the variables
that attain the optimum are the same for both the original objective function and the
transformed surrogate objective function. This makes FP an excellent choice for the
problem at hand. We next present the recipe in the context of our work.

. . . . A
To this end, we first introduce a set of auxiliary variables o, = {wu,l, e ,wuv‘w}, and

formulate an equivalent problem of max  f(&€,,wo,), with
u, Ty

f(Ey, ) Zln 1+ wuk) — Zw“’k

kel, kel,
(14 wur)Guk (Eu)
Gu,k (8u> + Iu,k (gu) .

(5.20)
kely

and the same constraints are same as in (5.19a). Using results available in [98|, we can
show that the above two problems are equivalent in the sense that &, ;, Vk, are the solution

o (5.19) if and only if they are also the solution to (5.20), and further, the maximum value
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of the objective in (5.20) and (5.19a) are the same. Now, to maximize f (€,,©,), alter-
nately optimize £, and wo,, while keeping the other variable constant. We observe that

f (€, ) is a concave differentiable function over zo, when &, is fixed, say & ﬁter. Thus,

Of (Eu, wu)

W,k

)

iter+1
u

w = arg max f (8 Lrer wu) can be optimally determined by setting =0

) Gu giter
for each @, . This yields wjf,:”l = %,Vk € U,. Now, for fixed w,, the first
U,k‘ u

1
and the second term of (5.20) are constants. The third term, i.e., > (1 + Zue) G (Eu) ,
kel Gu,k <8u) + Iu,k (gu)

is in the sum of ratios form, which can be reformulated using a quadratic transform as

maxg, & f(Ey, @y), where

f(gua &u) £ Z 2®u,k\/<1 + wu,k)Gu,k (gu)

keU,
= @5 (Guk (Eu) + lug (E4)) + Com, (5.21)
kel
and @, £ {@u,l, . ,fDuWu‘} being a new set of auxiliary variables and c, is a constant

dependent only on zo,. We can solve for @, ; and €, via partial differentiation of (5.21),
for fixed w, ;. We summarize the overall recipe in Algorithm 7. The derivation of updates

for w5t and 757" (5.22) use simple algebraic manipulations.

Proposition 5.2. The UL power control Algorithm 7 is convergent in the objective since
f(Eu,my) in (5.20) is bounded above and monotonically non-decreasing after each itera-

tion.
Proof. See Appendix D.3 u

Remark 5.2. Once the UL transmit powers of all the UEs are decided, the CPU can use
this information to refine the SINR optimal weights. Specifically, the CPU initially finds
wzpt' considering equal power allocation. Once the UL transmit powers are optimized, CPU
can reoptimize wi*" based on the received SINRs with E,y given by Algorithm 7. This

process can be repeated until convergence of the sum UL SE.

Remark 5.3. We observe that lines 2, 3, and 4 in Algorithm 7 are independent of the
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Algorithm 7: Uplink Power Control
Input: k;,,Vj € Ag,n € Uy
Initialization: £, iter =0

[}: while |f (£, 70,)"* ™ — f(Ey,w0,)""| > 6, do
1ter+1 GUJC (SU)

[2]: Evaluate: w, L —giter
b Iu,k (gu> &
a £U7 = u
[3]: Evaluate: M =0 =
0Dy E,=Eiter

@y k= w“,jr“ VkEU,

\/(1 + 1ter+1) Gu,k (gtter)

~ iter+1
uj:k = G iter | iter
uk (gu ) + u,k (gu )
of(E,, @) ,
: Set: 1=~ = 0 to obtain (5.22
[4] 0 — in (5.22)

~ iter+1
Wy k=0 .k

[5]: Update: Slter“ =min {(5.22),&,},Vk € U,
[6]: Update: iter = iter + 1

[7]: end

2 2
(@lijj:;r—i-l (1 N wlter+1)> (N —1,) < ZA w;}g@gﬂ}g)
e - VkelU,  (5.22)

1ter+1
u,k

5 <@3f:r+1>2{< ) v m)

nely meA,

b T 0B — )}

mE.Au

combining scheme, and are applicable even under maximal ratio combining, unlike [92]
where the power control algorithm is tied to the specific combining scheme used. More
importantly, the FP approach guarantees that the mazimum objective of the surrogate and
ortginal objective functions are the same, unlike the lower-bound surrogate-based optimiza-

tion in [92].
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5.4.c Downlink power control

Now, in DL also, we can apply FP to optimize the DL power control coefficients. To this

end, we first introduce some useful mathematical notation. Let

T
8d.n £ |:E [flj;Lpln} 7E [f;;—prn] yooee 7E [f\ad|np\Ad|n] :| y (523)

which equals (N — 7,) [aln,agn, . ,a‘Adm]T under ZF precoding. Also, let [Inq]jj, =

E [f]pjqpl £5,] Vi, 5" € Ag. With ZF precoding, I, has the following structure:

n

(N = 1), Piny: Pr) P+ (Bjn — a3,),if j = 7 (5.24)

(N - Tp>a/j’n05jn| <90l(n)a Sol(q)>| ,Othervvlse.

2
Then, E Uzjefld qufﬁqu ] can be expressed as

Z Z Kl [fﬁqupjlqujﬁn} Kjrqg = quIan,q.

JEA4 j'EAY

The effective DL noise, independent of DL power control coefficients, is defined as UleF.,d,n =

Gy,n
IUE, + Ny. Thus DL SINR becomes 74, (As) = Id’ ((K')), with Gq, (K) = (nggdm)Q and
dn \K
1
lan (K) 2 > KLk — (nggd,n)2+ 0% . 4n- Observe that, substituting gq,, and (5.24),

&
q€Uy d
we obtain Lemma 5.4. Now, the sum DL SE maximization problem becomes:

max Y log (1 4 San W) (5.25a)

Kjn =y} Id,n (K;)
subject to Z Kgq <1,Vj e Aq. (5.25b)
q€Uy

We apply the Lagrange-dual transform [98] with auxiliary variables

wq = [wd,l’wd,% e 7Wd,|ud|] )
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to obtain:

1 + wd n Gd n (I{)
max f(k,woq) 5 In (1 + wyn) 5 W,y + g (5.26a)
Hj"’wd nelly nelly nelly Gan (k) +lgn (1)

subject to Z Ii?q < 1;Vj € Aq. (5.26b)

q€Uy

The problems in (5.25a) and in (5.26a) are equivalent in the sense that k is a solution
of (5.25a) if and only if it is the solution of (5.26a) [98]. We now alternately optimize

Kk and woy. For fixed K, f(k,7o4) is a concave differentiable function over zoy. Thus,

G
M t_ Zdn (H) For fixed ©oq, the first and the second terms of
8wd7n Id,n (K,)

1 G
f(K,7oq) are constants. Hence, to optimize k, we need to solve max,, » (1 + Fa.0)Gan ()
netly Gan (K) + lan (K)

for which we use FP. To do so, we define (_Sdﬂ (k) & (1+ Wdn)Gdn (K), and Td,n (k) &

= 0 yields g’

Gg.n ,
Gan (K) + lan (k). Then, the equivalent problem is to maximize ) -4 (%) subject to
] netty lan (K
2 Gd,n (K/) . ~ = ~2 7 .
> k5, < 1. Now, the dual of ) = is Y (204ny/Gan(k) — @5 lan(k)) with
q€Uy netty lan(K) =y '
new auxiliary variables oy = [zbd,l, a2, - - ,@dwd‘]T [98, Corollary 1|. Substituting, we
obtain
- 2
max f(k,%q) = Z <2wd,n\/(1 + @an) (KLgdn)
St neUy
_ zﬁgm <Z K,qTInqkeq + Jzﬁ_’d’n> ) , (5.27a)
q€Uy
. 2 .
subject to Z ki, < 1,Vj € Ag. (5.27b)

qE€EUy

Observe that zoq is already fixed. Then, for fixed K, f(k,0q) is strongly concave with re-

~ e Ep——
—8f(r<,, =) = 0, leading to w(’pt = L+ @anBanton

— = > :
0% n ZL:{ Ky Lgkq + Oeff.dn
qeEUy

spect to @4 and thus, we can set

Vn € Uy. Finally, we obtain k°P" given woq and &4 by solving

max (zzﬁdm\/ (1 + @4,0) (KL 8an)”

K,%04
nely
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_@37" (Z ”qTI”qRq + O-gff.,d,n>> ; (5.28a)

q€Uy

subject to Z H?q <1,Vj e Aq. (5.28b)

q€Uy

We observe that matrix I,,, is positive semi-definite. Hence, f(k), as given below,

f(k)= Z <2ﬁd,n\/(1 + @an) (KD gan) — Wi (Z “qTInq“q + O-gﬁ.)) ; (5.29)

ney qEUY

is concave with respect to k. The above problem is a QCQP, which can be optimally
solved via ADMM (see [99, Chapter 5]), yielding a closed form update for x;,, which is
also known to be efficient in terms of convergence for large dimensional problems compared
to using off-the-shelf convex solvers. This is presented next.

We reformulate (5.28a) with the help of new auxiliary variables m = [mjn] 4, ey, 25

min  1.(w) — f(k), (5.30a)
subject to  Kj, = mjn, Vj € Ag,n € Uy, (5.30b)

where 1, (7) is defined as

0, if LP<1,vied
1wy =& TS e A (5.31)

oo, otherwise,
where ;. = [71']'1,7'(']'2, . ,7rj|ud|}T. Here, 1,(7) is an indicator whether the auxiliary
variables satisfy the feasibility constraint ||7;.||* < 1 corresponding to . Essentially,
7 is a copy of the main optimization variable x and should satisfy the same constraint.
Let 7, denote the scaled dual variables’ corresponding to the equality constraints j, =
Kin,Vj € Ag,n € Ug. Then, the augmented Lagrangian can be written as £ (k,m, ) =

J
1e(m) — f(K) + Ep S Y (Tjn — Kjn + Tjn)’, where 8, is a penalty parameter. We now
nely jEAq

9Tn the ADMM terminology, the variables & and 7 can be considered as the first and second blocks of
primal variables, respectively. In ADMM, a set of dual variables are introduced for the equality constraint
in (5.30a), and they are to be updated in each iteration with the primal variables.
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J
arg m;n( Z Ky ( Z 7%g,nlnq + gpllAd> ) K

neUy qEUy

2 (Fan T+ ot 2w 7)) o 63)

nely

o)

-1
o - (Dot )

q€Uy

)
X (@d,n (14 wdn)8dn + 5” (7.0 + 7"1';,”)) e CHIXT wn e u,. (5.34)

update k,,Vn € Uy, as the solution of

arg min — f(k +— Z Z Tjn — Kjn + Tjn) - (5.32)

nEZ/ld JEAY

Upon substituting for f(k) in (5.32), we get (5.33), from which we obtain k%" as given

T T
n (5.34). Here, ., = [7r17n, Tom, - - - ,W‘Adl’n] and 7., = [ﬁl,na Toms -« MAy, | - Next,
we can find the optimal update of the second block of primal variables as
. 5p _ 2
argmin 1, (7) + b Z Z (Tjn — Kjn + Tjn)" -
T neUy jEAy
Equivalently, = ;5 is the solution of
)
arg min Ep Z Z (Tjn — Kjn + ﬁjn)2 , (5.35a)
Tin nely jEAY
. 2 .
subject to Z T, < 1,Vj € Ag. (5.35b)

neUy
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1ter+1\/7\/g_d<z Oé]n/ilter>
JEAd
. (5.38)

@;ter-l—l
7 > 2 Ealk3)*(Bjn — aFy)
q€Uy jEAY )
+(N_Tp) Z gd (Z I{lter TL) |<90l(n) Qol >| to eff ,d,n
q€Uy JEAY

Now, (5.35a) can be solved independently for each AP index by evaluating

.0 2
arg min Ep Z (Tjn — Kjn + Tjn)”, (5.36)

nely

for each j € A4 subject to the per-AP power constraint » < 1. Using the KKT

nely
condition, we can show that the optimal solution corresponding to the jth DL AP, w?pt',

1s
opt . 1 . .
7TJ —Hlln{l7 W}W],VJ GAd, (537)
J

with 71; £ [(kj1 — &), (Kj2 — Tja), -, (K — 7‘rj|ud‘)]T. We summarize the iterative
recipe for solving our original problem (5.28a) via ADMM approach in Algorithm 8.
We note that the {x;,} yielded by Algorithm 8 are globally optimal. We present the
overall DL power control recipe in Algorithm 9. The stopping criterion of the algorithm
is decided by the threshold d4. Also, with ZF precoding, the closed-form update equation

iter+1

for o} is presented in (5.38). To update &, I,, needs to be substituted in (5.34)

from (5.24).

Proposition 5.3. The DL power allocation algorithm is convergent in objective since

f(k,Toq) is bounded above and monotonically non-decreasing after each iteration.

We now highlight the key benefits of our DL power control scheme. First of all, the DL

power allocation algorithm is precoder and combiner agnostic (lines 2, 3 in Algorithm 9
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Algorithm 8: Solving (5.28a) via ADMM

Input: an,VJ € Ad,n € Uy, dapmm > 0
Initialization: 70, = 0,Vj € Aq,n € Uy, iter =0

[1]: while ||k, — 7. ,]| > dapmm do
[2]: Evaluate: k}**"*! using (5.34) with 7}t and 7!
8: | Evaluate: 7l using (5.37) with
T

> A iter+1 —iter iter+1 —iter

= [(K;ler — ), ("fjlﬁj\ - jﬁ,{d\)]
[4]: Update: 7377t = qriter — givertl 4 jpiter
[5]: Update: iter = iter +1
[6]: end

Algorithm 9: Downlink Power Control

Input: &, 4, Vk € U,
Initialization: k% ,Vj € A4, n € Uy, iter =0

jns

[1: while |f(k,oq)¥** ! — f(k, woq)**| > §q do
iter

21: | Evaluate: wy'* ™! = . ()" &4 n) 5

Z (Kl;ter>TIanI(1Jter _ ((K);ter) gd,n) + U«?ﬁ.

q€Uy

/1 +w1ter+1gdn ;,Lter

3]: Evaluate: zoitert! =
[3] V W, Z (R;ter>TIan';ter + Ue2ff.

qE€EUy
[4]: Evaluate: f-clterﬂ via solving (5.28a) with g, = w;tner“ and @y, =
[5]: Update: iter = iter +1
[6]: end

and lines 2, 3, and 4 in Algorithm 8 apply to any choice of precoder), similar to our UL

power allocation algorithm. This makes our algorithms more widely applicable compared

to [92]. Also, as mentioned for UL, most of the works in literature lower bound the original

cost function (e.g., the sum SE optimization in [92], [88]) by a series of surrogate convex

functions and use available general-purpose convex solvers. In contrast, we provide closed-

form update equations for all the auxiliary variables, and, thanks to FP, our algorithm

directly optimizes the original cost function. Finally, interested readers can refer to Ap-

pendix D.5 for detailed numerical simulations related to the convergence properties of the
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subproblems as well as the overall alternating optimization.

5.4.d Complexity Analysis

We now present the order complexity of the UL and DL power control algorithms. FP
admits closed-form updates for the power control coefficients and auxiliary variables. In
the case of UL, we need to compute three such parameters via simple arithmetic opera-
tions at each iteration. Thus, the overall complexity of the UL power control is O(|U,|).
In contrast, the algorithms for power control that use sequential convex programming and
numerical solvers for sum SE maximization, such as [103], are of a complexity O(|U,|*).
Hence, FP-based UL power allocation is substantially less complex compared to the ex-
isting comparative approaches. Similarly, the main burden of the DL FP algorithm is the
inner ADMM algorithm, which involves a matrix inversion. It can be argued that the
overall FP and ADMM have a complexity of O(|Uy||.A4]?). However, solving the QCQP
with interior point programming leads to the complexity of O(|Uy|*|.A4[?); which is much
larger, especially when the number of UEs in the system is high. This leads us to con-
clude that having closed-form updates help to reduce the complexity of the power control

algorithms compared to existing tools.

Remark 5.4. One can generalize (5.18), for example, to include user priority or fairness
guarantees, by considering weighted sum UL-DL SE. The technical development, algo-
rithms, and update equations directly extend to weighted sum UL-DL SE maximization,
thanks to the FP-based approach [98], at the cost of additional notational bookkeeping.

Hence, for simplicity, we do not include it in this chapter.

5.5 FD CF MIMO System

We now present the SE analysis and power control for an FD-enabled CF MIMO system.
The analysis for the FD system is similar to that of the DTDD system presented in

Section 5.3, except that all the APs are now capable of concurrent transmission and



Chapter 5. 158

reception. Hence, A, = Ay = A with |A| = M. Also, each AP suffers from IrAl. We can
express the kth stream of the UL received signal (after local combining using v,,,;, € CN=)

at the mth FD AP as

A H H
Sumk = \/ gu,kvmkfmksu,k + E gu,nvmkfmnsu,n

neuu\k‘
M
g~
+ & E E Kin Vi GmjiPjnSdn
j;ém»neud
Jj=1

~
InAT from all APs except the mth AP

+ V&4 Z mmnvﬁk(}ﬂpmnsdm +ngWu’mk. (5.39)

nely

(. /

IrAl of mth AP

In (5.39), the third and fourth terms correspond to the InAl and IrAl, as indicated. We
see that DL signals from all the APs interfere with the UL signal received at any AP,
unlike DTDD, where only the APs scheduled in DL interfere with signals received at the
APs scheduled in UL. Then, the weighted received signal from the kth UL UE at the CPU

becomes

M M M
A _ * A o 5 * H f (c: * H f
Su,k — wmk;su,mk - u,k Wik Vimk mksu,k + u,n Wik Vimk mnsu,n
m=1 m=1 nel,\k m=1
M M
* H ~
+VEY Wi DD KV GiniPinSan
m=1

J#m, n€ly

J=1
M M

H (Sl H

+\/5d§ w;‘nkg /ﬁmnvmkapmnsd,nng Wk Vi Wumk- (5.40)

m=1

nely m=1

Hence, we can write the UL SINR of the kth UE for the FD system as follows:

Eute|wrTEug] 2

Z Su7iE[ukiug] — gu,kE [ukk] ]E[ufk]

wkH 1E€EUY W

+ Z E[akmagl] + Neff.
nely

N T M A [ H H H T M _
where wy, = Wik, Wak, - - ., wamk]” € CY, ug = [vipf, vorto, ., viptan]t € CY) [ag,]m =
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M -
3 V&btV Gipjn + VEdEmn VL G Py, and

j:17
i#m

Nar. = Nodiag (E [[vael?] ... E [[[va|’]) € T,

We note that the FD-SINR expression is similar to the DTDD case (see ((5.5)) except
that we have set A, = M since all the APs are capable of UL reception, and the addition
of IrAl in [ag,],,. Hence, to avoid repetition, we present the final results related to the
optimal CPU combining weights, the UL and DL SE expressions, and the power control

algorithms for the FD system without detailed proofs.'’

Corollary 5.1. The optimal weighting vector for the kth UL UE at the CPU is a3’" =
1 .

EuykR(;lﬁk, ’lUZth, ﬁk: [a371k, 0512]72k, “ e 7&3,Mk‘j|T (,'L’n,d Ra = Z gu,k/ﬁk’ﬁg—i_N—_Ra"i_
kJ'E'Pl(k)\k rx Tp
g . ) .
N—dRa, where R, and R, are diagonal matrices with mth diagonal entry being
rx — Tp

[Ra]m = Zgu7k/()éimk (/Buymkl - az,mk’) + Noaz,mk”
k'elUy

M
», _ E : 2 ~InAl 2 2 2 Sl
[Ra]m - NtXHjn mj O{u,mk + NtXHmnau,kamm7

j=1j#m

respectively, form =1,2,..., M.

Corollary 5.2. The UL and DL SINRs of the FD CF MIMO system are, respectively,

M
(Nex = 1) Eur( 22 ankaa,mk)Q
Nur(K, Eu) = m=1 : (5.42)
EST,  + MUI,

M
+IAP; + No 21 |ank|2aﬁ,mk
m=

00ur SE expressions match with those in the FD literature under special cases such as perfect channel
estimation [24] and equal weight-based combining at the CPU [24,92].
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and

(NtX - ) (Z \/g_dad jn’%n)

ESTq,, + MUIg,, + IUE, + Ny

Ndn (K, Eu) = : (5.43)

where EST, ;, MUL, ,, and IAPy correspond to interferences caused by the channel estimation
error, multi-UE interference, and inter-AP interference. For DL, ESTy,,, MUI¢ and IUE,
represent error due to channel estimation, the DL multi-UE interference and the UL UE

to DL UE CLI, respectively. These terms can be evaluated as

ESTuk - ZSU kz |wmk umk: ﬁu mk’! T umk’)

k' eldy m=1

MUIU k= - Z gu z( Z wkaéu mz) ’

zGPl(k)\k

|A| 2 * 2 2 Sl
IAP, = Ntxgd Z Z ( Z "i]nc , u,mk‘ + ’%mn‘wmk Xy mk mm)7

nelyg m=1  j=1,j7#m

M
ESTan = Z Z gd'%iq(ﬁd,jn - ag,jn)7

qeUy j=1

M
2
MUT) = (New = 7)€ Y (Z quadm) ,

a€Pymy\n J=1
IUEn: E gngEnk.
kel

Thus, the sum UL-DL SE of the FD enabled CF-system can be expressed as

T—Tp

Re(k, Ey) = > log(L+ mur(k, £4) + Y log(1+nan(k, £4)) | - (5.45)

keUy nelly

Proof. See Appendix D.4 [ |

From the expression for IAP;, we see that the DL signals from all the APs interfere
with the UL signals of any AP, unlike DTDD. On the other hand, there is no need for
scheduling APs in UL/DL in the FD system. Thus, we only need to consider power allo-

cation for the FD system. However, it is easy to apply the UL and DL power allocation
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protocols developed for the DTDD-enabled system in the FD case. As mentioned earlier,
instead of the scheduled UL and DL AP subsets, we now have A, = Aq = {1,2,..., M}.
This only changes the limits of the summations in the beamforming gain and the inter-
ference terms. Secondly, due to IrAl, for the sub-problem of UL power allocation, the
effective noise additionally includes the power of IrAl. To elaborate, in the FD case, we

Iy 2
have Gy x(Ey) = (N — 7)Euk (E w,*n,cgfnk> , luk(EL) = ESTy g + MUI,x + szf.,u,lw and

m=1
Ok = (IAP;C + Ny % |w? 2()472nk> . Recall that oZ ,, is the power of the effective
noise, which does not ge:;end on the UL transmit powers. Here, IAP; also includes the
IrAI power, unlike DTDD. Thus, the original structure of the problem, as described for
DTDD in Section 5.4.b, does not change. Similar arguments can also be made for the

case of DL. Thus, the algorithms (namely Algorithm 7, Algorithm 8, and Algorithm 9)

derived for DTDD directly apply to the FD system.

5.6 Orthgonal Pilots and Fixed Power Allocation: A

Special Case

In this section, we present the achievable SEs with MRC in the UL and MFP in the DL,
considering orthogonal pilot allocation and fixed power allocation. These results can be
easily derived as special cases of the theories developed in the earlier sections. However,
having a simplified model helps us understand the effects of various system parameters
on the sum UL-DL SE, which is the purpose of this section. We first analyze the DTDD

enabled CF-mMIMO system and then discuss the FD CF-mMIMO case.

5.6.a SE Analysis: DTDD

We first present a closed-form expression for the UL SINR.
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Lemma 5.5. The UL SINR of the kth UE can be expressed as

2
NEuk ( > Oéfnk)
mG.Au
MUI} + IAP, + Ny Y. o2,
mEAu

Mk = (5.46)

where MUL}, represents multi-user interference and IAPy represents inter-AP CLI. These

are given by

MUT) = ) > EunCieBoms (5.47a)

mEAu nEUu

IAP, = N Z Z Z Ea K Cnj o Q- (5.47Db)

nely meA, jEAY

Proof. The above result can be derived following the steps outlined in Chapter 4 ( [33])

with ¢, replaced with (7,E, 1 Bmk + No) ™!, and ignoring the effect of pilot contamination.

[ |
Next, we present the DL SINR in the following lemma.
Lemma 5.6. The DL SINR for the nth UE can be expressed as
2
€A
Man = ——r (5.48)

MUIY + IUE, + Ny

where MUIY and TUE,, represent the DL multi-user interference and the UL UE to DL UE

CLI, respectively, and read as

MUTG = N D > Eq ikl Bincl,, (5.49a)
q€Uy jEAY
TUE, = Y Eunénk (5.49b)
kel

With the above SINR expressions in hand, we can write the overall sum UL-DL SE of
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the system as

RDIOD _ T Tp [Z Ruk+ 22 Rd,n] : (5.50)

T keld, nely

where Ry i = logy(1 + 1y k) and Ra, = logy(1 + ng.n).
Note that, from Lemma 5.5 and Lemma 5.6, the gain and interference terms involved in

the UL and DL SINRs are dependent on A, and Ay. Consequently, RPIPP depends on
which APs are scheduled in the UL and DL. Clearly, the brute-force approach of listing
out all the 2«4l possible AP schedules and computing their achievable sum UL-DL
SE using (5.50) makes the complexity of finding an optimal AP schedule exponential in
the number of APs. As a low-complexity and pragmatic alternative, we use the greedy
algorithm presented in [33]. In this approach, the incremental gain in sum UL-DL SE by
activating each APs in the UL and DL modes is evaluated using (5.51a) and (5.51b),"" and
the AP that procures the maximum incremental gain in the sum UL-DL SE is scheduled in
the corresponding mode; and this is repeated till all the APs are scheduled. It suffices to

say that this greedy approach provides nearly identical performance as exhaustive search

across all cases of our extensive simulation-based experiments.

5.6.b SE Analysis: FD

Now, we analyze the UL and DL SE of the FD CF-mMIMO system. We consider a similar
distributed processing scheme as discussed in Section 5.6.a, except that each AP is now
FD-enabled. Furthermore, each AP suffers from SI, incurring additional interference in

the UL. We present our final closed-form expressions in the following Corollary.

Hn (5.51a) and (5.51b), the scheduled AP set is denoted by As C A, consisting of UL and DL AP
indices denoted by A" and AY, with AYUAY = A, respectively. Also, {j} ¢ A, denotes an unscheduled AP.
du,; and dq j are the incremental gain obtained by scheduling the {j}th AP in UL and in DL, respectively.
Thus, if d, ; > dq j, we schedule the {j}th AP in the UL.
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duj = Z log,

meAuUj
= >

meAYUJ nel,

+N Z Z Z ng ]nij

n€ly me AvUj jeAd

2
NEuk ( > O‘%nk)
meAY

mk®in + N()

Z Su,nagnkﬁmn

> a?nlc

meAuUj
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sw)

meAY neld, n€Uy meAY je Ad meAY
(5.51a)
2
meAY
daj = Z log, [ | 1+ =
kel, Z Z gu,nagnkﬁmn
mEAu neu,
+N Y > > Cay ]ncmjamka]n+N0 > O‘%nk
i ne€ly meAY je Aduj meAY
—1
2
meAY
x| 1+
Z Z gu,nagnkﬁmn
meAY neldy
+N Y X D Eay ]ncm]a kn + No D0 Oé?nk
nely meAY je Ad meAy i
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+ Zlog 1+ NZ(ZﬂeAdUJ €q,i05,)
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= N> .Z .Ed,] ]qﬂ]najq+IUE + Ny
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N? - ad Kinn/Ed -a2- 2
1+ (2 in v ai050) (5.51b)
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Corollary 5.3. The sum UL-DL SE of the FD CF system is

T

— T
RFD — p

sum

> loga(1+1us) + D logy(1 4 n4n)

kel nely

: (5.52)

with the UL SINR of the kth UL UE and the DL SINR of the nth DL UFE respectively

evaluated as

2
NrQXSUJﬂ ( Z a?r?k)

meA

k= 5.53
Tk T MUTE F TAP, + NNy Y 0, (5.532)
meA
2
Nt2x (ZjeA Kjn gd,ja%)
Nd,k = (5.53b)

MUIY + IUE, + Ny

where A = A,UAy. The UL multi-user interference, inter-AP CLI, and the DL multi-user

interference read as

MUT = N 3 Y Eun0n B, (5.54a)

mGAu ’neuu

IAP, = Nthrx Z Z Z gd J’i]ncm] mka]n

neUy meA jEA,

im
+ N S ik Cnmaal, (E [ijmeﬁmHD , (5.54b)
nely meA
MUIS = Nix O Y Ea i, B0, (5.54c)
qEUy jEA

respectively. The inter-UE interference is given by (5.49b).

We can now comment on the benefits and challenges associated with FD and DTDD
within the purview of CF-mMIMO. From Corollary 5.3, in FD, all the APs (\A) participate
in UL as well in DL; unlike in DTDD where a subset of APs receive in the UL (the set
A,) and its complement set serves the DL UEs. This is an advantage of FD-enabled
APs. However, if we consider similar antenna density per AP in both the schemes, i.e.,
Nix+ Ny = N, the UL/DL array gain in DTDD scales with N; while in FD, it scales with

Nix or Ny. Therefore, if the localized traffic demand at (or a set of) APs is asymmetric in
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the UL and DL directions, DTDD can potentially procure much better system throughput.

5.7 Numerical Results

We consider that the UEs are dropped uniformly at random locations in a 1 km? square
area. We take 5,000 random channel instantiations for Monte Carlo averaging. We con-
sider 50% of the UEs to have UL data demands. The APs are deployed on a uniform

rectangular grid for better coverage. The large scale fading between the mth AP and
Pl—mk + Osh.Zmk

the kth UE is modeled as S, = 10 10 , where the path-loss PL,,; follows the

three-slope model in [24], g, = 6 dB, and z,,, ~ N(0,1). The system bandwidth and
noise figure are taken as 20 MHz and 9 dB, respectively, which gives a noise variance of
—92 dBm. The coherence interval consists of 200 channel uses [20]. The pilot SNR is
taken as 20 dB. We set the algorithm parameters d,, d4, dapmm and J, to 0.001. Other
parameters, such as the number of APs, UEs, UL/DL data transmit powers, etc., are
mentioned in the plots.

In Figure 5.4, we compare the cumulative distribution function (CDF) of the achievable
UL SE with different power allocation schemes. We observe that FP-based power control
added with weighted combing at the CPU (see WC + FP) uniformly outperforms only FP-
based power control (see FP without WC) and only weighted combing at the CPU (see
WC). This underlines the need for weighted combing along with UL power control rather
than applying each individually. Further, we compare the proposed WC + FP scheme with
the estimated channel variance and large-scale fading-dependent power control scheme
proposed by Nikbakht et al. in [104,105], and we observe almost 4-fold improvement
in 90%-likely UL SE rendered by our algorithm. Also, we verify the correctness of our
derived closed-form expression for weighted combing given in Lemma 5.2 (see WC : Lemma
5.2) with that of Lemma 5.1 (see WC : Lemma 5.1), and see that SE achieved by derived
weights matches the theoretical SE.

In Figure 5.5, we compare the CDFs of the achievable DL SE with our proposed FP and
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Figure 5.4: UL sum SE under the proposed power control algorithm and comparison with
existing approaches [104,105]. Optimal weighting at the CPU along with FP-based power
control yields the best performance.

ADMM-based algorithm with equal power allocation and the scalable DL power allocation
algorithm proposed by Interdonato et al. in [106]. We observe almost 43% improvement
in the 90% sum DL SE attained by our proposed algorithm compared to the method
in [106]. Further, compared to the equal power allocation scheme for DL outlined by Vu
et al. in [24], Algorithm 9 procures almost 5-fold improvement in the SE. Also, as we
increase the maximum DL transmit power budget per AP, the DL SE uniformly improves
for all schemes.

We now compare the performances of DTDD and FD CF MIMO. In particular, we
assume the InAl and IrAl are well suppressed, at —40 dB. Figure 5.6 compares the sum
SEs under the two duplexing schemes considering different AP and antenna densities. We

observe that an FD system with (N, = N,, = N, M = 64) offers only 6% improvement
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Figure 5.5: DL sum SE under the proposed power control algorithm and comparison with
an existing approach [106]. This figure illustrates the improvement in DL sum SE that
can be attained via our algorithm.

in the 90%-likely sum SE compared to a DTDD enabled CF-system with N antennas per
64 APs. However, the former system has double the antenna density compared to the
DTDD CF system. If we consider the same antenna density in the two systems, then the
90%-likely sum SE of the DTDD CF system is 21% more than that of the FD system (see
(Nix = Nix = N/2, M = 64)). This is because, in DTDD, the APs are scheduled based on
the local UL/DL load in its vicinity, and hence, if there is more UL load near to one or
a set of APs, those APs are scheduled in UL, which in turn leads to a beamforming gain
in UL that scales with N. On the other hand, in the FD system, the beamforming gain
scales with N/2. Recall that although in the FD system, all the APs are FD enabled, APs
far away from the UEs contribute minimally to the overall sum SE. Thus, scheduling APs
based on the localized traffic load is more beneficial.

In Figure 5.7, we illustrate the effect of IrAl on the performance of the FD CF system
and contrast it with the DTDD CF system. When the IrAl is —20 dB, FD uniformly
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Figure 5.6: Performance comparison of DTDD and FD systems with various antenna and

AP densities. We consider K = 40. Each HD AP is equipped with N = 8 antennas. InAl
and IrAl strengths are taken as —40 dB.

outperforms the DTDD system even when the FD system has double the antenna density.
However, as the IrAl strength increases, the sum SE of FD starts to deteriorate, achieving
a 40% lower sum SE than DTDD when IrAl is 10 dB. Thus, the performance of FD is
highly dependent on the level of IrAl suppression, while DTDD completely obviates the
need for IrAl suppression and offers similar performance to that of an FD system having
double the antenna density and low IrAl.

In Figure 5.8, we further inspect the variation of the sum SE over a wide range of IrAl
for the FD system and compare the performance to the DTDD system. Even with double
antenna density, the FD system can perform very poorly when IrAl strength becomes
more pronounced (see the shaded region).

In Figure 5.9, we illustrate the effect of InAl on the sum SE. An FD system with (M =
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Figure 5.7: Effect of intra-AP interference (IrAI) on the performance of the FD system
while InAT is maintained the same for both DTDD and FD systems.

64, Now = N,y = N = 8) with IrAl —20 dB outperforms DTDD with (M = 64, N = 8)
(i.e., half the antenna density compared to the FD system) when the InAl is no more than
~ 11 dB above the noise floor. However, beyond an InAI of 11 dB, the sum SE of the FD
system degrades compared to the DTDD system. This is because, in the FD system, all
APs cause InAl, while in DTDD, only the DL-scheduled APs cause inter-AP interference.

Finally, in Figure 5.10, we plot the CDF of sum UL-DL SE of the DTDD and FD systems
with MMSE combining in the UL and RZF precoding in the DL, and illustrate the effects
of both power control and IrAl on the sum UL-DL SE. We obtain substantial benefits
by applying the proposed power control algorithms compared to equal power allocation.
This illustrates the applicability of the algorithms developed here to different precoder and
combining schemes. Also, with similar antenna density, DTDD uniformly outperforms FD

even with MMSE and RZF. This is because of the additional degrees of freedom DTDD
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Figure 5.8: Sum UL-DL SE as a function of IrAI. DTDD can outperform FD even though
the latter has double the antenna density

offers in terms of UL and DL AP scheduling and, consequently, mitigating the effects of

InAI better than the FD system.

5.8 Chapter Summary

In this chapter, we presented a comparative study of DTDD and FD in CF systems.
We first showed that the performance of these two duplexing schemes depends heavily
on InAl, IrAI (for FD), and InUI, which in turn depends on the channel estimation er-
ror (and the pilot contamination level), UL and DL power allocation strategy, and the
scheduled AP set (for DTDD). Then, we optimized the UL and DL power allocation and
AP scheduling for DTDD, to maximize the sum UL-DL SE. We solved this NP-hard and

non-convex problem by decoupling it into AP-scheduling, UL, and DL power allocation
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Figure 5.9: Effects of inter-AP interference (InAI) on the sum UL-DL SE. We observe that
DTDD is more resilient to InAl

sub-problems. We developed FP-based UL/DL power allocation algorithms and proved
the convergence of the sub-problems to local optima. Further, we provided closed-form
update equations using the Lagrange dual transform and ADMM for the sub-problems,
making them easy to implement. We numerically illustrated the superiority of considering
UL-DL power allocation and optimal weighting at the CPU over the case when either
equal power allocation and/or only optimal weighting is considered (as were the scenarios
in Chapter 3 and Chapter 4). Our experiments also underscored the interference suppres-
sion capabilities of MMSE-type combiners and precoders over ZF and MR-based combiners
and precoders. Finally, we saw that DTDD outperforms FD when the two systems have a
similar antenna density. This happens because DTDD can schedule the APs in UL or DL

based on the localized traffic load and achieve better array gain for a given antenna density
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Figure 5.10: Effect of IrAl on the sum UL-DL SE with MMSE combiner in the UL and
RZF precoder in the DL. InAl strength is taken as —40 dB, and we consider K = 20, M =
64, N = 8, Ny, = N, = N/2 (i.e., similar antenna density.)

and InAl suppression. Thus, we conclude that although both DTDD and FD enable the
CF system to serve UL and DL UEs concurrently, DTDD is preferable because it can meet
and even outperform FD without requiring the use of IrAI cancellation hardware. Fairness

guarantees under the two duplexing schemes are a good direction for future work.



6 | Modeling & Analysis of
Asynchronism in UL Cell-Free
Systems

Chapter Highlights
This chapter develops a mathematical framework to analyze the impact of ICI and ISI in the UL
SE of the CF-mMIMO system using OFDM. In a CF-mMIMO system, geographically separated

APs jointly serve a large number of UEs. The distributed nature of the overall system results in

different propagation delays in the signals received at the APs. This delay in receiving signals
from different UEs can exceed the CP duration, leading to interference from adjacent subcarriers
and consecutive OFDM symbols. Our analysis shows that ignoring this crucial aspect leads to
a gross overestimation of the achievable SE. We also develop an interference-aware combining
scheme to alleviate ISI and ICI in addition to multi-UE interference. We also account for the
scenario in which each UE performs a timing-advance with respect to its nearest AP. Numerically,
we illustrate that ICI and ISI can significantly limit the achievable SE, but we can considerably
lessen the impacts of ICI and ISI by using the nearest AP-based timing advance and interference

aware combining, and in many scenarios, obtain performance that is close to a time-aligned CF-
mMIMO system.

174
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6.1 Introduction

CF-mMIMO systems, where distributed APs jointly serve multiple UEs, have been shown
to provide multi-fold improvement in the SE compared to cellular mMIMO systems [19,
47,107,108]. However, the benefits of CF-mMIMO are obtained under the assumption
that all the APs time-synchronously receive all the UEs’ transmitted symbols [109, 110].
In a practical system, since every UE is at a different distance from every AP, it is not
possible to ensure synchronous arrival of all the UEs’ signals at all the APs. Accounting
for this delay in receiving the signals at various APs and analyzing its impact on the SE
is the goal of this work.

Recently, the authors in [109] evaluated the uplink SE of a CF-mMIMO system using
OFDM. The authors in [110] proposed an opportunistic AP-selection scheme for efficient
time-frequency resource utilization in a CF-OFDM system. Superimposed pilot-based
channel estimation for CE-mMIMO OFDM has been explored in [111]. However, all these
works assume that the uplink signals from all the UEs arrive time-synchronously at all the
APs. In the sequel, we will refer to this as a time-aligned CF-mMIMO OFDM system.

In a cellular system, where each UE is attached to a specific base station (BS), the UEs
can time-advance their transmit signals so that the BS synchronously receives the signals
from all the UEs being served by it [112]. Due to this, in an OFDMA system where
different UEs are allotted non-overlapping subcarriers, the multi-path signals from all the
UEs arrive with a symbol start time that is contained within the CP duration. Hence, ICI
and ISI are avoided at the BS. However, in a CF system, each UE is served by multiple
APs, and thus, the propagation delays associated with each AP are different. Now, based

on the distances between the APs and UEs, it is possible that the desired signal arrives at
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an AP beyond the CP duration as per the timing reference at the AP.' This renders the
OFDM sub-carriers non-orthogonal and, in turn, results in ICI and ISI. In this work, we
analyze an uplink CF-mMIMO system accounting for the impact of ICI and ISI induced

by signal propagation delays. Our key contributions and findings are as follows:

1. We first develop a model for a CF-mMIMO OFDM system that incorporates the
effects of the propagation delays between all AP-UE pairs in the received signal
at the APs. This, in turn, enables us to mathematically analyze the effects of ICI

and IST in the signal-to-interference-plus-noise ratio (SINR) at the central processing

unit (CPU).

2. We then analyze a scheme where each UE time-advances its transmit signal with
respect to the time reference at its nearest AP. This ensures that for every UE, there
is no delay on the received signal in the nearest AP, and also reduces the propagation
delays on the subsequent APs. The effectiveness of the scheme is validated via

numerical experiments (see Figure 6.4).

3. We derive the achievable per-UE SE with maximal ratio and zero-forcing comb-
ing (MRC and ZFC). We extend our analysis to design an ICI and ISI-aware com-
biner that minimizes the mean square error (MSE) between the transmitted and the

estimated symbols at the CPU.

4. Our numerical experiments show that the performance of a CF system can be severely
limited by ICI and ISI. Increasing the CP length mitigates the ICI; this, however,
reduces the fractional symbol duration. Further, an interference aware combining

with the nearest AP-based timing-advance can reduce the effects of ICI and ISI (see

'For instance, 5G NR supports 30 kHz subcarrier spacing with the OFDM symbol duration being
33.3 us and the CP duration being 2.3 us. Thus, the propagation delay at an AP that is at an excess
distance (relative to its nearest AP) of 750 m will be 2.5 us, which exceeds the CP duration. Further, for
60 kHz subcarrier spacing and 1.2 us CP duration, propagation delay at an AP at an excess distance of
more than even 360 m will exceed the CP duration.
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Figure 6.4) and offer a performance that almost matches with the time-aligned CF-

system.

These results show that it is crucial to account for the effects of propagation delays in the
design and analysis of CF-mMIMO systems. It is also important to perform appropriate
timing-advance and ICI and ISI-aware signal processing at the CPU in order to mitigate

the loss in SE due to ICI and ISI.

6.2 Signal and Channel Model

We consider an uplink CF-mMIMO OFDM system where M APs jointly serve K active
UEs, all considered to be single antenna nodes, and M > K.’ The APs are connected
to a CPU, which performs joint data decoding based on the relayed data streams from
the APs. The UEs simultaneously transmit their data over Ny sub-carriers. Let S;; =
[Sits Siks- - SLNS,;C]T € CM*! be the ith OFDM symbol to be transmitted by the kth
UE (before CP addition), where S;; ; denotes the data transmitted over the /th sub-carrier.
We consider that E [!Si,z,kﬂ = Eiup and B[S 1S5y ] = 0,V # 4,1 # 1, and k' # k.
The time domain transmitted signal can be expressed as C;FS; ;, where F € CNe*™: ig

the normalized discrete Fourier transform (DFT) matrix and the matrix C; inserts the

CP of length N,

¢p» Which has the following structure:

ONgx(Ne-Ng)  Ing

C; = € RNoxNs, (6.1)

In,

Here, N, = N¢p + Ng is the length of the time domain signal. Let H,,, € CNoxNo he
the channel impulse response matrix between the mth AP and the kth UE, which has a
Toeplitz structure [113] with first column being [ [0], Ak [1], - - -, k[ L, — 1],0,...,0]" €

CNox1 where hyi[n],¥n =1,2,... Ly, is the channel impulse response at the time sample

2This CF-MIMO system is referred to as massive as the total number of antenna elements is more
than the number of active UEs, even if the APs are equipped with single antenna. This model has been
considered in [19,109].
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-------------------------------- Back-haul links
Tmk:Normalized delay between mth AP and kth UE

Figure 6.1: Different delay profiles with respect to the kth UE at different APs.

n, and Ly, . is the tap length of the channel. The impulse response h,,x[n] includes the
effects of path loss and follows an exponential power delay profile. Details on the modeling
of h,,k[n] are provided in Section 6.4.

Let the distance between the mth AP and the kth UE be denoted by [,,,. The uplink
transmitted signal from the kth UE experiences a delay of [, /c seconds, where ¢ denotes
the speed of light. We define the normalized delay in receiving the uplink signals at the
mth AP from the kth UE by

lmk
= | 2] (62)

where T} is the sampling time. This is illustrated in Figure 6.1. We refer to this system
as a time-mismatched CF-system.

We note that in a cellular system, each UE performs a timing-advance operation with
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respect to the BS with which it is associated. This ensures that signals from the intra-cell
UEs arrive at the BS synchronously (more precisely, within the CP duration), and hence,
ICT and IST can be avoided within the cell. However, in a CF system, since each UE is being
served by multiple distributed APs, a nearest AP /BS-based timing-advance does not imply
synchronous reception at all APs for all the UEs. Yet, if each UE performs timing-advance
with respect to its nearest AP, ICI/ISI from UEs close to APs can be avoided. Hence, we
analyze the performance of this judicious timing-advance scheme. Mathematically, if m(k)
is the index of the AP nearest to the UE k, then, after timing-advance, the normalized

delay, denoted by 74 | can be expressed as

- -
7 = L’TkJ - { Cé’j”“J Vm=1,2,..., M. (6.3)

Needless to say, for m = m(k), X4 = 0. Later, we will show that this can significantly

improve the performance compared to the system wherein no timing-advance is performed.
Now, in the uplink, the received signal corresponding to the ith OFDM symbol at the

mth AP can be expressed as

K
Yim = Z FCrEmkakCtFHSz,k

k=1
K
+) FC,E,H,,CF"S; 1, +FCn,, (6.4)
k=1
where
0
B 2 [ e € RNV, (6.5)
I(No_'rmk:) O(No_ka)Xka
and

(11|

ok é lonkX(Nonk) Ika [ RNOXNU’ (66)

O(Ny—rpse) X No

encapsulate the effects of propagation delay between the mth AP and the kth UE, and
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the interference from the previous OFDM symbol, respectively.” Here, similar to C,,
the matrix C, £ [ONS>< Nep INJ € RN*Ne performs the CP removal operation. Lastly,
n,, ~ CN(0,02Iy,) is the additive receiver noise at the mth AP. Note that, setting
Tmk = 0,Vm, k, results in E,,; = Iy, and S Oy,, and reduces the system model
to existing works on CF-mMIMO OFDM systems that do not consider the effects of
propagation delays [109-111]. We refer to the system model obtained by setting 7, = 0
as a time-aligned system. Now, the received stream corresponding to the [th sub-carrier

of the ith OFDM symbol at the mth AP can be expressed as

K K Ns
Yitm = Y 1 CoBkHpk Ol Sip + > Y 1 CLE i Hopk Cof S
k=1 k=1 TL:L
n#l
K N
+ ) Y FCEHuCf Sy + £ Cony, (6.7)
k=1 n=1

with f7 being the Ith row of the DFT matrix and f* being the nth column of the inverse
DFT matrix.
Now, the CPU receives M data streams from all the APs corresponding to each sub-

carrier index. Thus, the received signal at the CPU can be written as

- i}
- q S 1 C B Hyk Coff S i
Yijin k;l .
; £ C B Ho CA] S 1
Vil = Y ’_Z’Q - =" L + nfff'. (6.8)
Yil M K — .
- - Z flTCr':'MkHMkthl Si,l,k
| k=1 i
We can rewrite (6.8) as
vig = GiuSi; + nfff} (6.9)

3We assume that maXm, i Tmk < No,Vm, k. Thus, only the previous OFDM symbol causes ISI. For
instance, if the farthest AP that can help with decoding a UE’s signal is 1 km away, then the excess
normalized delay (7,,x) is 51 for a sampling time of 6.5 usec. This is well within one symbol duration.
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f7C,EnHuCff  fTCELHRCff ... f7CEHkCf
o _ | FCEaHACH  FCENHRCE .. ] CEHuCff
il — . .
£7C, 8 Hin G f7CEuHnCf ... f/CBuxHuxCff |
(6.10)

where G, € CM*X is shown in (6.10), Siy = [Sis1, Siza,---»Sivk]” € CEX! and ngit

being
Ns Ns
n; = Z GiinSin + Z GinSi-1,n + 1y, (6.11)
n=1,n#l n=1

with the kth column of G, and G, € CM*K given by

£7C, 2, H,;,C,f:

fI'C,=2,.H C.tr
[Gi,ln] E : 2k, e

B

€ CMxt) (6.12a)

£/ C,EpkHan Cif; |
f'C, 2, H,,C,f
f1'C, By, Hy, C i f

Ei,ln] Lk -

c CMx1 (6.12b)

_flTCTEMkHMkthT’;_
respectively. The mth component of n,,, € CM*! is flT C,n,,.

Upon receiving the data streams from all the APs, the CPU combines the M streams
for all the UEs at each sub-carrier to reconstruct the desired UE’s signal from y;;. The

CPU utilizes the full CSI among all AP-UE links to design the combiner matrix, denoted
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by Vii = [Vii1, Vite, -, Viik), with the kth column being v;;;, € CM*1.* Thus, the
estimate of the desired signal can be written as Si,l = ngu. Therefore, the estimated
symbol on the kth stream of the ith OFDM symbol and the /th sub-carrier can be written

as

~

K
H H
Si,l,k = Vi,l7kgi,ll,k5i,l,k + E Vi,l7kgi,ll,k’si,l,k’

=1 k' £k
N, K N, K
H H — H —
+ E Vilk E 8iin k' Sin ks + E Vilk E 8iin i1k T Vi £, (6.13)
n=1n#l =1 n—1 =1

where the second term is due to muti-UE interference, and the third and the fourth terms
correspond to ICI and ISI arising due to timing misalignment in the uplink transmission,
respectively. This is illustrated in Figure 6.2. Also, gk, imk, and 8, n . denote the
kth column of G, Gink, and Gunyk, respectively. Next, we present the performance

analysis of this time-mismatched uplink CF-mMIMO system.

6.3 Performance Analysis

Based on (6.13), the instantaneous SINR of the kth UE on the [th sub-carrier and the

ith OFDM symbol can be expressed as

I 2
|Vz‘,l,kgi,ll,k| Eilk

bk = , 6.14
ik MUIZ'JJC + ICIi,l,k + ISIi’l’k + szlHVi,l,k ’2 ( )
where
- 2
MULijr = Z Vi ki | Eiw, (6.15a)
K=k 4k

4This being the first work on the effects of propagation delays in uplink CF-systems, we consider
availability of perfect CSI to focus attention on the effects of ICI and ISI due to timing mismatches. The
incorporation of imperfect CSI adds to the interference due to the channel estimation error. Further, due
to relative propagation delays, even the channel estimation procedure needs to be addressed with care,
and can be a potential direction for future work.
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Figure 6.2: ICI and ISI resulting from delays in receiving the uplink signals at the mth
AP due to the third UE (UE3) whose signal arrives beyond the CP duration.

K N,
2
ICL 1k = Z Z |V¢H,z,kgz‘,ln,k/ Einps (6.15Db)
k'=1n=1n#l
K N, ,
ISLik = Z Z }Vﬁ,kgi,ln,k’| it (6.15¢)
k'=1n=1

where we have used the fact that the symbols are independent across UEs and across
OFDM symbol indices in the frequency domain. Now, for MRC, v; ;. = g;ux and for ZFC,
Vilk = [Gi,ll (GglGi,u)il] " We observe that although ZFC nullifies the effect of multi-
UE interference, the perfof;nance would still suffer from ICI and ISI. In a time-aligned
system, ZFC performs well in terms of the achievable SE at high SNR |[Chapter 8, [113]],
[108]. However, in our system, as we numerically show in Section 6.4, ZFC can perform
poorly since it ignores the effects of ICI and ISI. Thus, we next provide an interference-

aware combining scheme that takes ICI and ISI into account.
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6.3.a Interference Aware Combining

To tackle the effects of IST and ICI, the CPU can design a combiner which is MSE optimal
with respect to the received symbol. Essentially, the optimal combiner is the solution of

the following optimization problem:

P1 . min E |: Si’hk - Si,l,k

Vi rECMx1

2
] Vi, Lk, (6.16)

where our estimate Szlk depends on the choice of the combiner v;;;. The expectation

in (6.16) can be expanded as

2 H -1
E “Si,l,k zzkYzl| } = zlk gi,l,kgi,ll,kCi,l,kgl}”vk

_ H _
+ (Vigr — £k Cili8iak) Civk (Vigk — £k Cili8ink) , (6.17)

where G, is defined as

z,l,k ( Z Ez,l,k/gz 1 k/gl LK + Z Z 81 n,k8i,in kgz Jink

k'=1 n=1, k=1
n;él
Ns K
+ Z Z Eifl,n,kgi,ln,kggn,k + UiIM> . (6.18)
n=1 k=1

From (6.17), it is easy to show that the MSE optimal combiner is V?I;:l = N,kCi_llkgi%k.

6.3.b Spectral Efficiency

Under the different combining schemes discussed earlier, we can write the average per-UE
SE expression as

K N

avg — + N KN Z Z 10g2 1 + 77i,l7k) ) (619)

k=1 l=1

j=s]

where 7, is given by (6.14) and the pre-log factor captures the rate loss due

Ncp + Ns
to the CP duration [Chapter 3, [113]]. Also, the factor 1/K Ny averages the SE over all
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UEs and the subcarriers.
We next numerically illustrate the effects of propagation delays on the achievable SE

under different combining schemes.

6.4 Numerical Results

We consider a CF-mMIMO system over an area of 1 km?, where the APs are deployed
in a rectangular grid for uniform coverage, and the UE locations are generated uniformly
at random. All the numerical simulations are evaluated over 10* random instantiations of
UEs. The channel impulse response, h,,.[n] is generated according to CN (0, Ul%mk[n] Bmk),
where [, captures the effects of large-scale fading which is frequency independent and

remains constant for a relatively long period of time, and aimk[n] is the channel tap variance
Ly

mk
that follows an exponential power delay profile with > aimk[n] = 1. For numerical
n=0
experiments, we consider Ly, , = Ly,Vm =1,..., M and k = 1,..., K. The large-scale
fading coefficient S, = 10 10 , where PL,,; is the distance-dependent path loss

component that follows the three slope COST-HATA model with breakpoint distances
being 10 meters and 50 meters [109]. The shadow fading component is generated as
Conke ~ N(0,02,), with og,. being 6 dB [19,107,109]. We employ equal transmit power per
subcarrier, and the symbol SNR is defined as £ /02, where &;; = &€, Vi, 1, k. Other relevant
parameters, such as number of sub-carriers (Ng), APs (M), UEs (K), CP duration (Np),
and channel tap length (Lj,) are plot-specific and are mentioned along with the figures. The
acronyms used in the figures are as follows: (a) TA : time-aligned system (i.e. 7, = 0), (b)
TM : time-mismatched system where 7, is evaluated as (6.2); and (¢) TM + TD : time-
mismatched system employing nearest AP based timing-advance, where 7, is evaluated
as (6.3).

In Figure 6.3, we plot the SE for different values of the symbol SNR considering ZFC at

the CPU. We first observe that at low SNR (—30 to —10 dB), the system is noise-limited,
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Figure 6.3: Plot of the SE vs. symbol SNR. We observe that in a time-mismatched (TM)

system, the impact of ICI and ISI is significant, and the SE saturates at a lower value
compared to the time-aligned (TA) system.

and thus, the difference between time-aligned or time-mismatched systems is negligible.

In the case when Lj = Nep,

after a symbol SNR of 10 dB, the SE of the time-mismatched
system starts to saturate due to ICI and ISI at a considerably lower value (see, e.g., the
curves corresponding to TM with (L, = 4, M = 32,64)) compared to the time-aligned
system. Also, as the channel tap length increases, which in turn makes the system more
frequency selective, the ICI and ISI become more pronounced, and the SE of the time-
mismatched system deteriorates significantly (see (L, = 8, M = 32,64)). Finally, with
an increase in the number of APs, the performance of the system uniformly improves for
both time-aligned and time-mismatched systems.

Next, to illustrate the performance benefits of interference aware combining over conven-
tional MRC and ZFC, in Figure 6.4, we plot the cumulative distribution function (CDF) of

the SE under different combining schemes with and without timing-advance. Interference
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Figure 6.4: The CDFs of the uplink SE under different combining schemes. The figure
underlines the effectiveness of interference aware combining along with the nearest AP-
based timing-advance. (Acronym: TM + TD.)

aware combining considerably outperforms ZFC in the time-mismatched case; this high-
lights the ICI and ISI suppression ability of the scheme. Further, nearest AP-based tim-
ing advance along with interference-aware combining can potentially attain a performance
close to that of a time-aligned system. The gap in the 90%-likely SEs attained by the inter-
ference aware scheme with timing-advance (see TM + TD : Interference Aware Combining)
and the SE of the time-aligned system is marginal.”

One way to mitigate ICI is to increase the length of the CP. However, from (6.19), the

S
Ncp + Ns
in Figure 6.5. For the time-aligned system and time-mismatched system employing time-

pre-log factor decreases as N, is increased. We experiment on this trade-off

advance with interference aware combining, choosing the CP length to equal the channel

tap length is optimal, and any further increase results in a reduction of the SE. However,

SFor the time-aligned system, ZFC and interference aware combing perform almost the same. Thus,
to avoid clutter, we omit the CDF corresponding to the time-aligned system with ZFC.
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Figure 6.5: The behavior of SE with increasing CP duration under interference-aware
combining. We observe a trade-off between the ICI suppression capability of an increased
CP length and the rate loss incurred by it.

if we employ only ZFC or interference-aware combining without timing-advance, a larger
CP length is required for optimum SE. For instance, we need a CP length of 10 for the
time-mismatched system with interference aware combining without nearest AP-based
timing-advance. Essentially, an increase in CP length reduces the effects of ICI and ISI
and thus helps to improve the SE. However, beyond a certain CP length, the fractional

SE loss overwhelms the ICI and ISI mitigation effect, and the SE starts to decrease.

6.5 Chapter Summary

In this chapter, we analyzed the impact of the signal propagation delays on the per-
formance of an uplink CF-mMIMO OFDM system. The delays in receiving the uplink
signals result in ICI and ISI, which we mathematically modeled and accounted for in our
SE analysis. We investigated the performance with MRC and ZFC and also presented an

interference-aware combining scheme. We showed that it is important to account for the
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effects of ICI and ISI incurred due to signal propagation delays in CF mMIMO systems,
as the propagation delays are inevitable due to the different relative distances between the
APs and the UEs. We also saw that interference-aware combining coupled with nearest
AP-based timing-advance can improve the system SE compared to a time-aligned system
using classical ZFC or MRC. More sophisticated solutions based on uplink power control,

sub-carrier allocation, and CP length optimization are potential directions for future work.



7 Conclusion

Chapter Highlights

This chapter presents an overall summary of the thesis, underlining the key contributions and

observations. This thesis addressed three facets of CF-mMIMO systems: channel estimation,
DTDD, and UL synchronization. We first developed novel pilot design and allocation algorithms
for CF-mMIMO systems. In particular, our algorithm based on graph coloring ensured no con-
tamination among the UEs being served by one or more common AP(s) and simultaneously
procured an optimal allocation with the least number of orthogonal pilots. Then, we analyzed
the sum UL-DL SE of DTDD-enabled CF systems and developed algorithms for APs” UL/DL
mode scheduling and UL-DL power allocation. Our major finding is that DTDD-enabled CF is
more resilient to CLIs and can even outperform FD cellular and CF systems with similar antenna
densities. Finally, we developed a theoretical framework to analyze the effects of asynchronous re-
ception on the UL SE of the CF-mMIMO systems. Our analysis and experiments underscored the
importance of the proposed interference-aware combining scheme, which mitigated the resulting
ICI and IST and resulted in a near synchronous/ideal performance. We benchmarked the perfor-
mances of our proposed schemes with several existing comparable methods and illustrated the
superiority of the developed algorithms in terms of achievable SE, complexity, and convergence.

We conclude with a brief discussion of follow-up research that can be pursued in the future.

190
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This thesis has, on the whole, focused on channel estimation, DTDD, and UL synchro-
nization in CF-mMIMO systems. On channel estimation, one of the major contributions
of this thesis is the development of a low-complexity pilot allocation algorithm that pro-
cures the pilot allocation with a minimum number of orthogonal pilots being reused across
the UEs for CF-mMIMO systems. On DTDD, we found that the combination of DTDD
and CF works like a virtual FD, offering a sum UL-DL SE that surpasses that of an FD
CF system (without requiring SI or IrAl cancelation hardware.) Finally, on UL synchro-
nization, we investigated the issue of the timing advance used for synchronization in UL
cellular systems and how it affects the performance of CF systems.

In the following, we recapitulate our key findings in these three aspects of CF-mMIMO

as they were developed and matured from chapter to chapter.

7.1 Summary of the Thesis

In Chapter 2, we demonstrated three approaches for pilot allocation for CF-mMIMO
systems, each from a different and interesting viewpoint. In Section 2.2, we proposed
channel estimation via quasi-orthonormal pilots (see Definition 2.1). We proved that pilots
from MUOB codebooks minimize coherent interference among the set of quasi-orthogonal
pilot sequences. Further, we pointed out that ZC-sequences could be used to construct
MUOB pilot matrices, complying with the design specification of the 5G-NR standard.
Then, we developed an AP-centric clustering algorithm that facilitated the allocation of
pilots from MUOB codebooks to each cluster. One key advantage of MUOB-based pilot
design is that once the initial AP-UE clusterings are formed, the pilots can be randomly
assigned to each cluster from each MUOB codebook. Essentially, the strength of pilot
contamination from the outer-cluster UEs is allocation-agnostic, thanks to the constant
cross-correlation properties of the MUOB pilots. Hence, MUOB underlines the best (in
terms of estimated channel quality) that can be achieved via random allocation of pilots

to UEs. Our numerical findings illustrated that, in comparison to OPR, MUOB-based
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pilots are superior in terms of achievable SE and UE fairness.

Next, we observed that an equivalent strategy (as developed for MUOB) can lead to
high pilot contamination for orthogonal pilots. After AP-UE clustering, if we randomly
assign orthogonal pilots to each cluster and reuse the same set of pilots across clusters, the
cluster edge UEs can potentially share the same pilot orthogonal pilots. As a consequence,
all the APs in the vicinity of the cluster-edge UEs would procure channel estimates with
high MSE. Thus, to improve the performance of channel estimation via orthogonal pilots,
we developed an iterative pilot allocation algorithm (see Algorithm 3) in Section 2.3. Our
allocation strategy reduced the complexity compared to the previous algorithm (see Al-
gorithm 1, Section 2.2.f) in the sense that it obviated the need for initial AP-centric
clustering. However, the trade-off is the number of iterations required to procure channel
estimates with low MSE at the APs. On the other hand, compared to the several existing
schemes in literature for orthogonal pilot allocation, our algorithm does not require ad-
ditional signaling overhead, e.g., SINR exchanges, for pilot assignment. We numerically
illustrated the proposed algorithm’s performance compared to existing schemes.

Next, we observed that the previous two methods and also the existing works in the
literature focus on pilot design or pilot allocation given a predetermined length for the
pilot sequences. In Section 2.4, we proposed a novel pilot design and allocation algorithm
that ensures no pilot contamination among any pair of UEs that are proximal to a common
AP, and this is guaranteed at all APs. Further, our algorithm (see Algorithm 4) procures
the pilot allocation with a minimum number of orthogonal pilots being reused across the
UEs. Specifically, we recast the problem as a graph-vertex coloring problem and solve it
via a low-complexity algorithm known to be optimal for all bipartite graphs. Numerical
results illustrated the superiority of the proposed technique over existing methods.

At this point of the thesis, we shifted our attention from the channel estimation problem
and analyzed the performance of a DTDD-enabled CF-mMIMO system.

In Chapter 3, we derived the sum UL-DL SE of the DTDD-enabled CF-mMIMO system.
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For ease of exposition, we assumed the availability of perfect CSI. We formulated a sum
UL-DL SE maximization problem for scheduling the UL/DL mode of the APs based
on UL/DL traffic demands of the UEs located in their vicinity. We proved that, with
perfect CSI and perfect InAl cancelation, the sum UL-DL SE is a sub-modular function
of the underlying AP set. We then employed a greedy algorithm to activate the APs in
polynomial time. In the later part of the chapter (see Section 3.3.a and Section 3.3.b), we
relaxed the assumption of perfect CSI and proved similar results considering statistical and
estimated CSI with orthogonal pilots. Our numerical experiments revealed that DTDD-
enabled CF-mMIMO substantially improves the sum SE compared to conventional TDD-
based CF systems. The key reason for the performance improvement in DTDD compared
to TDD-based systems is that the former duplexing scheme acts as a virtual FD system,
simultaneously serving the UL and DL UEs.

Following this, in Chapter 4, we analyzed the performance of a DTDD CF-mMIMO sys-
tem considering the effect of pilot contamination and imperfect InAl cancellation. As a
consequence, the derivations of the sum UL-DL SE became more mathematically involved.
Specifically, due to coherent interference (because of pilot contamination), the sum UL-DL
SE becomes a non-linear function of the underlying UL and DL AP sets. Thus, for math-
ematical tractability, we derived a lower bound of the sum UL-DL SE and reformulated
the AP-scheduling problem based on the maximization of the product of UL-DL SINRs.
We then developed APs” mode selection algorithm based on the sub-modular nature of the
product of UL-DL SINRs. We performed extensive numerical simulations to validate our
theoretical findings. As a benchmark, we compared the performance of HD DTDD CF
with an FD cellular system and observed that the HD DTDD CF-mMIMO can outper-
form an FD-cellular mMIMO system. Essentially, DTDD CF-mMIMO exploits the joint
signal processing of a CF system coupled with the adaptive scheduling of UL-DL slots
based on the localized traffic demands at the APs. On the other hand, the FD cellular

system suffers from multi-cell interference and the SI at the BSs. Hence, a key advantage
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of DTDD-enabled CF over the FD cellular system is that we no longer need additional
hardware at each AP to cancel the SI.

In the previous chapters (i.e., Chapter 3 and Chapter 4), we considered full power alloca-
tion in UL and equal power allocation in DL. Next, in Chapter 5, we developed FP-based
UL/DL power allocation algorithms and proved the convergence of the sub-problems to
local optima. Further, we provided closed-form update equations using the Lagrange dual
transform and ADMM for the sub-problems, making them easy to implement. Following
this, we compared the performance of DTDD CF with the FD CF system, and we observed
that DTDD outperforms FD when the two systems have a similar antenna density. This
happens because DTDD can schedule the APs in UL or DL based on the localized traffic
load and achieve better array gain for a given antenna density and InAl suppression. Thus,
we conclude that although both DTDD and FD enable the CF system to serve UL and
DL UEs concurrently, DTDD is preferable because it can meet and even outperform FD
without requiring the use of IrAl cancellation hardware.

Finally, in Chapter 6, we analyzed the impact of the signal propagation delays on the
performance of a UL CF-mMIMO OFDM system. The delays in receiving the uplink
signals result in ICI and ISI, which we mathematically modeled and accounted for in our
SE analysis. We investigated the performance with MR and ZF combining and presented
an interference-aware combining scheme. We showed that it is important to account for
the effects of ICI and ISI incurred due to signal propagation delays in CF mMIMO systems,
as the propagation delays are inevitable due to the different relative distances between the
APs and the UEs. We also saw that interference-aware combining coupled with nearest
AP-based timing-advance can improve the system SE compared to a time-aligned system
using classical ZF or MR combining.

Thus, in summary, the key take-home messages from this thesis are as follows:

(i) Pilot allocation is a challenging task for a CF-mMIMO system, and algorithms from
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cellular setup cannot be directly reused in a CF system. Our proposed MUOB-
based pilot design is allocation agnostic and provides the best performance obtainable
via quasi-orthogonal pilots. On the other hand, our proposed vertex-coloring-based
algorithm for orthogonal pilot reuse procures optimal allocation while minimizing
the pilot length. It results in better performance in terms of NMSE of the estimated

channels and the achievable SE compared to the state-of-the-art in the literature.

(ii) Our studies on the use of DTDD in a CF-mMIMO system considered a variety
of practical system imperfections and generalizations, and our key finding is that
DTDD is a promising duplexing scheme for the beyond 5G wireless systems, capable
of serving both UL and DL traffic using only HD hardware. Our experiments revealed
that DTDD CF is more resilient to CLIs and can outperform TDD CF & cellular,

FD cellular, and even FD CF systems in terms of achievable sum UL-DL SE.

(iii) Finally, our work on asynchronous reception effects on UL CF systems showed that
the assumption of perfect synchronism in a distributed system such as CF is a gross
overestimate of the actual performance. We developed a mathematical framework
to understand the effects of ICI and ISI on the UL SE. We also proposed a timing
advance and an interference-aware combining scheme at the CPU, which procures

near-synchronous performance.

As with most research, there is always room for further studies and improvement. We

catalog a few promising directions.

7.2 Future Work

(i) An interesting extension of Chapter 2 is to characterize the optimal SNR threshold
theoretically and explicitly determine the optimal pilot length that balances the

loss in SE with the level of pilot contamination. Also, algorithms for pilot power
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(i)

control can be developed to improve the performance of all the algorithms presented

in Chapter 2.

The works presented in Chapter 3, Chapter 4, and Chapter 5, can be extended
to incorporate fairness constraints. The system performance of CF-DTDD can be
improved by incorporating UL-to-DL UE interference cancellation. Another aspect
worth further investigating is a theoretical analysis of the latency performance of

DTDD-enabled CF-mMIMO systems.

In Chapter 6, we numerically evaluated the optimal CP length. More sophisticated
solutions based on UL power control, sub-carrier allocation, and CP length opti-
mization are potential future directions of the current work. The results in Chap-
ter 6 are for a centralized CF-mMIMO system, which can be extended to include
distributed combining at the APs, considering perfect and imperfect channel estima-
tion. Also, Chapter 6 only focused on UL asynchronism in CF systems. Exploring the

effects of asynchronous reception in a DL CF-mMIMO system is equally pertinent.

Finally, the work on DTDD CF mMIMO can be extended to consider an OFDM
framework, incorporating the effects of UL and DL synchronization/timing errors, to
study the overall sum UL-DL SE and to analyze the effects of pilot contamination,

power control, CLIs along with the ICI and ISI.
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A.1 Derivation of MMSE Channel Estimate

Proof. Recall that we are considering a CF-mMIMO system where M APs, each equipped
with NV antennas, jointly serve K single antenna UEs. The channel vector between the
mth AP and kth the UE is modeled as f,;, = v/Bunihmi € CV, where the path loss
component f3,,; is assumed to be constant for several coherence blocks, and the fast fading
channel, h,,;, ~ CN(0,Iy), is to be estimated at the start of each coherence interval. Let
U =1{1,2,..., K} be the index set of all UEs, and the corresponding pilot sequences be
® 2 {p,py,..., 0} We consider the use of pilots of length 7,,.

Let, the kth UE transmits a pilot signal ¢, with an energy &, ;, then the received signal

at the mth AP can be expressed as

Yym =V EppTpbinpr + Zl

] AL NXxT,
i) VEpimptmip; + Wy, € CV7 (A1)

where, each columns of W, ,, is distributed as CN(0, NoIy). Now, to estimate the kth

UE’s channel, the mth AP post-multiply (A.1) with ¢}, and the processed becomes

Ypm = Ypm@r = / EppTplmr + Zieu\{k} VEpiTo(#ir i) fmi + Wy mep), € v, (A.2)

with W, .5 ~ CN(0, NoIy). The MMSE estimate of the kth UE’s channel at the mth

197
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AP, denoted by f,,;,, can be evaluated as [3]

£ = E [fgkYP,m] _ V EpkTpBmk y (A.3)
No + Ep jmiTp + Zz‘eu\{k} Ep,iTpBmi [{i ‘Pk>|2 "

mk — pm

E [y Ypm]
Also, we can write, £ = £r — Eng, Where, £ ~ CN(0, Bk — a?,,)Iy), with

2 p = gpvkﬁgkap (A 4)
mk R .
No + EpkBmrTp + Zieu\{k} EpiBmiTy [(Pi: @)

Letting, Cont,,;, = > icun\ (k) EpiBmiTp [{p, @)%, we can show that that [35]

Zjeu\{okuk} &piBmj, ® € MUOB
Zj st (g, )=1 Tpgp,jﬂmj, ® ¢ OPR

Cont., =

which is the pilot contamination experienced by the kth UE. [
A.2 Proof of Theorem 2.2.

Proof. First, note that since the pilot length is 7, and L7, = K, we can always generate
a pilot codebook @, £ [ka]k:LTpL € C»*K_ such that pilots within each cluster are
mutually orthogonal. Then, <I>p‘I>£I = LI, follows from the fact that the intra-cluster
pilots are orthonormal and there are L clusters. Hence, all nonzero singular values of ®,

are equal to VL, and consequently, ||®2'x||* = L||x||, Vx € C™. Therefore,

H 2 H 2 2 _ 12
et => Il =LY, el =L,

where the last equality follows from the fact that |¢;||3 = 1, Vi. Recall that U \ {Oy U k}

indicates the set of all UEs that do not share the same cluster as kth UE, then,

2
> Zj@{\ o [P eu)]
CnaHE 12 ' 2 _ _
L S DN P v (A6
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Since the summation in (A.6) contains 77 L(L — 1) non-negative entries, it is easy to infer

that
5 TpL(L—1) 1
m ©..© > P 7 A7
ke%l):: I I Wl 2 7'p2L(L—1) Tp (A7)
FjeuU\{Ok Uk}

Hence, |(¢;, ¢;)|* is lower bounded by %

We now need to design pilots codebooks that satisfy [(¢;, e)? = %, Vk, Vi ¢ Op Uk.
Invoking the definition of MUOB' [34], when 7, is a prime or a power of a prime, MUOB
codebooks exist provided vK < 7, < K. Then, (A.7) is satisfied with equality when ¢,

and ¢, are chosen from two distinct MUOB-codebooks. |
A.3 Proof of Theorem 2.3.

Proof. We now analyze the effect of pilot contamination on the system throughput. Our

analysis applies to any random pilot codebook.

A.3.a UL SINR Analysis

Let the kth UE transmit the symbol s, (E[[s,k|*] = 1) in the UL with an energy of
Euk- Let Ai be the set of AP indices that jointly and coherently processes the kth UE’s
signal. After maximal ratio combining at those APs, the kth stream of the accumulated

received signal at the CPU becomes

ke =V ZmEAk £ [fgkfmk} Sud v/ Eu ZmeAk {mekfm’f - E[fni[kfmk]} Su.k
AH .-
+ ZZGU\{k} \V 811,,1' ZmEAk fmk,’fmisu,i + ZmeAk ankVVTn7 (A8)

where, w,,, ~ CN (0, NoIy) is the receiver noise added at the mth AP. The first and second

term of (A.8) are commonly termed as array gain and beamforming uncertainty [19],

A set of orthonormal bases {®;};=1,. .1 of C™ are said to be mutually unbiased if |{p;, p)|> = 1/

for any ¢, € @; and ¢, € Py, | # m.

~~~~~
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2
gu,k Z E[fgkfmk]
u meAyg
Eapvar | 2 fEE |+ S ELE || S AL | +No 3 Elfl?
meA eU\{k} meAyg meAyg

respectively. Now, applying the use-and-then-forget technique [Chapter. 3, [3]|, the UL
SE of kth UE can be expressed” as A(1 — 2)log, (1 + ), where, 4}/ is given by (A.9), and

the closed form expression is evaluated in the following lemma.
Lemma A.1. In the UL, the SINR of the kth UE can written as

5u7kGainu7k

e = , (A.10)
gu,kvar< Z f’rgkfmk> + Z gu,zIzk_'_NO Z a?’nk
meAy ic meA
U\{k}
where,
2
. o 2 2
Gain,r = N (ZmeAk ozmk) : (A.11a)
¢H _ 2
var (ZmE.Ak fmkfmk> = ZmeAk Na, 1 Bmis (A.11Db)

2
[€.: Boni
= 2 2 Pt Mmae ‘ 9 ) |
IZk N (ZmEAk amk SPJC Bmk) KSO” 90k>| + N ZmEAk amkﬂml- (Allc)

Proof. The array gain in (A.9), can be written as

e H _ cH ¢H r _ ¢ 2 2

Thus, the numerator of (A.9), becomes

gu,k ‘E[ZmeAk fnﬁ]kfmk] ’2 - u,kNQ (ZmeAk aznk>2 ’ <A12>

2For a coherence interval of 7, we equally partition duration of (7 — 7,,) channel uses for UL and DL
link data transmission. Thus, the pre-log factor A(1 — 22) for both UL implies a fraction A (A € [0,1]) of
the data transmission duration is alloted for UL.
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which corroborates with (A.11a). Next,

ar (3, Hito) < B[S, Bt 3, B [t0][]
DS e B |t e [te] [ =X, B |t ] - 2 ][}
-5 ] - i)
D el ] ] v

<i ZmEA {NO( Bmk‘ - Of ) + N(N + 1) N2 4 k} ZmE.A Namk;ﬁmky
(A.13)

~—

wherein, (a) follows as the variance of sum of independent random variables are sum of
the respective variances. In (b), we note that E [fmk] = 0 and is independent of f‘mk, and
therefore, apply Lemma. A.4. Finally, (¢) is obtained using (A.39¢). Thus, (A.11Db) follows
directly. Next, we derive the multi-user interference term. Prior to that, let us define the

denominator of (A.3) as

d_ NO + gp kﬂkap + Z P,iTpﬁmi |<90m 90k> |2 ) (A14)

ieU\{k}
and thus, £, = V Ep kTpBmkdmp Y pm- For i # k, we can write,
2
Iik -k |:‘Zm€Ak fgkfmz :| =k |:‘Zm€Ak V gpykTpﬁmkdmkygmfmi :|
_ / H
= ]E ‘ ZmeAk gp,k‘Tpﬁmkdmk (Zi’GM \/ gp,i’Tp<Lpi” on>fm,b/ —I— Wp,W‘PZ;) fmz
2
=E ’ ZmeA \% kapﬁmkdkaOk pmfmz ]
E ‘ ZmeAk gp,kTpﬁmkdmk (Zi’elx{ \% gPWTP(SOiH cplf)fmz’) fmz ]

= NNDZ EpkTpd mk: mkﬁmz + Iy, (A.15)

|
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H 2
L =E Z \ gp,kTpﬁmkdmk} Z \% gpyi/Tp«pi’? Sok>fm’t’ + gp,’iTp((Pi, 90k>fm7, fmz ]
meAg e\ {i}
() P
CENY o VEimBurdui/ €l o4) [l
H 2
tE ‘ZmeAk v gpvapﬁmkdmk (Zi/eu\{i} v gpvi’7p<¢i’7¢k>fmi’) fmz ]
- 12 + N ZmGAk Zi’eu\{i} {gpvapﬁgnkdfnk} {Sp,i/Tpﬂmiﬁmi’} ‘(‘Pi'; ‘Pk) ’2 (Al?)
a1,

(b): Using (A.40).

where I; being the second expectation term involved in (A.15), and can be further ma-

nipulated as shown in (A.17), with

I,2E

2] . (A.16)

’ ZmeAk Vv Ep kTpBmk A \/Sp,ﬂp@oi, Pr) HfmiH2

Next, we expand I, as shown in (A.18).

L= s B (i @IE [[Eill']
+Epnpiriln eOPE [,y e, dracin ol 1l
=NINEDY iy Bl (01 01) 5
+ N2Ey 1l 1) ZmeAk Znﬁﬁﬁ’ Ak Ak Bk Bk Brmi P
= N? (ZmeAk gp,kgpviT[?dznkﬁankKsoiv (Pk>|2ﬁ3m
+EpwEpiT (i o) ZmeAk aniﬁ’ dmkdnkﬁmkﬁnkﬁmiﬂm)

NGBl e B,

~
ES o

e 2
B N2 (ZmeAk gp’kTpdmk/Bmk \% SpJTpﬁmz') |<QOl, on>|2 + 14 (A18)




Appendix A. 203

Now, the first term of (A.18) can be re-written as

2
N (S s/ o) o 00

2
1EpiTy Bmi
_ N2 £ dm 2 pe'p Mmu ] 2
(ZWEAk p,kTp kPmk Sp,kTp ﬂmk’) |<9017‘Pk>|
2
_ 2 2 Pt Mmi 2
- N (Zm% amkwgp’k Bmk> (i i) |7 (A.19)

which contributes to coherent interference. Thus, now using (A.17), (A.18), and (A.19),

2
Epi Brmi
_ N2 2 Pyt [omi A 2
I, =N (E et am’”/ﬁp,k Bm) (i @) |* + Ta+ I3 (A.20)

Now, we will simplify the second term of (A.17) as

we have

Iy =N ZmGAk Zui\,{ei} {gpvapﬁikdiﬁc} {&0.0ToBmiBmir } 1{ir, 1) 2

=N D e, EoTBra i X (Z EniToBmi (i, PP = EpiTymil (01 1) r?)

= :7\[ ZmGAk gpjkTpﬁ;kdfnkﬁmi Zi/eu Sp,i’Tpﬁmi’ ’ <Qoi’7 90k> |2

J/

o1,
- szeAk gp,kgp,ﬂ;d?nkﬁfnkﬁfnﬂ<‘Pz"7 el (A.21)
Then,
Is =N ZmGAk EpkToBdpi B (Zz'eu Ep,irTpBmir [{p 90k>|2> , (A.22)

and we also observe here from (A.14) that

1
2 _
Zi/eu 8pyi'Tpﬁmi/ ’ <4Pi” QDICH - (d_m - NO) ) (A23)
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which when substituted back in (A.22) results in

Is =N ZmeAk EpkTpB2 ot Bmi — N Ny ZmeAk EpkTpBR 2 1 Bomi- (A.24)

Therefore, inserting (A.24) into (A.21),

I3 =N Z gp,kTpﬁfnkdmkﬁmi — NNy ZmeAk gp,kTpB?nkd?nkﬁmi

-N Z Ep iy, 17'2d2 oot Bt il (P 1) |2 (A.25)

Now, substituting (A.20) into (A.15), we get

Lix = NNy ZmGAk Ep ko B

2
T N2 (ZmEA Oéznk (c/'p;€ ﬁ k) |<(P17 on>|2 + I4 + I3' (A26)
k \/ p.k Pm

Next, substituting for I, and I3, we get,

2
| & : Boni

2 2 Pt Mmi 2

Lir = NNy E EpiTpd mk mkﬁmz-l-N (E meA, Ak o ﬂmk> |<cpia‘)0k>‘

+ NZ pkgp ZTQdQ k|<902790k ‘ ﬁ Z p,kTpﬁ;kdmkﬁmi
— NNy Zm EpkToB ok Bmi — NZ pkgpﬂ' dmk i Bl (@i i) |7, (A27)
and, finally,
[ Epi B i
N2 2 Dyl P ) 2 2 ‘
Ilk N (ZmeAk Xk gp,k ﬁmk) |<9017 90k>| + N ZmeAk gpykTpﬁmk‘dmk ﬁmz- (A28)
2

mk

Lastly, the additive noise component of (A.10) trivially follows as £, ~ CA(0, a2 Iy).
|

A.3.b DL SINR Analysis

Next, let 54 be the intended DL signal for the kth UE. Let &, be the total power budget
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of mth AP, and the corresponding power control coefficient (,,,;, decides what fraction of
power is intended for the kth UE. We employ reciprocity-based matched filter precoding
in the DL. Now, the mth AP serves only a cluster of users indicated by the set U,,, and

therefore, the DL transmitted signal by the mth AP can be expressed as

Yam = YV EamCnilisas (A.29)

Thus, the received signal at the kth UE can be expressed as

M M .
Tdk = Zm:l £ Tam + wy = Zm:l Zied V EamCmifmitrisan + wi
= ZmeAk \/ €d7mcmkf£kf* kSd.k + ZlEU\{k} ZmGAi \/ gd,mgmifnj;kf;;isd,i + Wi, (ABO)

where, wy ~ CN (0, Ny) is the receiver noise at the kth user. To apply Use-and-then-Forget

bound, we re-write rq as

rax =K [ZmEAk \% gdvmcmkukf;Lk} Sdk + {ZmeAk vV gd,mkafnT@kf;@k
-k [ZmeAk V gd,mkafg;kﬁfm} } Sk + Zieu\{k} ZmeAi V EamCmifminisai + Wi,

and thus the DL SE becomes (1 — A)(1 — T?P) log, (1 4 ~{), where,
. 2 .
Y= ‘E [ZmeAk 1% gd)mgmkfg;kf:nk} ‘ (var (ZmeAk % Sd,mkafg;kf;k>
T ox )
T Ziel/{\{k} = |:‘Zm€,4i V EamCmifitin

2} + N0> 1. (A.31)

We can apply the exact same analysis to derive the closed-form expressions of the DL

signal gain and the beamforming error variance and show that

= [ZmeAk VEimGuntiudin| = Nv/EimGuroly (A.32a)
var (ZmeAk \/5d,mkafnTmf;k) = NZmeAk Sd’mgmkafnkﬁmk. (A.32b)

However, there is a subtle difference in the multi-user interference term as the kth UE
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receives a signal from the ith UE (i # k) transmitted from the APs that serves ith

UE (m € A;). We derive the closed-form expression in the following lemma.

Lemma A.2. It can be shown that the DL multi-user interference experienced by the kth

UE due to the ith UE 1is

2
E{]ZmeAi\/sd,mcmzfikf;Z 1:]\/2 (Zm%xfgd,mcm ’;’“g’: fn) of e, |2

+ NZmEAi gd,mgmi/gmkamr (A33)

Proof. The technique of the proof is the same as adopted in the UL case. The key difference
is in the UL we substituted for the desired UE’s estimated channel (i.e., f,,,) from (A.2),

whereas here we substitute for f,,;. We show the key steps required to arrive at the final

(Zi,e,/,\/fp,ﬂp@oiucpi)fmi/+Wp,mcpé‘> = EprTpll UZ 4, i | £ ” (o1, )|
2
+E|:‘Z dmsz pm‘pi :|7

'ZmeA i 3 e VEniTo{i 90
(A.34)

expression of (A.33).

; \/gp,iTpﬁmi dmzfgk X

E UszAi V gd,mgmzfgkf:n

mE.Ai

2

+E

é15 :I6

where in the last equality we substitute d,,; = \/Sdm{’mi \/Sp,ﬂpﬁmidmi. Next, observe
that, as the channel vectors of different users are uncorrelated and zero mean, and so are

the channel vector and the noise component, the sum of the second and third expectations

of (A.34) reduces to

Is+ Ig =N ZmeAi Z&/\ek Cz?mgp,z’”pﬂmkﬂmi/‘(@w ®i)|* + NNy Zm€A¢ ik (A.35)
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Next, the first expectation (A.34) can be expanded as

> dillf.

mE.Ai

= 3 & [l +E[Z o D Dol

meA;

— N? (ZmeAz ngmk> +NY D DB (A.36)

Finally, substituting (A.36),and (A.35) into (A.34), we get

Z \V/ gd,msz fg;kf:q,z

meA;

+N Zme A; Z i 6 mz ,i’Tpﬁmkﬂmi’ | <4P@'/7 QOZ> |2 + NNy ZmeAi ngﬁmk

= N (VEum Zm% dmiﬁmk)z (s
+N ZmeAi il {Zi’eu Epi Ty [P 9°i>|2} + N No Zme N i Bk (A.37)

T

2 2
= CpkTp N2 (Z Jmlﬁmk) +N Z d?mﬁ?nk |<‘Pk7§0@>|2

meA; meA;

Now, (A.33) follows by substituting

\/ kapdmzﬁmk -V gd msz {5p iTp mz/a,?nz} Bmk (A38a)
ﬁm i\/ pz

{8p,i7pdmiﬁmi} = C(mm (A38b)
1
and {Zi'eu Ep,ir TpBmir |<‘Pi/a§0¢>|2} = i No (A.38c¢)
appropriately on (A.37). [ |

Finally, in the UL, v} of Lemma A.1 can be re-expressed as «;* of Theorem 2.3. The first
term of (A.28) corresponds to the first term on the denominator of 4} in (2.8a), and merg-
ing (A.13) and N 3 4 a2 Bmi from (A.28),we obtain the second term of ). The rest of
the terms follow directly from Lemma A.1. (2.8b) follows similarly from (A.32a), (A.32b),
and Lemma A.2, and p,; be the maximum normalized (as a multiple of the noise variance

Ny) power transmitted by each AP. [
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A.3.b.i Useful Lemma

Lemma A.3. [3, Appendiz. A] Let two independent random vectors x andy be distributed

as CN(0,0%Iy) and CN(O,O’SIN>, respectively. Then, the followings results follow

E [||x]|’] = No?2 (A.39a)
E [[|x]|'] = N(N + 1)o7} (A.39b)
E “(X + y)HX|2] = N(N +1)o; + NoZo.. (A.39¢)

Lemma A.4. [19, (62)] If x and y are independent random vectors and E [x] = 0, then

E[x+yl’] =E[x’] +E[ly’]. (A.40)
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B.1 Proof of Theorem 3.4

Proof. We first focus on the UL SE, considering the perfect CSIL. If {j} ¢ A, is activated in
the DL, then, from (3.12), the UL SINR remains unchanged, i.e., 7, x(AsU{j}) = nux(As),
for {j} € Aq. If jth AP is activated in the UL, then from (3.8)

Ngu,k 72nk
Zk’euu\k Eu e Brnk Bk + No Bk
NE, 1
Zk’euu\k wk' BBk + NoBij
= Nk (As) + 7u i ({7}) > Mup(As), (B.1)

nu,k(As U {]}> =

mE.As

establishing the monotonicity. Also,

N (As U{5}) — 1up(As)

0, if {7} operates in DL
_ {j} op | (B.2)

nui({7}), if {j} operates in UL

and therefore, it is easy to see that 7y x(As U{j}) — Nur(As) = nur(A: U{j}) — nur(As).
Thus, the UL SINR is a modular function of the underlying activated AP set. Finally, we

can easily extend the above steps for the trained CSI case. [

B.2 Proof of Theorem 3.5

209
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Proof. Recall that Rs(As) = Rs(Au) + Rs(Aq), where A, and Ay are mutually exclusive
index sets. Hence, if the UL and DL sum SEs are sub-modular functions of the index set
of activated APs, then the sum UL-DL SE is also sub-modular.

From Theorem 3.4, the UL SINR is a monotonically non-decreasing function of the
activated AP set, and since log(1 + ) is monotonically increasing for x > 0, the UL
SE is also a monotonically non-decreasing function of the activated AP set. We now

prove the sub-modular nature of the UL-SE. As the UL-SINR is modular, we can write

(1 + 7 (As UG 1)) = (L + mup(As)) = (14 1ui (A U{5})) = (1 + nue(Ar)), which implies
1 + nu,k(As U {j}) 1 + 7]u,k(-’4t U {]}>

> . Here, we use the fact that
1 < 1
(14 10 (A)) — (14 nue(Ar)’

1+ 77u,k<-As U {]})
1+ nng(As)

are both > 1, using the monotonicity of log(+), we have

and

due to the monotonic non-decreasing nature of the SINR. Also, as

1410k (A U{j})
1+ nu,k(At>

log (1 + 7k (As U{35})) — log (1 + 7wk (As))

> log (14 mur(Ar U{j})) —log (1 + nur(Ar)) , (B.3)

which establishes the sub-modularity of UL SE of kth UE, Vk € U,. We can similarly
prove the sub-modularity of the DL SINR, and as the linear sum of sub-modular functions

is sub-modular [60], Theorem 3.5 holds true. |
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For the definitions of the notations used in the following proofs, the readers can refer

to Table 4.1.

C.1 Proof of Theorem 4.1

Proof. The numerator of (4.5) can be written as

B[ Y b+ 05w = S0 B[] =N Y a2,

meA, meA, meA,

Next, we can show var[ S f } = > Na?, Bmk. Now, for the UEs that share their

meA, meAy
pilot sequences with the kth UE, i.e., for n € Z,\k,

‘ Z mk mn = EH Z Cmk\/ Tpgp,kﬁmkx( Z \V gp,n’Tpfmn’ + v'Vp,m) Hfmn|2]

meA, meA, n'€l,
=N Z Nocgszpgp,kﬁznkﬁmn
meAy
‘ Z Cmk\/ Tp pkﬁmk Z \/ n’Tp /fmn’ ] . (Cl>
meAy n'€Zl,

The last term in the above can be simplified as follows:

‘ Z Cmk\/ Tp pkﬂmk Z V pn’Tpfmn’+\/ pnTpfmn) mn} }

meA, n'€Z,\n
_ 2 2 2 2
=N E kaTp gpakﬁmkgp,nﬁmn
mGAu
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N B G PN S uri iy B

meA, meAun’'€Z,\n

Now N > > 72 EpiBekEpm Bmn Bmn, can be further expanded as

meAy n'€Ly\n

N Z Cmk\/ Tpgp,kﬂmkﬁmn{cmk \V Tpgp,kﬂmkx Z Tpgp,n’ﬁmn/} - N Z ngkTigp,kﬁfnkg ,nﬁim

meAy n'€l, meAy
_ 2 2 2 2 2 2 2
=N E : Tpgp,kcmkﬁmkﬁmn - NNO E : kaTpgp,k mkﬁmn_N E : CkTp 5p,kﬂmk8p,nﬁmn7
mE.Au mGAu mEAu

(C.2)

where, in the last step above, we used the fact

Cmk V Tpgp,kﬁmk Z Tpgp,n’ﬁmn’ =V Tpgp,kﬁmk - NOka V Tpgp,kﬂmk
n'€Zp
Combining (C.1) and (C.2), with o2, = 7,&, kCmr %, We obtain

S ELE[] S Hhea]= Y En V(Y ikg’ZZ /% + NS a2 Bun).

nely\k meAy nely\k meAy meAy

(C.3)

The first two terms above correspond to coherent interference (4.8b) and non-coherent
interference, respectively, from UEs that share the kth UE’s pilot. Next, considering the

interference due to the UEs that do not share the kth UE’s pilot, we obtain

S EE] Y 1= N Y Eun Y mEkCnnBiBma- (C.4)

q€UNT, meA, qeU\Ip meA,

Hence, (4.8a) follows via combining the beamforming uncertainty, the second term of (C.3),

and (C.4). Finally, we can derive the inter-AP interference as

Z | Z Z \/aﬂf]n mk:Gm] in

neUy meA, JEAY

=Y i Eltr (Gt £.GE £, 80, )]

neUy meA, JEAY
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DS S S i v (B[ G, .G 6]

neUy meA, jEAY

= N2Z Z Z /ﬁ?ncmja%%k&ingd,j-

meA, JEAg n€EUy
In (a), we apply the linearity of trace. Then we use the fact that G,,; and f;, are

independent, and therefore, E[G,;f* {7 Gl = (Bl (£ £7)|Iy = Na?, Gmjly, and

Jn=jn Jnegn

E[f.f?] = o2, Iy, which yields the final result in (4.8c). |
C.2 Proof of Theorem 4.2

Proof. We note that from (4.9), we can write the effective DL SINR as

M= || Z Kjn de]E[fjj;lfj’.‘n} ﬁ X (var{ Z /{jn\/gd7jfﬁf;n

JEAY JEAq

+ Z EH Z Iijq\/ 8d,jfj77;f;q 2]+ Z EH Z /ijq\/gd,qfﬁqu 2]
q€Zp\n JEAY qEUN\T) JEA4
-1
+ 3 EunBlga|” + NO) . (C.5)
keU,

The gain and the variance of the beamforming uncertainty related terms, i.e., the nu-
merator term and the first term in the denominator of (C.5), can be obtained via steps
similar to those in the UL case. The second term in the denominator of (C.5), which is
the inter-UE interference due to data streams of the UEs that share pilots with the nth
UE, i.e., ¢ € Z,\n, can be expressed as (C.6). Further algebraic manipulations yield

Z EH Z Kjqv gd,ffjj;bf;q 2]+ Z EH Z Kjqv 5dvquj;zf;q 2}

qEIp\TL JEAq qEZ/fd\Ip JEAY

5,71 571
=N Y (D Veari, /iéyﬂv DY Rl B, (C.7)

q€Z,\n JEA4 q€U4\n jEAY

The first term in (C.7) equates to (4.11b). The second term together with the nth UE’s

beamforming uncertainty corresponds to (4.11a), and (4.11c) follows from E’gnk’2 = €nk-
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} Z Kjq\/ Ed Jngan*q =E H Z KjgV/ €d,jTpy/ gp,n“:p,chqﬁjqufjn”Q|2]

JEA4 jEAd
‘HEH Z KigV/ €djCig v Tpgp,qﬁjq Z vV TpaLig + Wp])| ]
JEAG d¢€T,\n
= N(N + )78 nEpq Z K2y jCoolB3, B
JEAY
+ NQngp,n5p7q< Z V ng’{qujqﬁjqﬁjn) ( Z V 5d7j”fj’ch’q5j’qﬁj’n)
JEAd J'€Ad,j' #j
+ N7p€pq Z ’%Q‘qu»jciq qu( Z TpEp.a Bjg + NO)BJ'”‘ (C.6)
JEAY q'€Z,\n

C.3 Proof of Theorem 4.3

Proof. We present an inductive proof. Let us assume we schedule the APs in A, such that
fmr(As) is maximized. Now consider the set Ay, such that A; C A;. We need to prove that,
if we schedule any AP {j} ¢ A, next, the incremental gain obtained by adding {j} to A, is
smaller than the incremental gain achieved by adding {j} to A;. Now, by our hypothesis,
the set A, is determined first to maximize f,x(.). Therefore, since AP {j} is not part of

Aj, the product SINR under A, is greater than that attained via only activating the {j}th
K 2mea, Gmi(As) >, Sxih)
T Y mea, Ik (A) T T ({5

Using the monotonic nondecreasing property in Definition 4.1, we can write

= ZmeAt meA ) Hk 1ZmeAt ( ) Hk lZmeAtG <~As)
HZmGAt H mGA I <‘As):>Hk 1ZmeAt mk( ) Hk IZmE,A mk( )

Hk 1Zm€As ( s) H Gir({7})
a Hk 1ZmeA5 ( s) yk({J})

k 1meAs k 1meAs

AP in either of the mode of transmissions, that is, [ |
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H Lir({s}) + Z Lnk(A H
k=1 meAg k=1
U

Jk ({7} + Z Gk (A

ZA

’,:]w

k=1 meAs €A,
K
k:l meA; k 1meA;
K
+H Gir({7}) + Z G (A1) H Z Lok (Ar). (C.9)
k=1 meA; k=1meA;
K
H k(171 H > (A +Hng {i}) H > LAy (C.8)
k=1 k=1meA; k=1meA;

Next, adding and subtracting []r_, > mea, Gmr(As) 11, > mea, Imk(As) on the left hand
side and [];, > med, Gmk(Ar) e, > mea, Imk(A;) on the right hand side of (C.8), we

get (C.9), equivalently

—H > mkAU{J}HZGmk +H S oe U{]}HZImk

k=1meAsu{j} k=1mecAs k=1meA;U{j} k=1mecAs
k=1 meAU{j} k 1meA; k=1meA,U{j} k 1 meA;

Using the fact that

H Z mk: A U{j} H Z Imk S H Z Imk(AtU{]})H Z Imk(At)v

k=1meAsu{j} k=1meAs k=1meA;U{j} k=1meA;

we can finally write,

K K
k=1meAsU{j} . k=1meA;
K K

H Z Imk<AsU {]}) H Z Imk(-AS)

k=1meAsU{j} k=1mecAs
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I Y 6uldhUl) I3 A

k=1 meA;

k=1 meA:U{j}
-~ K - K )
I X Tu(AU{H) I X Tek(A)
k=1 mcA;

k=1meA;U{j}

which reduces to Theorem 4.3.
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D.1 Proof of Lemma 5.2

Proof. With ZF combining, the mth term of E[ug] in (??) evaluates to
’YmkE[eﬁkz)(ZEmZu,m)_lemfmk] = O‘znk' (D.1)

Next, we evaluate E[uyufl] € CH¥Mul in closed form. First, we consider the UEs that
use the same pilot as the kth UE, i.e., the UEs indexed by i € Pyy),7 # k. In this case,

the mth diagonal entry of E[u;ull] can be expanded as

E[ngfmifnljivmk] = E[ng Amifn[jivmk] + E[ng’ mzfgzvmk]

Here, in (a) we use the fact that E[vZ, £, £ v,4] = b, if i € Pyyy. Next, since f,,; ~
2
1
CN (0, (Bus — 03, Ly) and Elviviu] = 57 02, (B —

B B B V] =
). The off-diagonal (m,n)th element of E[uzufl] can be calculated as [E[ugull]],,.,, =

)
N -1, N -1,
2

mi

a
EvH £ f8v,] + EvE £,.£8v,,] = 2,02, Next, for the UEs that do not share the
same pilot as the kth UE (Vi' ¢ Pyy)), it is easy to show that the off-diagonal entries

of E[ugyull,] are zero. The mth diagonal entry can be evaluated as E[vZ f,.,f1 v, ;] =
o2 (B — 02,)

(N —1)

E [ngE [fmz’ fgz/]"mk] =

InAP 2
Next, we can show that E[|v G,,;pju|?] = (NLﬂ;k It is easy to argue that due to

the independence of the channel vectors involved, the off-diagonal entries of E[dy,d | are

217
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.
N -1, N -1,

derivation of wzpt‘. With a little algebraic manipulation, we arrive at the expressions in

. a%k (1/‘2_,4 |k . .
zero. Finally, N = Nydiag - . This completes the key steps in the

the Lemma. [}

D.2 Proof of Lemma 5.4

Proof. Here, we provide the important steps involved in the proof. The beamforming

2
gain, | Y /fjn\/é’dfﬁlpjn , after substituting for pj,, with E [HZd,j(Zj{jZd,j)_lel(n)HQ} =
JEAY

Nc—) and f]n = Cjn\/TpEp,jBinld j€i(n), can be evaluated as follows:

(N =7

2

&y

1
> Rjny/ (N )¢ b Za; (Zd5Za5) " e

JEAY

(Ve (Z a) | 0.3

JEAY

Next, from the denominator of (3.12), we can rewrite &g (var{nfd,m}qLquud\n EanTdnqm)
as &y ( > geu, Bllkd dng|?] = |]E[K,Zdnn]|2> Substituting for d,,, and K, we get

Z E [‘sznq‘2} Z E |:‘Z]€A Kjq ]np]q

qEUy qEUy

} , (D.4)

2
which can be evaluated as (N —7,) > <Zj€.Ad /quajn> + 3 > kje(Bin—a3,). Then,

q€P(n) q€Uy JEAY

with |E[K,Zd,m]|2 = (N —1) (ZjeAd I{jn()zjn>2, we get (5.16a) and (4.11a). |
D.3 Proof of Proposition 5.2

Proof. First, optimizing f (€,,w,) is equivalent to optimizing f (&€,, wo,, ©@,), where

fEwme @)=Y  In(l+wm,) - Zkeuu Dok + [(Euy B), (D.5)

keldy
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(1 + wuk)Gu’k (gu)
Gu,k (gu) + lu,k (gu)

that f (ELTH! goitertl goltertl) > f(glter goiter &1ter) hecause at iteration indexed

due to the equivalence of }_, and f(€,,%0,). Next, we observe
by iter + 1, each of these variables optimally solves the equivalent convex surrogate f(-)
while keeping the other two variables fixed. Since f (€, @, ©0,) has a finite upper bound,

the algorithm is globally convergent. [ |
D.4 Proof of Corollary 5.2

Proof. The proof follows using similar techniques as in Lemmas 5.3 and 5.4. We only

explain the proof for IrAl. The power of the IrAl with ZF is E [‘\/c‘f_d/imnvngs'pmnﬂ =

m

ng{%m]E [tr {VﬁngpmnpgnG%vakH = Sd/ffnntr {E [vﬁkE [G%pmnpgnGng] mG} }
Ntxgd/f?m Sl o2

mm —'mk

NexEain G 0 {E [[[ Vi [*]} =

, where for the inner expectation, we
Nex — 7

note that the ith diagonal entry, E [Gf,lpmnpgnt‘,lH} ~, can be evaluated as

(22

— tr {IE [Prnpl, | E [Gi{H i, ] GS i, :]} } — Nl

Here, G>! [i,:] denotes the ith row of G3!. Tt is easy to show that the off-diagonal terms

evaluate to zero. Thus, E [Ggpmnpgnegﬂ = NuoxC® Ty... Finally, with ZF combining,

aQ

mk ]

B [vimel? = 12—
rx p

D.5 Numerical experiments on the convergence of Al-
gorithm 7 and Algorithm 9

Now, we validate the rate of convergence (we define this as the difference in the iter-
ates/cost function between two consecutive iterations of the algorithms) of the iterates (i.e.,
Kk and £,) as a function of the iteration count. We evaluate the UL and DL power alloca-

tion algorithms with different initializations of k and &£, and observe convergence within
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Figure D.1: Rate of convergence of UL power control coefficients
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Figure D.2: Rate of convergence of the equivalent cost given in (5.20)

6/7 iterations while ensuring the gap between two consecutive iterates no more than 0.001
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Figure D.3: Rate of convergence of DL power control coefficients
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Figure D.5: Convergence of the UL cost function for two different initializations. The
legends indicate the initial power allocation.

upon convergence. Specifically, Figure D.5 illustrates the convergence claimed in Proposi-
tion 5.2 in the revised manuscript. Similar results can be generated for DL, but we omit
it to avoid repetition. Convergence properties of the overall AO of UL and DL power
allocation are illustrated in Figure D.6, Figure D.7, and Figure D.8. These experiments
reveal fast convergence of the proposed algorithms in terms of cost function as well as
the iterates involved in the algorithm, even with a large number of APs and UEs in the

system.
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Figure D.6: Convergence of the AO of sum UL-DL SE (cost function) for two different
initializations. The legends indicate the initial power allocation
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Figure D.7: Rate of convergence of overall alternating optimization with different number
of UEs in the system.
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