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ABSTRACT

We use a partially observable Markov decision process (POMDP) framework to design
a resource allocation policy for downlink transmit beamforming at a multi-antenna BS
that is equipped with a massive number of antennas and only a limited number of RF
chains. Considering that channels evolve according to a Markov process and that only
partial CSI is available, we use a POMDP framework for antenna selection with the aim to
maximize the expected long-term data rate. To avoid the high computational complexity
of the value iteration algorithm, we focus on the myopic policy to design a simple yet
optimal algorithm. We prove that in the case of a positively correlated two-state Markov
channel model, the myopic policy is optimal for antenna selection (for both in massive
MISO and MU-MIMO systems) for any number of RF chains. Based on this finding, for
general fading channels, we propose to quantize each channel into two levels and apply the
myopic policy for antenna selection. Our simulation results show that using this two-level
channel quantization for antenna selection results in only a small loss in performance,
as compared to the antenna selection technique which use full CSI without quantization.
We then utilize a POMDP framework to formulate the joint antenna selection and user
scheduling (JASUS) problem for a BS, equipped with a limited number of RF chains that
is to serve a large number of single-antenna users in a cell. To do so, we assume that the
users are served in a frame, where each frame contains of a finite number of time slots.
At the beginning of each frame, given that only partial CSI is available, the BS schedules
each user to a time slot, and selects a subset of antennas to serve the scheduled users at
that time slot. Considering a positively correlated two-state channel model, we prove the
optimality of the myopic policy for our JASUS problem. For Rayleigh fading channels,
we devise a low-complexity JASUS algorithm for massive MU-MIMO systems.

Keywords: Antenna selection; joint antenna selection and user scheduling; massive

MIMO; partially observable Markov decision process (POMDP); myopic policy
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Chapter 1

Introduction

1.1 Overview

Massive multi-input multi-output (MIMO) systems play an important role in the
5-th generation wireless networks as such systems provide the ability to serve multi-
ple users using the same time and frequency resource blocks. The extensive studies
conducted on massive MIMO systems show that deploying large-scale antenna ar-
rays at the base stations (BSs) increases the achievable sum-rate and improves the
performance in terms of spectral and energy efficiency [1-4]. However, increasing
the number of RF chain, exponentially increases the hardware complexity, cost, and
computational complexity [5]. Thus, it may not be practical to have a dedicated RF
chain per antenna element in the massive MIMO BSs. To benefit from the advan-
tages offered by using large-scale antenna arrays at the BSs, and at the same time,
to overcome hardware complexity, antenna selection techniques have been proposed
in the literature [6-9]. Antenna selection is a decision-making technique that selects
a subset of available antennas to transmit data at each time slot. By applying the
antenna selection techniques, the number of required RF chains can be reduced to
the number of selected antennas, leading to reduced RF circuit power consumption,
size, price, and hardware complexity [6,8,10]. The extensive studies conducted in
this area show that when the number of available antennas is more than the number

of RF chains, the antenna selection technique can improve data rate and energy ef-



ficiency, compared with a system where the number of antennas is as limited as the
same number of RF chains [11,12]. Many studies have aimed at proposing antenna
selection algorithms that maximize the sum-rate for massive MIMO systems [13-19].
However, there are still some critical issues that must be addressed. One such is
the assumption of the availability of full CSI for designing their algorithms. More
technical details are provided in Section 1.2. To overcome the issues and challenges
of the existing antenna selection algorithms, we explain our proposed methodology
in Section 1.3, for both MISO systems and multi-user MIMO systems. Note that in
multi-user massive MIMO schemes, zero-forcing beamforming is often proposed to
null the inter-user interference. To fully cancel out the inter-user interference, the
number of served users should be less than the number of active antennas (here,
the number of active antennas is the same as the number of RF chains). Thus,
when the number of users is larger than the number of RF chains, the joint antenna
selection and users scheduling (JASUS) needs to be addressed in multi-user massive
MIMO systems. Note that there aren’t any existing studies that design a JASUS
algorithm for massive MIMO systems. However, there are limited existing studies
that only addressed the joint antenna and user selection (JAUS) problems in mas-
sive MIMO systems. The details of the existing JAUS algorithms are explained in
Chapter 2. We also explain why the proposed JAUS algorithms are not applicable
for our JASUS problem in Section 1.2.

In this dissertation, considering that the channels evolve according to a finite
state Markov process, we first aim to design POMDP-based antenna selection algo-
rithms for both massive MISO, and multi-user massive MIMO systems. We then,
assume a scenario where the number of available users is larger than the number
of active antennas, meaning that serving all users at the same time results in low
quality of service. Thus, to maintain the high quality of service in multi-user mas-
sive MIMO systems that the BS (equipped with limited RF chains) serves a large

number of users, joint antenna selection and user scheduling (JASUS) is required.



To do so, we assume that users receive data in a frame, which each frame contains a
finite number of time slots. At the beginning of each frame, the BS schedules each
user to a time slot in a frame and selects a subset of antennas to serve the scheduled
users at that time slot. Note that the number of scheduled users at each time slot
is bigger than one and less than the number of RF chains. Here, we aim to design
a JASUS algorithm in multi-user massive MIMO systems for time-varying channels
when only partial CSI is available at the BS.

In the remaining of this chapter, we first present the challenges of the antenna
selection and JASUS techniques and elaborate on what motivated us to conduct
this research. Later on, for each scenario (i.e., antenna selection in massive MISO
systems, antenna selection in multi-user massive MIMO systems, and JASUS in
multi-user massive MIMO systems), we define the objective function of the corre-

sponding problem and present the proposed method to solve it.

1.2 Challenges and Motivations

For designing the antenna selection algorithms for massive MU-MIMO systems,
one common assumption is that the channels over all antennas are fully observable,
meaning that full channel state information (CSI) can be obtained or estimated.
For massive MIMO systems, this assumption is not practical, since it requires either
an RF chain for each antenna or switching available RF chains among antennas for
training and channel estimation. With limited RF chains, the latter approach adds
to the time required for channel estimation and, at the same time, complicates the
hardware by adding switching circuitry. Moreover, switching RF' chains exacerbates
the problem of outdated CSI. Another common assumption in the existing studies
of the antenna selection problem is that the channels remain over time slot [20-23].
As a result, in previous studies, the properties of time-varying fading channels have
not been completely exploited [24].

Given the above discussion, our motivation is to study the problem of antenna



selection for a base station (BS) downlink transmission to a user in a massive MISO
(or multiple users in massive MU-MIMO ) system under the assumption that only a
finite number of RF chains are available for transmission and CSI acquisition. More
specifically, given that at each time slot only partial CSI (that is acquired over the
previously selected set of antennas) is available, the BS decides which antennas to
select and sends data in the next downlink time slot via transmit beamforming over
those selected antennas. Under the assumption that the channel over each antenna
evolves according to a Markov chain, this problem can be formulated using a par-
tially observed Markov decision process (POMDP) framework. In the literature,
there are extensive studies that utilize a POMDP framework to design resource
allocation algorithms (see Chapter 2). However, the designed POMDP-based algo-
rithms for antenna selection can be applied to only a limited number of antennas
and RF chains, when channels evolve as a two-state channel model (see Chapter 2
for more details). Here, for time-varying continuous-valued channels, we aim to
design a POMDP-based antenna selection algorithm, where the decisions are made
based on partial CSI and can be applied to any number of antennas and RF' chains.
Our objective is to maximize the expected long-term sum-rate. Note that in multi-
user massive MIMO systems, zero-forcing beamforming is often used to nullify the
inter-user interference. To fully cancel out inter-user interference, the number of
users should be less than the number of RF chains. Therefore, when a large number
of users is available in the cell (i.e., the number of users is more than the number
of RF chains), we must address joint antenna selection and user scheduling (JA-
SUS) in multi-user massive MIMO systems. To the best of our knowledge, currently
there is no study to design JASUS algorithms for time-varying channels, such that
the decisions are made based on partial CSI (for more details see Chapter 2). In
this dissertation, motivated by the above explanations, we formulate the JASUS
problems using a POMDP framework to design a low-complexity JASUS algorithm
that can be applied to actual Rayleigh fading channels, when only partial CSI is



available at the BS. In the next section, we define our resource allocation problems
(i.e., antenna selection in massive MISO systems, antenna selection in multi-user
massive MIMO systems, and JASUS in massive MIMO systems), and explain our
proposed methodology to design a low-complexity algorithm for each one of the

defined problems.

1.3 Objective and Methodology

In this section, we provide an overview on the main objective and proposed method-

ology of our study presented in each chapter of this dissertation.

1.3.1 Antenna Selection in Massive MISO Systems

Objective

In Chapter 4, we consider the antenna selection design for the BS downlink trans-
mission to a user in a massive MIMO system under the assumption that only a
finite number of RF chains is available for transmission and CSI acquisition. We
assume the system operates in the time division duplexing (TDD) mode, and there-
fore, the CSI acquisition for downlink transmission is performed using the uplink
channel measurements. Based on the partial CSI and the history of the CSI of other
antennas, the BS makes the new antenna selection decision and sends data in the
next downlink time slot via transmit beamforming. Given the underlying fading
channels are correlated over time and evolve according to a Markov chain, we aim
to find the optimal decision for antenna selection at each time slot under partial

CSI with the goal of mazimizing the expected long-term MISO data rate.
Methodology

In Chapter 4, we use the POMDP framework to devise an optimal antenna selection
policy for the BS transmit beamforming to a single-antenna user. Assuming a TDD

system with uplink-downlink channel reciprocity and that the MISO channel state



evolves according to a finite-state Markov process, we exploit partial observation of
the channel coefficients from uplink CSI training. Thus, at each time slot, the BS
uses the obtained partial CSI (the channel coefficients of the previous selected an-
tennas) for antenna selection to mazimize the long-term expected data rate achieved
in the downlink transmission. The solution to this POMDP-based dynamic antenna
selection problem can be obtained using the value iteration algorithm. However,
the computational complexity of this algorithm is very high for practical implemen-
tation, specially for a large state space and/or for a large number of antennas. As
such, the myopic policy could offer a computationally attractive solution. While
a myopic policy may not always be optimal, we prove rigorously that if the chan-
nels over different BS antennas are independent and evolve according to the same
positively correlated two-state Markov process, then the myopic policy is optimal for
antenna selection under any number of RF chains. We obtain this conclusion by
showing that the expected long-term data rate is a regular function of the belief
vector. To benefit from the optimality of the myopic policy for general fading chan-
nels, we propose an antenna selection algorithm such that each channel coefficient
is quantized into two levels only for the purpose of antenna selection. We study the
impact of the quantization threshold value on the performance of the proposed my-
opic policy algorithm for antenna selection. We show that, for time-correlated slow
fading channels (modeled as a first-order Gauss-Markov process) and for a properly
chosen threshold value, the performance of the myopic policy is close to the antenna
selection scheme which uses full perfect CSI. Finally, we evaluate the performance of
the proposed myopic policy for the imperfect CSI scenario in the presence of channel

estimation error.



1.3.2 Antenna Selection in Massive MU-MIMO Systems

Objective

In Chapter 5, considering the TDD mode, we aim to design an antenna selection
policy for a multi-user massive MIMO BS downlink transmission to multiple single-
antenna users under the assumption that the BS is equipped with a finite number
of RF chains. Thus, at each time slot only a subset of antennas is available for data
transmission and CSI acquisition from downlink transmission. At each time slot,
using the obtained partial CSI from the selected antennas and the history of the
CSI of other antennas, the BS selects a new subset of antennas to participate in
data transmission in this time slot. Note that here we assume the number of users
are less than the number of RF chains. In Chapter 5, we aim to design a real-time
decision making algorithm for the antenna selection problem, under obtained partial
CSI, such that by selecting the best subset of antennas at each time slot, we can

maximize the expected long-term sum-rate.

Methodology

In Chapter 5, considering that the underlying fading channels evolve according to
a Markov chain, we formulate this problem using a POMDP framework. Here,
zero-forcing beamforming is used to null the inter-user interference. In our defined
POMDP-based antenna selection problem the reward function is defined as the
upper bound of the achievable sum-rate. Furthermore, we assume i.i.d positively
correlated two-state channel model. We then first prove the optimality of the myopic
policy for our defined antenna selection problem and then propose a novel antenna
selection algorithm that can be implemented for the Rayleigh fading channel model.
To do so, we propose to quantize the channel gain of each antenna into two levels
only for the sake of antenna selection, while all the performance evaluation is based
on the non-quantized channel coefficients. In addition to that, we propose an offline

learning algorithm to obtain a look-up table for finding the optimal threshold value



for channel gain quantization.

1.3.3 JASUS in Massive MU-MIMO Systems

Objective

In Chapter 6, we study the joint antenna and user scheduling (JASUS) problem for a
multi-user massive MIMO system, in which a BS is equipped with a massive number
of antennas and a limited number of RF chains to serve a large number of single-
antenna users in a cell. The number of available users is larger than the number of
available RF chains. Here, we assume that the system operates in TDD mode and
CSI can be obtained from the uplink measurements. Furthermore, we assume that
users receive data in a time frame, where each frame contains of a finite number of
time slots. In addition to that, we assume that the channels evolves according to
a Markov chain at the beginning of each frame and remains unchanged during the
entire time frame. Note that, at each time slot only partial CSI is available due to
the limited number of RF chains. In chapter 6, we aim to design a low-complexity
JASUS algorithm (that at the beginning of each frame, schedule each user in a time
slot, and selected the optimal subset of antennas to serve scheduled users at that

time slot) to mazimize the expected long-term sum-rate over frame.
Methodology

In Chapter 6, assuming that channels evolve according to a finite-state Markov
process, and only partial CSI is available, we formulate the JASUS problem using
a POMDP framework with the main goal of maximizing the expected long-term
sum-rate. Here, we assume that the users are served in a frame, and each frame
contains a finite number of time slots. According to our proposed algorithm, based
on available partial CSI and the history of our past actions and channel observations,
at the beginning of each frame, the BS schedules each user to a time slot in a frame to

be served and select a subset of antennas to participate in data transmission at each



time slot. Note that we assume the state evolves at the beginning of each frame and
remains unchanged during the entire frame. We further assume that all users receive
data once until the end of the frame such that the number of scheduled users at each
time slot is bigger than one and less than the number of RF chains. We show that
for positively correlated two-state channel models, the myopic policy provides the
optimal solution to our JASUS problem. Furthermore, we use a first-order Gauss
Markov channel model and devise a myopic policy algorithm for Rayleigh fading
channels that provides a low-complexity suboptimal solution for JASUS problem in

multi-user massive MIMO system.

1.4 Summary of Contributions

The main contribution of this study is reducing the hardware complexity and cost
of the massive MIMO BS in the 5G network by designing a simple yet optimal
POMDP-based antenna selection algorithm and POMDP-based JASUS algorithm,
that can be easily implemented for large-scale antenna arrays with any given number
of antennas and available RF chains. Furthermore, given that at each time slot only
a subset of antennas is available for data transmission (partial CSI is available), we
aim to design an antenna selection/JASUS policy that provides a high quality of
service for the available users. More specifically, given that the underlying fading
channels are correlated over time, and only partial CSI is available, at each time
slot the BS makes an optimal decision (selecting a subset of antennas in antenna
selection policy or selecting a subset of antennas and scheduling users in JASUS
policy) to maximize the expected long-term sum rate. To do so, considering that
channels evolve as a finite-state Markov process, we use a POMDP framework to
formulate our resource allocation problems (antenna selection/JASUS). Here, we
use the myopic policy to propose a computationally affordable resource allocation

algorithms. In the following sequel, we present the contributions of our studies.



e In the first part of our study, we use a POMDP framework to formulate the
antenna selection problem for uplink /downlink massive MISO schemes, where
the channel coefficients evolve according to a Markov process. We show that if
the channels over different BS antennas are independent and evolve according
to the same positively correlated two-state Markov process, then the myopic
policy is optimal for antenna selection under any number of RE chains. We
obtain this conclusion by showing that the expected long-term data rate is a
regular function of the belief vector. Note that here, unlike all the previous
studies that consider a simple reward function in the POMDP formulation of
their resource allocation problems (see Chapter 2), we define the actual data
rate as the reward function (which is a complex and realistic function). We
then utilize the optimality of the myopic policy to devise an efficient POMDP-
based antenna selection technique for time-varying continuous fading channels.
To do so, we propose to quantize each channel coefficient into two levels only
for the purpose of antenna selection. Interestingly, our simulation results show
that using this two-level coarse channel quantization for antenna selection
results in a small performance loss that is only within 0.5 (bcu), from the
upper bound which can be achieved only by using full (non-quantized) CSI
for antenna selection. We also evaluate the affect of the channel estimation on

the performance of our antenna selection algorithm.

e We formulate the antennas selection problem for a BS (equipped with a mas-
sive number of antennas and a limited number of RF chains) that serves a
multiple single-antenna users by utilizing a POMDP framework. In this sce-
nario, we assume that the number of available users is less than the number
of RF chains. Here, we use zero-forcing beamforming to eliminate the inter-
user interference. In this scenario, an antenna selection policy, which accounts
for the channel quality of all users is needed. Here, we assume that channels

evolve according to a Markov process. Note that for a positively correlated
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two-state channel model, the second condition of the optimality of the myopic
policy is the regularity of the reward function. However, here the obtained
sum rate is not a regular function anymore. In our POMDP formulation, we
define the reward function as the upper-bound achievable sum rate, and show
that the expected immediate reward function is regular. Thus, the myopic pol-
icy can provide the optimal solution for POMDP-based antenna selection for
any number of antennas, any number of RF chains, and any number of users.
We propose a low-complexity myopic policy antenna selection algorithm that
can be implemented for Rayleigh fading channels. According to our proposed
algorithm, in the selection stage, the channel gain of each antenna is quantized
to two levels, allowing us to benefit from the optimality of the myopic policy
for i.i.d positively correlated two-state channel models. In addition to that,
we propose an offline learning algorithm to obtain a look-up table for finding
the optimal threshold value for channel gain quantization. To the best of our
knowledge, this is the first study, that propose a low-complexity antenna se-
lection algorithms that its decisions are only relies on partial CSI that can be

implemented to the actual Rayleigh fading channels.

We study the problem of joint antenna selection and user scheduling (JASUS)
problem in multi-user massive MIMO systems. In this scenario, we assume
that a BS, equipped with a massive number of antennas and a limited number
of RF chains, is to serve a large number of single-antenna users in a cell (the
number of available users is larger than the number of RF chains). Note that in
multi-user MIMO systems, zero-forcing beamforming is often used to eliminate
inter-user interference, meaning that at each time slot the number of served
users should be equal to or less than the number of RF chains. Thus, when
a large number of users is available in a cell (and the BS is equipped with
limited RF chains) JASUS must be addressed. We use a POMDP framework

to formulate the JASUS problem for a multi-user massive MIMO system,
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where the number of available users is larger than the number of RF chains.
To guarantee that all users will receive data, we assume that users are served
in a frame, where each frame contains of a finite number of time slots. In
our POMDP formulation, we define the reward function and the objective
function as the upper-bound achievable data rate and the expected long term
sum-rate over frame, respectively. Assuming that at the beginning of each
frame channels evolve according to a positively correlated two-state Markov
chain, and remain unchanged during the entire frame, we show that the myopic
policy provides the optimal solution to our JASUS POMDP-based problem.
Furthermore, we model the Rayleigh fading channels as a first-order Gauss
Markov channel model and devise a low-complexity myopic policy JASUS

algorithm for multi-user massive MIMO systems.
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1.6 Outline of Dissertation

This dissertation is organized as follows. In Chapter 2, we first review the traditional
small-scale antenna selection algorithms, and then, provide a brief overview on sev-
eral existing studies on suboptimal solutions for large antenna selection problems
under the assumption of the availability of full CSI. In Section 2.2 of this chapter,
we present a survey on studies that existing antenna selection algorithms when only
partial CSI is available. In Section 2.3, we overview some other resource allocation
algorithms that aim to design a decision making algorithm under the assumption

of partial CSI using POMDP framework. And finally, in Section 2.4, we review the
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limited existing studies on joint antenna selection and user scheduling problem in
massive MU-MIMO systems.

In Chapter 3, we first describe the POMDP model and the required tuple to
define a POMDP formulation. We then illustrate the policy, the objective function
of the stochastic optimization problem in a general POMDP framework. In the final
section of this chapter, we present the value iteration algorithm which provides the
optimal solution for a POMDP problem.

In Chapter 4, we describe the MISO system model and the POMDP formulation
for the antenna selection problem in Sections 4.1 and 4.2, respectively. In Section
4.3, we show the optimality of the myopic policy for a two-state positively correlated
channel model. In Section 4.4, we present the myopic policy for antenna selection
algorithm for the first-order Gauss-Markov Rayleigh fading channel models. Simu-
lation and performance analysis are presented in Section 4.5.

In Chapter 5, our multi-user massive MIMO system model, problem formulation,
and POMDP formulation for the antenna selection are presented in Sections 5.1, 5.2,
and 5.3, respectively. In Section 5.4, we provide the proof of the optimality of the
myopic policy for our the antenna selection. In Section 5.5, we propose our myopic
policy based antenna selection algorithm for first-order Gauss-Markov channels. In
Section 5.6, we propose an offline algorithm for obtaining the optimal threshold
value for channel quantization. Simulation and evaluation analysis are illustrated
in Section 5.7.

In Chapter 6, we describe the multi-user massive MIMO system model, problem
formulation and the POMDP formulation (for JASUS problem) in Sections 6.1,
6.2, and 6.3, respectively. In Section 6.4, we show the optimality of the myopic
policy for a positively correlated two-state channel model for our POMDP-based
JASUS problem. In Section 6.5, we present the myopic policy JASUS algorithm
and implement it on the first-order Gauss-Markov Rayleigh fading channel model.

Simulation and performance analysis are presented in Section 6.6.
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Finally, in Chapter 7 we first conclude this dissertation and then present several

ideas and open problems for future work.

1.7 Notations

Upper-case and lower-case bold letters are used to represent matrices and vectors,
respectively; calligraphic fonts (e.g., S) signify sets; and Sans-serif fonts identify ran-
dom vectors (e.g,. s) and random scalars (e.g., s). The transpose and the Frobenius
norm of a vector/matrix are shown as (-)7, || - || respectively; the ¢; and £ norms
of vector s are denoted as ||s||; and ||s||2 respectively; diag(s) stands for a diagonal
matrix whose diagonal entries are given by vector s. The notation E{-} represents
the mathematical expectation; 1y identifies an N x 1 vector with 1 in all elements.

The notation |S| stands for the cardinality of set S.
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Chapter 2

Literature Review

In this chapter, we first review traditional optimal antenna selection methods in
Section 2.1, for MIMO systems (for selection among small number of antennas). We
then briefly review some of the existing sub-optimal antenna selection algorithms
that are computationally affordable for massive MIMO systems and are designed
under the assumption of the availability of the full CSI. Next, in Section 2.2, we
review the studies that devised antenna selection algorithms when partial CSI is
available. We then offer an overview on the studies that used POMDPs for designing
various resource allocation methods in Section 2.3. Finally, in Section 2.4, we review
the existing works that studied the joint antenna and user selection (JAUS) problem

for multi-user massive MIMO systems.

2.1 Traditional Antenna Selection Methods

Antenna selection has been extensively studied in the literature for MIMO systems
with a small number of antennas [7,13,25]. The optimal antenna selection algo-
rithms for MIMO systems involve an exhaustive search over all possible selections
of antennas and finding the antenna subset which maximizes the signal-to-noise-
ratio (SNR) or the capacity [8,26,27]. Note that exhaustive search methods are not
practical for massive MIMO systems due to the high computational complexity of

the existing search algorithms. Hence, alternative low-complexity antenna selection
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algorithms have been sought for massive MIMO systems [14-18]. In [14], the au-
thors developed an iterative antenna selection algorithm which relying on ranking
antennas based on their channel gains. In [15], the author proposed to solve massive
antenna selection problem using a convex relaxation technique. Considering both
single-cell and multi-cell massive MIMO systems, the authors in [16] introduced the
so-called trace-based algorithm to reduce the antenna selection problem complex-
ity. In [17], a low-complexity two-step antenna selection algorithm is proposed for
a massive MIMO system. The purposed sub-optimal algorithm of [17] consists of
a coarse selection of a subset of antennas based on the channel gains followed by a
refined selection of antennas from this subset based on the CSI. In [18], the authors
used a Monte Carlo tree search algorithm to design a low-complexity suboptimal
antenna selection algorithm for massive MIMO systems. In the proposed method,
the antenna selection problem is formulated as a decision making problem, where
linear regression is used to update the probability of selecting the correct subset of
antennas by utilizing the defined features of CSI.

A major issue with the algorithms proposed in [7,8,13-18] is that these algo-
rithms rely on the full channel state information (CSI) assumption, meaning that
the BS has the knowledge of all antenna channel coefficients. This assumption is not
practical for massive MIMO systems. This is due to the fact that this assumption
requires a dedicated RF chain per antenna element, which is not possible when the
number of RF chains is limited. One may suggest to tackle this issue by switching
available RF chains among all available antennas for training purposes and channel
estimation. Note however that adding switches increases the hardware complexity
and at the same time switching RF chains exacerbates the problem of outdated CSI.
In [28] and [19], the authors propose an efficient switching algorithm for transceivers
equipped with a massive number of antennas. However, the proposed algorithms
still suffer from the fact that switching RF chains exacerbates the problem of out-

dated CSI. In [19], the authors use the channel capacity as the optimality criterion
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and design a switching network where each RF chain can be connected to a prede-
fined subset of antennas to reduce the complexity of switching. Although such an
algorithm can reduce the required switching RF chains for full CSI acquisition pro-
cedures at each symbol time, it provides a suboptimal antenna selection algorithm
due to the limited connectivity and access to the individual antennas.

Given the above discussion, it is required to design a low-complexity antenna
selection policy which only relies on partial CSI to avoid the need for using switching

RF chains for full CSI acquisition.

2.2 Antenna Selection Relying on Partial CSI

As we explained in the previous section, obtaining full CSI is not practical for mas-
sive MIMO systems with a limited RF chains at the BS. More specifically, to obtain
full CSI, switching RF chains is required which in turns adding switches compli-
cate the circuit, and also results in outdate CSI . To tackle this issue, the authors
in [29], proposed a Thompson sampling technique that only relies on partial CSI
to solve the antenna selection problem for massive MIMO system. However, the
authors show that this technique can achieve high data rates for static scenarios
(with zero-velocity users), but in the dynamic scenarios, this technique performs
only slightly better than the random selection scheme. In [30], considering time-
varying channels such that the dynamic of channels evolve according to a positively
correlated Gilbert-Elliot model, and only partial CSI is available, the authors for-
mulated the antenna selection problem as a partially observable Markov decision
process (POMDP) framework. In [30], the authors defined the problem of select-
ing only an antenna among available antennas at a receiver as POMDP and show
the optimality of myopic policy algorithm with the goal of minimizing the packet
error rate (PER). In [31], we utilize the POMDP frame work to design an antenna
selection algorithm for massive MISO system when only partial CSI is availbel and

channel evolves according to the same positively correlated two-state Markov chan-
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nel model. In our proposed algorithm, the optimal policy can be obtained for any
arbitrary number of antennas and RF chains.

Since POMDP is a powerful framework to design a decision making policy under
uncertainly, researchers applied this framework for different applications in commu-
nication systems. In the following section, we review some studies that focus on

solving the resource allocation problems by using a POMDP framework.

2.3 POMDP-based Resource Allocation Methods

By modeling the dynamics of fading channels as either continuous Gauss-Markov
models [32,33], or finite-state Markov chains [34, 35], some existing studies formu-
late their corresponding control decision policy as an MDP [36] or as a POMDP
[30,37-41], when the feedback to the transmitter provides full CSI or partial CSI.
The authors of [36] provide the design of the optimal opportunistic feedback de-
cision policy for transmit beamforming in the frequency division duplexing (FDD)
mode and validate that the underlying feedback control problem for transmit beam-
forming with throughput maximization over Gauss-Markov channels is an MDP
problem. In [30,37-41], the authors formulate the problem of selecting a subset of
available channels or antennas using a POMDP framework, when the state evolves
as a Markov process and when limited feedback on CSI is available.

For cognitive radio systems, the authors of [37] used the POMDP framework to
address the problem of dynamic spectrum sensing and spectrum allocation to a sec-
ondary user. Assuming that each of the available channels follows the same two-state
Markov process, the authors devise POMDP-based spectrum sensing and spectrum
access policies for the user to decide which channel to sense and which channel to
access. Using a simplified unit reward for a successful access, the authors establish

the optimality of the myopic sensing policy for the case of two available channels,
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which follow positively correlated' two-state Gilbert-Elliot channel model. Under
this very same model, the studies in [38] and [39] present the proof of optimality of
the myopic policy for sensing and selecting one out of an arbitrary number of avail-
able channels. In [38], a unit reward is assumed upon successful access and in [39)],
the reward is the number of bits delivered to a secondary user over the selected
channel.

Using a POMDP framework for antenna selection has been considered in [30,40].
In [30], focusing on a single-user data downlink transmission, the authors formulate
the antenna selection problem at a multi-antenna receiver with a single RF chain
as a POMDP problem with the goal of minimizing the packet error rate (PER).
Considering perfect CSI for the selected antenna and assuming positively correlated
Gilbert-Elliot channel model, the authors consider the simplified unit reward, when
the packet is correctly received, otherwise the reward is zero. The authors show that
under such a reward function model, the myopic policy is the optimal solution for
the considered antenna selection problem. The authors of [40] prove the optimality
of the myopic policy for an extended case where a user is allowed to access a subset of
available i.i.d. two-state channels. In [40], one unit of reward is collected when each
selected channel is indeed in good state. Under a slightly different structure for the
reward function, the optimality of the myopic policy may no longer hold [42]. Thus,
the structure of the expected long-term reward function plays an important role in
the optimality of the myopic policy. The authors of [41] derive sufficient conditions
for the expected long-term reward function that guarantee the optimality of the
myopic policy for the general POMDP framework. These conditions state that if
the expected long-term reward function is a regular function, and for positively
correlated two-state channel models, the myopic policy is optimal.

Note that, aside from the difference in the applications, our study in this disser-

LA two-state Gilbert-Elliot channel model is called positively correlated if the probability of
channel changing from bad state to good state is less than that of staying in the good state.

20



taion (see [30]) differs from [30,37-39] is that these studies, study the problem of
selecting one spectral channel for the positively correlated two-state channel, unlike
the previous works in [30,37-39], that only provided the optimality of myopic policy
for selecting one channel/antenna out of an arbitrary number of channels/antennas,
we show that in our antenna selection problem, for any different numbers of available
antennas and RF chains, the defined expected long-term reward satisfies the condi-
tions of the optimality of myopic policy. Although [40] has studied the optimality
of myopic policy of selecting a subset of available channels, the defined reward is
a simple collecting one unit of reward for selecting good state channels, while our
defined collected reward is the actual data rate.

In the following section, we review the studies that consider a more complicated
scenario, such that the number of available users that demand data at the same
time, is larger than the number of active antennas (number of available RF chains).
In this case, to increase the sum-rate, both antenna and user scheduling techniques

are required to be applied.

2.4 Joint Antenna and User Scheduling Methods

In multi-user MIMO systems, when a large number of users is available to receive
data, user scheduling is required to provide and maintain a high quality of service
[43,44]. In user scheduling technique, available users can be grouped in finite number
of clusters to be served at different frequencies [43-45] or different time slots [46-
48]. Note that the mentioned user scheduling algorithms in [43-48| dealt with only
user scheduling problem under the assumption that all available antennas at BS
participates in data transmission. However, as we explained before, due to cost and
computational complexity, antenna selection technique is required in massive MIMO
systems. In this dissertation, we aim to design a policy to solve the JASUS problem

in multi-user massive MIMO systems. Due to the high computational complexity of
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solving the JASUS problem, there are only limited number of studies [20-24] that
proposed only joint antenna and user selection (JAUS) algorithms. In the following
sequel, we explain the critical issues of the proposed JAUS algorithms in [20-24],
and explain why it can not be applied to our defined JASUS problem. In [20],
the authors proposed to first select the semi-orthogonal users to receive data, and
then use an iterative algorithm that starts with all available antennas and ends
with the best subset of antennas with the same size of the number of RF chains by
deactivating an antenna at each iteration. Note that the main goal of the JAUS
problem in [20], is to maximize the sum-rate. In [21], the authors proposed another
iterative search algorithm to solve JAUS problem with the goal of maximizing the
sum-rate per unit energy consumption. According to the purposed algorithm in [21],
at the first, users with high channel gain are selected, and then an iterative search
algorithm are designed to deactivate an antenna at each iteration until the number of
selected antennas is same as the number of RF chains. Note that, the computational
complexity of the proposed algorithms in [20,21], limits their application to small
number of users and RF chains. To address this issue, considering a single-cell
scenarios, the authors in [22], proposed low-complexity JAUS algorithms. However,
the proposed algorithms achieve low data rate. In [23], the authors extend the
system model to a multi-cell scenario and utilized an Adaptive Markov Chain Monte
Carlo method to devise a low-complexity algorithm for JAUS problem with the
main goal of sum-rate maximization. However, the authors in [24], pointed a few
critical issues in [20-23], which are the assumption of static channel model and
ignoring fair user scheduling in their proposed JAUS algorithms. To resolve these
issues, with considering time-varying fading channels, the authors in [24], devised a
suboptimal greedy JAUS algorithm with the goal of maximizing the sum-rate, while
it guarantees a minimum average data rate for all available users in a cell. However,
in the proposed algorithm in [24], same as other mentioned JAUS algorithm in

[20-23], the authors assume that the full CSI is available. Such an assumption is
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not practical due to the limited number of available RF chains at the BS.
Motivated by the above explanations, in Chapter 6, considering a time division
duplexing (TDD) mode, we study JASUS problem for a multi-user massive MIMO
system, in which a BS is equipped with massive number of antennas and limited
number of RF chains to serve large number of single-antenna users in a cell. We
assume that users receive data in a time frame, where each frame contains finite
number of time slots. Furthermore, we assume that the channels evolve according
to a Markov chain at the beginning of each frame and remains unchanged during
the entire frame. Since at each time slot, only partial CSI is available (due to the
limited number of RF chains), we formulate the joint antenna and user scheduling
problem as a POMDP framework with the main goal of maximizing the expected

long-term sum-rate.
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Chapter 3

Partially Observable Markov
Decision Process

Partially observable Markov decision processes (POMDPs) is a generalization of a
Markov decision processes (MDPs) when only partial information about the current
state is available. One of the common applications of POMDPs were in the control
theory [30,37-41] with the main purpose of modeling the stochastic dynamic of
a system as a POMDP to design an optimal decision making policy. Later on,
POMDP became a powerful framework as a learning tool under the uncertainty,
in the artificial intelligence area [49-52]. POMDP is known as a powerful tool
in decision theory because of its well-defined problem formulation. Note that the
computational complexity of finding an optimal policy for a POMDP-based problem
exponentially increases with the number of state and action space [53,54].

In this chapter, we first describe the POMDP model, and then we illustrate
the value iteration algorithm which obtain the optimal solution of the POMDP

problems.

3.1 POMDP Model

We represent a POMDP framework by the following tuple

(S, A, T, R(s,a),0,0(0,a),b) (3.1)
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where S is the state space, A is the action space; T is the state transition probability
matrix, R(s,a) is the reward at state s when action a is taken, O is the observation
space, O(o,a) is the matrix of conditional probability of observing o at different
states, given action a is taken, and b is the belief vector. In the sequel, we elaborate

more on these components.
State space

An environment can be modeled by state space &, which contains the possible states.
Although, the number of states can be infinite (states can be continuous), here we
focus on finite state space for the sake of simplicity. We can write the state space

as
Sé{sl,sz,...,sw}, (3.2)

where s;, is the i-th state in the state space for ¢ = 1,2,...,|S|. Here,we use s; to

denote the random state at time ¢, where s, can take any state in the state space.
Action space

Possible actions that an agent can take in an environment are stored in the actio
set denoted as A. Here, our action space A contains finite number of actions that
the agent can make based on received partial information about the current state.
Roughly speaking, the main goal here is to define a policy that can select the best
action in set A, according to the partial observation of the current state to achieve

the desired results. We can write the action space as

A:{al,aQ,...,a‘A‘}, (33)

where, a; is the i-th action in the action space for i = 1,2,...,|A|. We use a; to

denote the random action at time ¢, where it can take any action in the action space.
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Transition matrix

Since POMDP model an environment, with finite number of states, the transition
matrix denoted as T, represents the state evolution. Meaning that the state transi-
tion can be mathematically described by the transition matrix. Note that, making
an action can affect the state transition, and thus action effects should be cap-
tured in the transition matrix. However, in this dissertation, the state evolution
is independent of the action (i.e., channel variation is independent of the selected
antennas). Thus, we can write the transition probability matrix as an |S| x |S]|
matrix whose (4, j) element, denoted as T;; , is the probability of the state at time

t being s;, given that the state at time ¢ — 1 is s; and action a is taken.
Reward function

The reward function denoted as R(s,a) indicates the earned reward utility when
action a, = a is performed in the state s; = s. Defining a proper reward function
can results in accurate environment modeling, and thus devising an efficient decision

making policy.
Observation space

The partial observation (or a noisy observation) can be obtained from current state
after executing an action in set A. The observation space denoted as O contains all

possible observations. We can write the observation space as
O ={01,0:,...,000}, (3.4)

where 0; is the i-th possible observation in the observation space for i = 1,2, ..., |O].
We use o, to denote the random observation at time ¢. Note that, in this dissertation,

considering a finite state space, the observation space is finite as well.
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Observation probability

The conditional observation probability matrix O(o,a), is an |S| x |S| diagonal

S|
matrix and is defined as O(o0,a) = diag <Pr{ot =ols; = s;,a; = a} >, whose i-th

=1

diagonal element is the probability of observing o € O at time ¢, given state s; and

action a at time t.
Belief vector

The belief vector at time ¢ is defined as b; = [by; by - bisi.)?, where b;, is the
probability of the state s, at time ¢ being s; € S, given all the action and observation
history until time ¢. If we use H;_; to represent the action and observation history

until time ¢ — 1, we can write
bj+ = Pr{s; =s;|H;_1}. (3.5)
Here, H;_; represents the action and observation history until time ¢ — 1, where
Hir = {0 1,81, Hi o} (3.6)

We also define the belief space as B £ {b ceRE:1Tb =1,b = 0}. As shown in

Appendix A (also, in [31]), using Bayes’ rule, we can obtain b, from b,_; as

bt - g(ot—17at—17bt—1>7 (37)

where we define g(o,a,b) £ %, and g(o,a,b) £ 170(0,a)Th, for o € O and
a c A. It is well-known that b; is a sufficient statistic to make decision at time
t [55]. Note that instead of given realization observation o;_1, if we consider the

observation vector o, which is a random vector, the believe vector in (3.7) also

becomes a random vector, denoted by b,, which is given by
b, = g(o; 1 ,a;1,b;1). (3.8)

Correspondingly, the j-th entry of b is defined as b;; = Pr(s; = s;|/H;_1), where

H;_; is the collection of all observations and actions as random vectors until time
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t — 1 and is defined as H,_; = {0,_1,a,_1,H,_»}. Note that H,_; in (3.6) is a

realization of H;_; after observing o;_;.

3.2 Policy and Objective Function

Policy T = {mo(-), m1(+), -+ } is a sequence of decision rules m;(-), which at time ¢,
maps the belief vector by to the action a;, that is a; = m;(b;). The policy is stationary
if it consists of a single decision rule used for all time slots. In an infinite horizon
POMDP problem, the optimal policy is stationary [55], i.e., Il = {m(-),n(:),---}.
With the initial belief vector by, the objective function denoted as J(bg) for an

infinite horizon POMDP frame work is defined as

)

= Epao iR(st,ﬂbt))]bo}, (3.9)

Je(bo) = By { 3 Risi )
t=0

where Fy,3{-} is the expectation taken with respect to the joint probability distri-
bution of {s;};£5, given the initial distribution by. Note that as a, = m(b;), the
objective function J;(by) is parameterized by the stationary policy 7(+), and hence,
we use subscript 7 to signify J(bg). It is worth mentioning that the random vec-
tors by, and a, = 7(b) are functions of random observation vectors {0y }!,_}) and the
initial belief vector by. Given the POMDP model and the dynamic of the POMDP

problem, the main goal is to find the optimal policy as
7" = argmax J;(by), for any by. (3.10)

Since a; is a function of by, which is in turn a function of 0;_;, there is a one-to-one

correspondence between H; and {oy}!,_,. Hence, we can write

)
)
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+oo
= > B { B AR (st 2) i1}
t=0

bo}
+o0 |S|

— Z E%H{ ZR(sj,at)Pr(st = Sj|Ht—1)‘b0}

- ZEﬂt 1{§:R (s;,a,)bjs bo}
bo}, (3.11)

- E{Ht}{ Z r’ (a,)b,
t=0

where {H,} is the entire history and r(a) = [R(s1,a) R(s2,a) -+ R(sgu,a)|’ is

the reward vector of all channel states under action a.

3.3 Optimal Policy via Dynamic Programming

Since a POMDP is a continuous belief state MDP, we can straightforwardly write
the dynamic programming equation [55] for the infinite horizon continuous-state
MDP with dynamics in (3.7) and the objective function in (3.11). The optimal
policy 7*(+) for the infinite horizon MDP can be obtained by the K-horizon dynamic
programming recursion when K — oo. To present this algorithm, we define the value
function V(b) as V(b) £ maxaear’(a)b+ >, V(g(0.a,b))g(0,a,b). Then, the
following theorem presents Bellman’s equations that must be satisfied by the optimal
policy.

Theorem 1. (Bellman’s equation for an infinite horizon POMDP [55]): Consider
an infinite horizon POMDP with the belief state b € B. The optimal policy 7*(-)

satisfies Bellman’s dynamic progmmmmg equation as it follows:

Q(b,a) £r’(a)b+ > V(g(o,a b))g(o,a,b)
ocO
7 (b) = arg max Q(b,a), (3.12)

V(b) = max Qb ). Jo-(by) = V (by).
The proof of Theorem 1 is provided in [55]. The value iteration algorithm ex-

plained in the next subsection provides the solution to Bellman’s equation (3.12)
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by generating a sequence of functions that converges over B to a unique solution

regardless of the initial belief.

3.3.1 Value Iteration Algorithm

The value iteration algorithm yields the solution to the Bellman equation regardless
of initialization. Let n denote the iteration number and n = 1,2,..., K. The value
iteration is a successive approximation algorithm to compute value function V' (b) of
the Bellman’s equation [55]. Presented in Algorithm 1, the value iteration yields the
optimal policy 7*(b) and optimal expected reward V(b) of the POMDP problem

by performing an exhaustive search over all possible actions.

Algorithm 1 The forward value iteration

1: Set n = 0 and initialize V5(b) = 0.
2: Set n =n + 1 and compute V,,(b) and 7 (b) as

Qn(b,a) =r(a)’b + Z Vn-1(g(o,a,b))g(0,a,b) (3.13)
(1@
Va(b) = max @ (b, a)

m,(b) = argmax @, (b, a)

3: Stop if n = K | otherwise go to Step 2.

Finally, the policy 7 (-) is used at each time slot ¢ for antenna selection decision
in the a real time controller. Since the policy is stationary, only the policy 75 (-) for
very large K needs to be stored for real-time implementations. Several tools exist
to solve POMDPs [56, 57]; however, high complexity (SPACE hard) of the optimal

solution algorithm restricts its use only to problems with a small number of states.
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Chapter 4

POMDP-based Antenna Selection
Algorithm in Point-to-Point
System

4.1 System Model

We consider a point-to-point downlink transmission link in a massive MIMO system
where a BS, equipped with M antennas and N transmit RF chains, transmits data
to a single-antenna user. It is assumed that M > 1 and N < M. The system
is slotted and each time slot indexed by ¢, for ¢ = 0,1,.... We assume that the
channel between the BS and the user is time-varying and changes over time slots.
Since the number of the transmit RF chains is limited, at each time slot, the BS
needs to select N out of M antennas for transmission. We assume that the massive
MIMO system operates in the TDD mode, and therefore, the CSI acquisition for
downlink transmission is performed using the uplink channel measurements. With
the selected N RF chains, only the CSI of the corresponding N selected antennas at
the current time slot can be measured. We aim to maximize the expected long-term
transmission rate by selecting N antennas in each time slot. We assume the channel
vector evolves over time as a finite-state Markov process. Since we can only observe
N out of M channel coefficients at each time slot, we use a POMDP framework to

design our antenna selection policy.
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4.2 POMDP Formulation

In this section, we formulate our antenna selection problem using the POMDP
framework. To do so, we first define the POMDP components of our dynamic
antenna selection problem.

POMDP Components: As we represent a POMDP framework by the tuple
(S, A, T, R(s,a),0,0(o,a),b), in Chapter. 3, we elaborate on these components in

our antenna selection problem.
State space

The state space, denoted by S, is the set of a finite number of states labeled as
s;j, each of which takes one of the possible channel vectors denoted by flj, where!
s; = flj £ [ﬁlj ﬁgj BM]-}T, is one of the possible M x 1 complex vectors
of the channel coefficients between the M available antennas at the BS and the
user’s antenna. We assume that each channel coefficient takes one of the () possible
values, i.e., ilij € {ay, a9, - ,aq}, where a; € C, for i = 1,2,...Q. The state
space has Q™ states and is given by S £ {fll, ho, ... ,lem}. The channel state h;
at time ¢ takes one of the Q™ elements in S. To ease the notation, we use h, and s,

interchangeably to indicate the channel state. As will be explained later and shown

in Fig. 4.1, the state is assumed to evolve at the beginning of each time slot.
Action space

The action in our system model is the decision of selecting N out of M antennas.
Hence, there are L = (%) possible actions and the action space is given by A =
{5.1,5.2, oo ,éL}, where a; = [all apg - CLlM]T, ai; € {O, 1}7 with Z]Nil i =
N. The antenna selection decision, denoted by a;, is made at the beginning of time

slot t.

!Throughout this chapter, to ease the notation, we use s; and flj interchangeably.
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Transition probability

As we described in section. 3.1, the transition probability matrix here is a Q™ x
QM matrix, and we can write Tj; = Pr(s, = sjls; 1 =s;), fori = 1,...,QM j =

2

1 ,QM . Tt is herein assumed that the transition probability matrix T is known?.

PR

Observation space

In our system model, the observation vector at time ¢, denoted as o; is the M x 1
vector, where M — N elements of it are equal to zero, and the other N elements
of it are the channel coefficients of the selected antennas at the BS and the user’s

antenna that is measured via uplink training. The observation space is given as
Oé{ol,og,...,oL/} (41)

where L' = QV x (M]\f N), and o; is one of the L' possible values of the M x 1

channel observations. At time ¢, given the antenna selection vector a;, we can write

o, £ diag(a,)s;. (4.2)
The observation vector o, is available at the end of time slot ¢, as shown in Fig. 4.1.
Observation probability

As the description is provided in section. 3.1, here the conditional observation prob-

ability matrix O(o,a) is a Q™ x Q™ diagonal matrix and is defined as O(o0,a) =
Q‘M
diag(Pr{ot =ols; = s;,a; = a} )

i=1
Reward
The BS uses transmit beamforming® for downlink data transmission. We use the

achieved data rate by the antenna selection a;, = a at state s; = s as the immediate

2We use an offline method to obtain the transition probabilities for slow fading channel models,
when the channels are quantized into two states, in the Section on Simulation and Performance
Analysis.

3Based on our defined MISO system model, where the receiver is a single-antenna user, we are
using the maximum ratio transmission (MRT) downlink beamforming. Note that for the single
user scenario, MRT is the optimal downlink beamformer [58].

33



reward R(s,a) in time slot ¢. Since the system operates in TDD and the channel
state is assumed unchanged in a time slot and the uplink and downlink channels
are identical. Thus, the immediate reward for this MISO link is given by R(s,a) =
log, (1 + P||dia+§‘)s“2> = log, (1 + %) , where P is the transmit power at the BS

power and o? is the noise power.
Belief vector

The belief explanation is provided in section. 3.1. The belief vector at time ¢ is

defined as by = [by; boy -+ bys]”, where bj, is
bjt = Pr{s; = sj|Hi_1}, (4.3)
where H,;_; represents the action and observation history until time, where
Hi1 = {04-1,8,-1, Hi o} (4.4)

The dynamic of a real-time POMDP controller is explained in the sequel. In
this procedure, m,(-) is the decision policy at time ¢ that maps the belief vector
b, to action a;, that is a;, = m(b;). Given channel state s;, the BS uses all the
information available until time ¢ — 1 to obtain (update) the belief vector by, and
then, makes the antenna selection decision; the resulting transmission accrues as
an instantaneous reward R(s;,a;). Fig. 4.1 shows the time-line of the POMDP
model in our dynamic antenna selection problem. We assume that the state s; is
updated at the beginning of each time slot ¢ (i.e., when the downlink transmission is
performed) and remains unchanged during the uplink transmission. The system is
initialized with the belief vector by. Based on that initial belief, the initial antenna
selection ap is made. Downlink transmission is then performed. At the end of
the uplink transmission, we receive the observation oy = diag(ag)sp, which is the
N x 1 vector of channel state information corresponding to those selected antennas.
The reward is given by R(sgp,a0). The belief vector b; is updated as in (3.8). The

process described above repeats for the next time slot. Given the observation o;_1,
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Figure 4.1: An illustration of the antenna selection problem using the POMDP
model.

our goal is to design the antenna selection policy such that the expected long-term
reward £ { S R(st, at)}, is maximized. Here, the mathematical expectation F{-}
is taken with respect to random channel states {s;},;.5. Note that a; depends on

{si}i-, and hence is random.

4.2.1 Policy and Objective Function

According to Section. 3.2, here the policy is stationary such that at time ¢, the policy
7w maps the belief vector b, to the action a;, that is a;, = w(b;). With the initial
belief vector by, the objective function denoted as J.(bg) for an infinite horizon

POMDP frame work is defined as

Jx(bo) = E{st}{ i R(s;, a;) bo} - E{st}{ i R(s:, w(bt))‘bo}, (4.5)

where Fy,3{-} is the expectation taken with respect to the joint probability distri-
bution of {s;},.%, given the initial distribution by. and the main goal is to find the

optimal policy as
7" = argmax J;(by), for any by. (4.6)

According to (3.11), we can write

+oo
Je(bo) = Epzeg { D x (a)bybo }, (4.7)
=0
where {H,} is the entire history and r(a) = [R(s1,a) R(ss,a) - R(sgu,a)]’ is

the reward vector of all channel states under action a.
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4.2.2 Optimal Policy via Dynamic Programming

As we explained in Section. 3.3, since a POMDP is a continuous belief state MDP, we
can straightforwardly write the dynamic programming equation [55] for the infinite
horizon continuous-state MDP . Thus, we can use Bellman’s equation to obtain the
optimal policy 7*(-). To do so, based on our system model, @, (b, a) in (3.13) can

be rewritten as

n P||diag(2a)
o

byl +Y Vioi(glo,a,b))g(0, A, b). (4.8)

oM
Qu(b,a) =) log,(1
Jj=1 0€0
Given (4.8), we can run the value iteration algorithm presented in Algorithm. 1.
So far, we formulated the antenna selection problem as a POMDP problem
which can be solved via dynamic programming. Several tools exist for solving
POMDPs [56,57]; however, high complexity (SPACE hard) of the optimal solution
algorithm restricts its use only to problems with a small number of states. Since
the state dimension in our model is Q™ the optimal solution becomes computa-
tionally intractable to obtain as the number of antennas M increases. For massive
MIMO systems, we seek a low-complexity suboptimal solution for the selection de-
cision. Muyopic policy, a greedy solution which maximizes the expected immediate
reward? ), is a suboptimal solution that is often used to tackle POMDP problems.

In the next section, we rigorously prove that under certain conditions, myopic policy

provides the optimal solution to our POMDP-based antenna selection problem.

4.3 Two-State Channels: The Optimality of My-
opic Policy

In this section, we consider () = 2, i.e., each channel coefficient h;; (i.e., the i-th

element in h;) has two possible values denoted as « and 3, where |« > |3|. That

“Note that r”(a;)b; = r”(a;)b; is the expected immediate reward function at time ¢, given

Hi1=Hi1.
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Figure 4.2: A two-state Markov chain model of the channel between each BS antenna
and the user device’s antenna.

is, we can write®
hij € {a, 8}, forj=1,2...2%Yandi=1,2,..., M. (4.9)

Each channel h; ; is modeled as a Gilbert-Elliott channel which evolves as a two-state
Markov chain with bad (0) and good (1) states over time slots, as shown in Fig. 4.2.

The transition probability matrix P for for each h;; is given by

P10 P11

where p;; is the probability of channel changing from state 7 to state j, where
i,j € {0,1}. Here, pg; is the probability of each channel coefficient changing from
the bad channel state to the good channel state and pyq is the probability of each
channel coefficient changing from good to bad. Also, pgg = 1 — po1 and p1; = 1 —p1g
is the probability of each channel coefficient, remaining in the bad channel state and
good channel state in the next time slot, respectively. We assume that the channel

state is positively correlated, i.e, p11 > po1.
For j =1,2,...2M and i = 1,2,..., M, let us define
D S A (4.11)
0 if hij = 5

2IW

Without loss of generality, we redefine state space as C = {c;}7_;, where c; =

[c1j caj -+ cny]” is the j-th member of C. Consequently, for s;, we establish an

5We will soon see that only the amplitudes of a and 3 are involved in the decision making and
the reward and their phases do not have any bearing on the proposed scheme.
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equivalent state at time t denoted by ¢, £ [c1+ Cor - CM,t]T € C, where ¢;; is
the random variable state of the channel between the the i-th BS antenna and the
user device antenna. Note that the state s; of the channel vector can be uniquely
determined from c; and vice versa.

The two-state channel model for each h;; allows us to simplify the belief formu-
lation, as explained in the sequel. First, we define the conditional probability of
the channel between the i-th BS antenna and the user at time slot ¢ being in the
good state, given the history of all past actions and observations up to time slot
t—1as wy; = Pr(ciy = 1|H; ), for i = 1,2,..., M. We also define an equivalent
belief vector at time ¢ as w, = wie war .. wM,t]T. Given the antenna selection

vector a; and the current channel state c;, the i-th entry of the belief vector w;, is

updated as
P11 if a;s =1, ¢y =1;
Wit+1 = § Po1 if Qi = 1, Cip = 0’ , for 1 = 17 . ’M'
wigpnn + (1 —wig)por if azp = 0.
(4.12)
We can express the j-th entry of the belief vector at time t as
bj,t = PI‘(St = Sj|Ht_1) = PI‘(Ct = Cj|Ht_1). (413)

Since the channels across different antennas are assumed to be statistically indepen-

dent, we can write

M
PI‘(Ct = Cj|Ht_1) =S HPT(Ci,t = Cij|Ht—1) = fA(CL)Lt, Cij), (414)

i=1

=

where we define f(w,¢) = w*(1—w)'~, and we use the fact that Pr(c;; = 1|H;_;) =
wir and Pr(c;y = O|H;—1) = 1 — w;;. Based on (4.13) and (4.14), the expected
immediate reward function at time ¢, i.e., r” (a;)b;, can be written as

S|
D, A
R(at,wt) = I' at bt E R S],at ]t
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IC|
= R(sj,a)Pr(c; = ¢j|H,1)

j=1
= Zlogz <1 + Pl ]t” ) Hf Wity Cij ), (4.15)

where o, is the observation vector at time ¢, if s; = s; and can be written, using

(4.2), as
0, = diag(ay)s;. (4.16)

Here, each entry of o, belongs to the set {c, 3}. Note that, if k entries of o;, are
equal to a and the remaining N — k of non-zero entries of 0, are equal to 3, then

the corresponding data data rate, denoted as Ry, is equal to

P(kla? + (N — k)|5])

Ry, = log,(1 + = ). (4.17)
Given action ay, the state space C can be partitioned as
N
C={JCla), (4.18)
where Cy(a;) = {c = [c; o -+ cu]? € C| [|diag(ay)c|® = k}. Using (4.18), we

can rewrite (4.15) as

Rk H flwiz, ;) H flwit, ), (4.19)
€I(a

€Z(a

where Z(a;) is the index set of the selected antennas while Z1(a;) is the complement
set of Z(a;) and contains the indices of the remaining unselected antennas. Note
that, |Z(a;)] = N and |Zt(a;)] = M — N. Any c € Ci(a;) can be split into two

sub-vectors ¢’ = [¢i]icz(a,) and ¢” = [¢i]icr1 (a;), Where the entries of ¢ can be either
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0 or 1, that is ¢” € {0,1}M~N while ¢’ € C, £ {c’ : 15c’ = k}. Therefore, (4.19)

can be rewritten as

at7 wt Rk) f Wi t? z f(wi,t7 Cg)
YARY Y I
k=0

c EC c”e{0,1}M-N icZ(a;) i€Zt(as)

YA [ it (S 1 )

k=0 cec; i€l(ar) c”e{0,1}M=N jeT1(a;)

~~
=1

=> Ry I flwwd). (4.20)

k=0 wecl i€Z(a)

where the expression above the bracket is equal to 1 because it is the sum of the
probabilities of all possible values of ¢” may take. It can be seen from (4.20) that

R(a;,w;) depends only on [witlicz(a,)- Let us define

ZRk > Hf i, ¢}) (4.21)

ch’ k=1

Then for x = [wit]icz(a,), We can write (4.20) as f([wit)icz(a,)) 2 R(a,w;). We
now rigorously prove that for positively correlated two-state channels, the myopic
policy, which maximizes the expected immediate reward (i.e., expected immediate
achievable rate) is optimal for the antenna selection problem (4.6), meaning that
this policy maximizes the expected long-term reward. To this end, we need to first
prove that for positively correlated states i.e., when py; < p11, f(X) in (4.21) is

regular, as required by the following theorem [41].

Theorem 2. (Optimality of myopic policy [41]): When po1 < p11, if f(X) is regular,

then the myopic policy mazximizes the long-term expected reward.
The definition of a regular function is given as follows.

Definition 1. For x = [, x5 -+ xn]T, function f(x) is called reqular with respect

to x, if it satisfies the following three conditions:
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C1: f(x) is symmetric, i.e., if, for any j,[, f(x) satisfies
Fay 2y o a e an]D) = flwy - 2 oy e an]D). (4.22)
C2: f(x) is decomposable, i.e., if, for j = 1,..., N, f(x) satisfies

f([l'l e Xy JJN]T):.ij([xl R T Z'N]T)+(1_$j)f([xl R ZL‘N]T).
(4.23)

C3: f(x) is monotonically increasing in each entry of x, i.e., if, for any j, x; > 27,

f(x) satisfies
floy -y an]®) > flloy oo - au]”). (4.24)

We now prove that f(z) in (4.21) is regular.
Lemma 1. The function f(x) in (4.21) is a reqular function.

Proof. We proof f(x) satisfies C1, C2, and C3 in Definition 1. To prove that f(x)

satisfies C1, we can write

fllwy - xyoom-- an]") = ([ N N
N . N
:ZRk Z flxj,c ) xl,cl H T, ;)
k=0 1Tc’:k z:l
N A~
ZRk Z fxl, ) m],cl Hf (z,¢)) =
1Tc’ k i=1
izl
N N A A )
S S (17w ) (Gl )i d) = flan i), (@429
k=0 1T /= i=1
N i#j,l
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where

( N
(aijl — :lej) Hf(:z:l,c;) =0, if =1, ¢ =1,
i
N
(:cj(l—xl)—xl(l ))Hf(xz, ), if =1, ¢ =0,
(=21 — ) — (1 —x)(1 — z) H flxg,c) =0, ifc; =0, ¢=0,
z;l
N A~
(1= 2z — (1= a)ay) [T f (i ), if ¢ =0, ¢ = 1.
\ flij l’;ﬁ:j%l
(4.26)
Using the fact that if 13[c¢] --- ¢ --- ¢ --- ¢y]" = k, then we can write
1yl - & - cg -+ y]T = k in the second and forth cases in (4.26), we can
write Z I[(c') = 0. Thus, (4.25) is equal to zero, and thus, f(x) is a symmetric
ch’ k

function.

To show that f(x) is decomposable as in C2, we rewrite (4.21) as

Z > Ruc'ul(Hf (i, ¢ ) flag, c)), (4.27)
1¢J

k=0 1T =k
—_——
éQ(X*jchj)

, .
—Jj

defined. Also, since ||c'||; = 15,¢/ = k, then Ry, is equivalent to Ry in (4.20). We

where ¢’_; is the same as ¢’ with the j-th entry, ¢

’, removed and x_; is similarly

can further rewrite (4.27) as

= i D R Qxjc )1 —a) + > Y Rye,Qxj, ¢z (4.28)

k=0 1T c¢'=k k=117 c'=k
;=0 ;=1
Since [|c'||; = [[¢”,;[[1 + ¢}, we can rewrite (4.28) as

N-1 N-1
=3 D R nQx )1 —xz)+ Y Y Rige 1, Q(x ¢l )
k=0 17T ¢'=f

k=0 1T c'=k+1

/ — =1
c; 0 c;
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Zlegjth(X—j»C'—j))%‘

/
c .=
L=k

i\

/
( Y Rije ,Q(x-j,c ;) —
T C _

1y ¢’ =k 1y

r

_l’_
™

Y R Q¢ ))

1N_1ch:k

( ZQX—J’ ) (R — Byjer H1)> i+

1T

F

b
Il
o

1C =k

Z RHC' ||1 X—Ja ) nj T+ 037 (4.29)

k=0 1T | c =k

where 7; = Z Z (x—j, €_j)(Rigyer 1y — Rjer,y) and also we write 6;

kOlT’:

Z Z RHc’ ||1 X,j, ) Note that n; > 0 as R1+||c’ |, > R”c/ A holds true.
k=0 1 7,._k
We can now write

f(x) =z;(n; +0;)+ (1 —x;)0;

=if(ler - w1 an]) + (=2 f([er - 210 0 -0 ay).
(4.30)

Hence, f(x) is a decomposable function according to C2. We now show that f(x)

is monotone as in C3. To show (4.24), based on (4.29), we can write
f(x)— f(x') =n;(z; — x;) >0 (4.31)

where we use the fact that n; > 0 as, by (4.17), Ry, > Rjej, holds true.
Thus, f(x) is monotone and the proof is complete. Based on the above discussions,

f(z) satisfies C1, C2, and C3 in Definition 1 and thus is a regular function. |

Based on Lemma 1 and Theorem 2, we can now show easily that the myopic
policy, which is equivalent to selecting those N antennas that have the highest

probability of being in good state, is optimal.

Theorem 3. Assume the two-state positively correlated channel model considered in

(4.9). For the antenna selection problem in (4.6) to choose N out of M antennas, for
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any N < M, the myopic policy is optimal. Specifically, the myopic policy amounts
to selecting those N antennas which correspond to the N largest entries in the belief

vector by at current time slot t.

Proof. Lemma 1 holds for any N < M. Thus, by Theorem 2, it is straightforward to
conclude that, for any N < M, the myopic policy is optimal. To see that the myopic
policy corresponding to the N largest entries of b;, we rely on C3: According to
this condition, given x_;, function f(x) is monotonically increasing in x;. Hence,
it immediately follows from (4.20) that selecting the N largest elements in x (i.e.
the N largest w;;’s) maximizes the expected immediate reward f(x). The proof is

complete. |

Note that intuitively, the myopic policy is to select those N antennas that have
the highest probabilities (based on the current knowledge) of being in a good state
in the next time slot. It is worth mentioning that the authors of [30,37-39] prove
the optimality of myopic policy for the case when only one (N = 1) resource is to
be selected out of the total available resources. Here, we proved that the myopic
policy is optimal for our antenna selection problem for any 1 < N < M. Also
our results differs from [40], which focuses on the channel selection in multi-channel
opportunistic spectrum access for N > 1. The difference lies in the fact that [40]
assumes one unit of reward for selecting a good-state channel regardless of the
quality of the selected channel. In our approach, however, by using the data rate
at each time slot, we take into account that reward depends on the quality of the
selected channels. For this very same reason, the proof of [40] is not applicable to
our problem. And this is exactly where the novelty of our result resides (see [31,59]).

We also point out that, besides its optimality, a significant advantage of the
myopic policy is that it incurs minimum computational complexity to determine
the selected antennas, as compared to the optimal policy for the general POMDP,

where the latter is PSPACE-complete in general [60]. This allows us to apply the
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myopic policy to the multi-antenna selection problems in massive MIMO systems.

Although the optimality of the myopic policy in Theorem 3 is herein proved
only for the two-state channel model (which is rarely the case for the actual fading
channels), this policy can be used as a low-complexity method for the antenna
selection problem for practical implementation in massive MIMO system. In the
next section, we develop an algorithm using the myopic policy for antenna selection
over the Rayleigh fading channels for perfect CSI (PCSI) and imperfect (ICSI)

scenarios.

4.4 Myopic Policy-based Antenna Selection for
Fading Channel

We consider the Gauss-Markov model for channel evolution over time slots. This
model is widely adopted to represent the dynamics of the Rayleigh fading channels

[32,33]. The first-order Gauss-Markov channel model is given by

hi,t = fhi,t—l + V 1— §2Zi,t7 1= 17 cey M. (432)

where h;; ~ CN(0,0}) is the channel between the i-th BS antenna and the user
at time slot ¢, with o} being the channel variance, the process {z;;} is the i.i.d.
innovation sequence with z;; ~ CN(0,0%), which is independent of the channel h; ;,
fori =1,..., M, and, £ € [0,1] is the fading correlation coefficient. The value of &
depends on the maximum Doppler frequency [61], with £ = 1 representing a static
channel and £ = 0 indicating the channel being i.i.d over ¢.

For the purpose of antenna selection, we quantize the channel coefficients into
two values of o and 3, assuming a two-state Markov channel model and then apply
the optimal myopic policy for antenna selection decision. That is, the quantized

channel coefficient h;, is given by

h —{O" if [hig] > v (4.33)

B, i hyl <.
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where v is the quantization threshold for the channel amplitude, and |a| > ||
must hold. The value of v determines the transition probabilities for the quan-
tized two-state channels, and will dictate the resulting data rate under the myopic
policy for antenna selection. Note that the optimal value of v, which maximizes
the time-averaged expected data rate, depends on the value of the channel corre-
lation coefficient £. Such dependency, however, can not be expressed in a closed
form [62,63]. For any given value £, we have to resort to numerical simulations
in order to obtain the optimal value of v. Given the so-obtained value of v, the
transition probabilities p1; and py; can be obtained empirically.

Based on the quantized channel coefficient described above, we select the best
set of N antennas for data transmission at each time slot ¢, by applying the my-
opic policy summarized as Algorithm 2. Specifically, at each time slot ¢, based on
selection decision a;, the BS obtains vector oy, i.e., the channel coefficients of the N
selected antennas at the end of the time slot. Quantization is then performed for
each entry of o, according to (4.33). Using the quantized channels, those entries of
c; which correspond to the selected antennas are obtained. Next, the belief vector
wit+1's are updated using (4.12) . At the beginning of time slot ¢ + 1, the antenna
selection is made by setting we set a;;11 = 1 (i.e., the i-th antenna is selected), if
witt1 1s among the N largest entries of w;q, otherwise a;;y1 = 0. The antennas

selected by a;; is then used for transmission for time slot ¢ + 1.
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Algorithm 2 The myopic policy based antenna selection for point-to-point systems

Inputs: Set the threshold value v based on ¢ and o7} .
At each time slot ¢:
Input: oy
1: Quantize the elements of o, into « and [ using (4.33) and update the elements
of ¢; which correspond to the currently selected antennas based on (4.11).
2: Update wyyq using (4.12).
3: Fort=1,2,--- , M, choose the i-th entry of a;;; as

(4.34)

1, if w;41 among the largest N entries of w1,
it+1 — .
0, otherwise.

Output: a;

Remark 1: It is worth noting that there are different strategies to schedule users
in MIMO systems [46]. Allocating one user per time-slot is one of the common
user scheduling schemes [64-66]. There are extensive existing studies where the
authors proposed various designs based on one user per time-slot scheduling scheme
in MIMO systems [67,68]. Moreover, the scheme we are considering can be used in
point-to-point MIMO systems, where the receiver can have one or more antennas.

We would like to emphasize that the main contribution of this study is to pro-
pose a simple yet optimal POMDP antenna selection algorithm that can be easily
implemented for large-scale antenna arrays with any given number of antennas and
available RF chains. It is worth mentioning that, unlike the studies in [30,40], where
the authors use a simple reward model where one unit of reward is accrued when
data is received, in our proposed method, the reward function is the actual rate
achieved by MISO beamforming. To the best of our knowledge, under such a realis-
tic and complex reward function, this is the first study that proves the optimality of
myopic policy for any given number of antennas and available RF chains. Extending
this study to a multi-user scenario involves additional technical difficulties. For a
multi-user scheme, the main goal is to find the best N out of M antennas to serve K

users such that the expected long term data rate is maximized. In this scenario, a
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selection policy, which accounts for the channel quality of all users, is needed. Such
a policy may not be as simple as the myopic policy because the expected immediate
reward function is not a regular function anymore. Finding a proper framework to
formulate a POMDP-based antenna selection policy for multi-user cases is a chal-
lenging task and needs a full investigation. We consider addressing this challenge in
our next step in this line of work that is presented in Chapter. 5.

Remark 2: As indicated in the inputs of Algorithm 2, the optimal threshold
value depends on the channel correlation over time ¢ and variance 7. Note that the
relationship between the optimal threshold value v and oy, is linear. The reason is
that if for given M, N, &, and h;;, ~ CN(0,07), the optimal threshold value is v, for
the same values of M, N, and £ but for h;:t ~ CN(0, 0;;2), we can scale h;"t by %,
and thus, assume the channel is g—%h;{t ~ CN(0,02). Such a scaling allows us to u:e

the same value of v as the optimal threshold value for %hgt. In other words, the
h

"
72

optimal threshold value for h;’yt ~CN(0,0,7) is Z—ZU, meaning that the threshold v
can be scaled accordingly based on oy, of the channel of interest.

Remark 3: The computational complexity of the value iteration algorithm is
O(|S|? x |A|) per iteration [69]. In our problem, |S| =2 and |A| = (}). The com-
putational complexity of our proposed myopic antenna selection algorithm resides
in updating the elements of the belief vector with the computational complexity
O(M — N) (see (4.12)) Sorting the M x 1 belief vector with computational com-
plexity O(M log N) [70]. Thus, the total computational complexity of the myopic
policy is only O(M log N), which is significantly less than that of the value iteration
algorithm.

Remark 4: In reality, single-antenna users is a common assumption [67, 68,
71]. However, for scenarios with multi-antenna users, we can use singular value
decomposition (SVD) to turn the channel into multiple parallel MISO channels for
eigen-beamforming, as typically considered in MIMO systems.. Consider a point-to-

point scenario between nodes A and B, where node A uses all of its antennas while

48



node B performs antenna selection. In this case, node A can precode its transmitted
data using the conjugate of the left principal singular vector of the channel matrix
from node A to node B and receive its data by using left principal singular vector
as a receive-beamformer, thereby turning the MIMO channel into a MISO channel.
Thus our proposed antenna selection algorithm can be applied to a massive antenna

array base station which transmits data to a multi-antenna user.

4.5 Simulation and Performance Analysis

This section demonstrates the performance of our proposed solutions for the antenna
selection problem. For all the simulation runs, we set the transmitter’s SNR as
% = 5 dB. We study the performance of the optimal POMDP solution for the
antenna selection problem in terms of the time-average rate R;, defined as R, =

2 Eizo R(s;,a;). which is averaged over 100 Monte Carlo runs to obtain its average

value.

4.5.1 Two-State Channel Model
POMDP Policy

In this subsection, using the two-state channel model as an example, we verify the
optimality of the myopic policy, as stated in Theorem 1. In particular, we show
the convergence behavior of Algorithm 1 for different numbers of antennas M and
different numbers of RF chains N. Throughout our simulations, we assume that
the channel coefficients are i.i.d., and each evolves according to a two-state Markov
chain, i.e., Q = 2 with {ay, as} = {/0.1,1/10} and the transition probabilities py; =
0.2 and p;; = 0.8. Since channel coefficients are independent, T can be obtained
from the transition probability of the each channel coefficient state. Here, we use
the existing POMDP solver software [56] to find the optimal policy of Algorithm
1. In our first series of experiments, we aim to analyze the effect of M and N on

the performance of Algorithm 1 for the antenna selection problem, and compare its
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Figure 4.3: For @ = 2, po; = 0.2, and p1; = 0.8 (a) time-average rate Rag00 versus
P/c? (b) time-averaged rate R; of 10 Monte Carlo simulation runs for P/o? = 5 dB

performance with that of the myopic policy.

Fig. 4.3a shows the average of Rsgo versus P/o? under both Algorithm 1 and
the myopic policy. The results verify that the myopic solution is optimal for the
POMDP based antenna selection problem. Fig. 4.3b shows the time trajectory of
R, for Algorithm 1, versus time slot ¢, for different pairs of N and M and for 10
simulation runs. As it can be seen from this figure, the POMDP based technique

converges in about 1000 time slots.

4.5.2 Gauss-Markov Channel Model

In this subsection, considering the Rayleigh fading Gauss-Markov channel model in
(4.39) with o7 = 1, we apply Algorithm 2 for the antenna selection problem in a
massive MIMO system for both perfect CSI and imperfect CSI. Unlike the previous
example, the quantized channels are used solely for antenna selection purpose, and
the average data rate R, is calculated based on the actual fading channel coefficients.
This performance depends on the transition probabilities which in turn depend on
the quantization threshold v. The optimal value of v depends on M, N, and &.

Unfortunately, the relationship between optimal v and different values of M, N,
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Figure 4.4: Average Rsogo versus v for P/o? = 5 dB (a) Gauss-Markov channel with
€ =10.999 (b) Gauss-Markov channel with £ = 0.99.

and ¢ does not appear to be amenable to a closed-from expression. As such, we
resort to numerical simulations to find the optimal values of v for two different
scenarios. In the first scenario, considering M = 200 and for different values of
N =[10: 20 : 200], we plot the averaged Rs000 versus different values of threshold v.
The result is shown in Figs. 4.4a and 4.4b for Gauss-Markov channel with £ = 0.999
and & = 0.99, respectively. These figures show that the optimal value of threshold
v depends on both M and N. Fig. 4.5 shows the optimal values of v obtained
empirically based on Figs. 4.4a and 4.4b for M = 200 and N = [10 : 20 : 200]
for different values of £&. We observe that the summery of the first scenario results
with one extra plot of Gauss-Markov channel with £ = 0.97. In this figure, we plot
the optimal value of v for M = 200 versus number N of the selected antennas to
show that for given M, the optimal value of v is insensitive to the channel variation
parameter &, specially for N > 70. When M and N values are close to each other,
e.g., M =200 and N = 170, the optimal threshold value is relatively small (v = 0.4).
This is due to the fact that when the values of M and N are close, the number of
choices for antenna selection is rather limited. Hence, we should be less selective in

labeling channels as good by choosing a small v. As N becomes small, the number
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of possible antenna selections increases, allowing us to set a higher threshold on v
to be more opportunistic in selecting good channels,

Fig. 4.6 shows the corresponding optimal threshold values of v, obtained from
Figs.4.7a and 4.7b, versus M. Indeed, fixing N = 50 and for different values of M =
[100 : 20 : 400], in Figs. 4.7a and 4.7b, we plot Rsgno, averaged over 100 Monte Carlo
simulation runs, versus different values of threshold v, for Gauss-Markov channel
models with & = 0.999 and £ = 0.99, respectively. Fig. 4.6 also shows that for fixed
N, when M is increased, the optimal threshold v is increased, meaning that we
need to be more selective in labeling channels as good, as more choices for antenna
selection become available, and vice versa.

In the remainder of our numerical results, for each simulation run, we use the
corresponding optimal v for quantization in Algorithm 2. Next, we compare the
performance of Algorithm 2 based on the myopic policy, with two other schemes:
1) A random antenna selection policy, and 2) a selection policy (referred to as the
full perfect CSI based policy) that uses full perfect CSI of M channels to select N
antennas with the NV highest channel amplitudes. Considering a BS with M = 200
available antennas, in Fig. 4.8a (4.8b), we plot average of Rsgo versus N (M) for

fixed M () and for different scenarios of channel variations tabulated in Table 4.1.
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Table 4.1: Values of ¢ for different scenarios.

Scenario V w T ¢

WLAN 802.11 operating at 2.4 GHz,
pedestrian user

LTE network operating at 2.6 GHz,
car driving in residential area

LTE network operating at 2.6 GHz,
car driving in residential area

LTE network operating at 2.6 GHz,
high speed car driving in highway
LTE network operating at 2.6 GHz,
high speed train

3.6 km/h | 15kHz | «~0.3s | 0.999

27 km/h | 15 kHz | «~ 15.3 ms | 0.99

36 km/h | 15 kHz | «~ 11.5 ms | 0.986

140 km/h | 15 kHz | «~2.2ms | 0.95

290 km/h | 15 kHz | «~ 1.4 ms | 0.9
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In this table, the relationship between &, coherence time 7., and bandwidth, denoted
as W, is given by 7V = ¢, where ¢ is the de-correlation level and is set to 0.1, which
is typically determined based on measurements [61]. Table 4.1 shows the values of
¢ under different scenarios in a wide range of mobile speed consideration, from
pedestrian, vehicle, to high-speed train. For example, the first scenario corresponds
to a pedestrian user with velocity V' = 1m/s (3.6 km/h). As can be seen in Figs. 4.8a
and 4.8b, the performance gap between the myopic policy and the full CSI based
policy is at most 1.3 (bcu). In other scenarios, such as when V' = 27 km/h and
N = 50, this gap is about 0.35 (bcu) and is at most 0.55 (bcu) for M = 200 and
V = 27km/h. As can be seen from Fig. 4.8a, for fixed M, as N increases, the number
of choices for the set of selected antennas decreases. As a result, the gap between
the full perfect CSI based policy and the other policies decreases. Furthermore,
when the channel variation over time is slow, the performance between Algorithm
2 and the full perfect CSI based scheme is very small (less than 0.2 (bcu)). When
the channel variation increases, this performance gap increases only slightly to a
maximum of 0.55 (bcu) for a low-speed vehicle. For the high speed vehicle and train
scenarios, this gap performance increases to maximum 1.3 (bcu). Fig. 4.8b shows
average of Rsogo versus M, for N = 50 and different scenarios of channel correlation
from Table 4.1. This figure also confirms that there is a very small performance
gap between the Algorithm 2 and the full perfect CSI based policy. An intuitive
explanation behind this small performance gap between these two policies is that in
the myopic policy, we use the two-level quantization only for the purpose of antenna
selection, while we employ the non-quantized channel to obtain the MISO data rate.
This means that for the purpose of antenna selection (which is a binary choice), one
only needs coarse knowledge about the channel amplitudes.

To analyze the sensitivity of our proposed myopic policy antenna selection algo-
rithm to uncertainty in our knowledge of the transition probabilities, we consider an

estimation error, denoted as ¢, in the p;; and pp; and instead of (4.12), we update
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the i-th entry of belief vector as

P11+ €, ifa; =1, ¢y =1,
Wit+1 = 4 Po1 t €, ifa;y =1, ¢y =0; (4.35)
wit(pi1 +€) + (1 —wi)(pn +¢€), if a;p = 0.

Assuming M = 200, we show Rggo versus € in Figs. 4.9a and 4.9b for N = 10 and
N = 90, respectively. In these figures, we consider full CSI scheme, our proposed
myopic policy algorithm for £ = 0.999, 0.99, 0.986, and the random selection method.
As can be seen from these figures, for larger values of N, the myopic policy is less
sensitive to the value of €. As € is increased beyond a threshold (whose value increases
with N), the performance of the myopic policy starts to decrease drastically and

approaches to that of the random selection method for large values of e.

4.5.3 Imperfect Receiver CSI

We now evaluate the performance of the proposed Algorithm 2, under imperfect CSI
available at the receiver side. We define h; ; ~ CA(0, €) as the i-th antenna channel
estimation error with variance ¢,. The estimated channel of the ¢-th antenna and

the corresponding true channel have the following relationship:
hie=hig+hiy, i=1,2--- M. (4.36)
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where F\i,t and F\i,t are statistically independent. To apply Algorithm 2, we need to

replace ¢;; in (4.12), with its estimate, if the i-the antenna is selected, as

1 if b >0
by = ?|ut| e i1, M. (4.37)
’ 0 if [hyl <.

where iLi,t is the observed channel coefficient between the i-the antenna and the user.
Based on (4.37), we update the entries of w; 1 according to (4.12), and Algorithm

2 follows. Due to the imperfect CSI, the reward function is given by

(4.38)

R(h,, h,, a,) £ log, (1 + il hfdi;g(at)ht |>,
where h, = [F‘Lt H2,t e F]M,t]T is the estimated CSI vector. In Fig. 4.10, assuming
N = 50, M = 200, and for & = 0.999 and 0.99, we plot the performance of the
following four policies: 1) the full perfect CSI based policy, 2) the full imperfect CSI
based policy, which used the full but imperfect CSI, 3) Algorithm. 2, and 4) the
random selection policy.

In Algorithm. 2, we choose v = 1.1, for £ = 0.999; and v = 1 when £ = 0.99.
These values of v are optimal for the corresponding scenarios. Note that for the

full perfect CSI based policy, we have €, = 0. As expected, we see that increasing

¢;, decreases the rate for our algorithm due to the loss of accuracy of the CSI. The

56



o

|
¥
v

*®
3}

2%
It
O

’\‘_\—‘\‘_\—‘\‘\«

o
T

N
3}

o N o &— 6
v v v v v

Averaged Rsono (bits/channel use)

| |—»—Full perfect CSI based policy, £ = 0.999, £ = 0.99 | |
—0— Full imperfect CSI based policy, £ = 0.999, £ = 0.99

~

—a— Algorithm 2, £ = 0.999
—#%— Algorithm 2, £ = 0.99
—— Random selection

6.5 | | |
0 0.05 0.1 0.15 0.2 0.25 0.3

€h

Figure 4.10: Average Rspg for imperfect CSI versus channel estimation error e, for
M = 200 and N = 50.

performance under the random selection policy is not affected by ¢, as the selection
does not depend on the CSI. As can be seen from this figure, for ¢, = 0.3, Algorithm
2 still performs better than the random selection policy by about 1 bit/channel use,
while falls short off of the full perfect CSI based policy by only 0.3 — 0.4 bit/channel

use.

4.5.4 Multi-User Scenario

In this subsection, we extend our proposed myopic policy-based antenna selection
algorithm to a multi-user scenario and evaluate its performance in this case. To do
so, we assume that the BS is equipped with M antennas and N RF chains and serves
K users (K < N) simultaneously. Here, we assume that the channels between the
BS and the users have a direct line-of-sight (LoS) path and follow the Rician fading
model. We assume that the LoS components of all K users consists of the common
component but differ from each other by a random phase-only component. Such
assumptions amount to clustering together those users that are spread in a small
geographical area. Indeed, the goal of any clustering technique would be to serve
the users that have similar channels. To define the LoS components, we assume a

uniform linear antenna array at the BS with inter-element spacing of %, where \ is
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the carrier wavelength. We denote h), = [ﬁkl izm lAzkﬁM]T as the LoS portion
of the channel vector of the k-th user, where fz;“ is the LoS component of the i-th
antenna and the k-th user, forv=1,2,..., M and k =1,2,..., K. Given the array
geometry, we can write iL;“ = exp(—j(% — (i — )m¢ — 1)), where dj, is the
distance between the k-th user and the BS; ¢ = cosf, where 6 is the angle of the
incidence of the common component of the LoS signal with onto the first antenna
of the BS; and v, is a random phase uniformly distributed in the interval [—, ¢],
where we choose ¢ as 0.5 or 1 degrees. The non-LoS (NLoS) component of the
channel of the i-th user over all antenna is modelled as h;; ~ CN(0x 1, X1), where
¥, = E{ﬁmﬁft} = diag([o} ,J/,), and of ; is the variance of the NLoS component

of channel between the k-th user and the i-th antenna. We model the time variations

of h;; using first-order Gauss-Markov channel model as
h;; = diag(&)h; ;1 + diag(&')zis, i=1,....,M. (4.39)

Here, z;; ~ CN(Okx1, Xp,) is independent of the channel vector F'i,ta fore=1,... M
and we define & 2 [¢ & .- &], where & € [0,1] is the fading corre-

lation coefficient corresponding to the k-th user. Furthermore, we define & as

¢ =1-8 J1-¢ - /1-¢&4]. The Rician fading channel vector of

the ¢-th antenna at time slot ¢, denoted as h;,, is given as h;; = ﬁilel + ﬁi7t,for

1 =1,2,--- , M, where 1g; is a K x 1 vector of all one entries. At time slot t,
given action a;, we define the input of Algorithm 2, i.e., the observation vector o;
as 0, = diag(at)[%]f‘il. That is, the i-th entry of o, is the average of channel
measurements between the i-th antenna and all K users. We adopt use zero-forcing

beamforming to cancel the inter-user interference, and thus, the time-averaged sum-

rate can be written as

P D
o?|HI (He, HE)7HE

L1
R =~ 2% log, det (I + (4.40)

where we define Hgy = [h;¢]icz(a,) With h;; being a realization h;;.
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Figure 4.11: Time averaged sum-rate for M = 200, N = [10 : 30 : 50], % = 15 dB,
fora) K =2, and b) K = 4.

To evaluate the performance of our proposed algorithm for multi-user scenario,
we assume M = 200, N = [10 : 30 : 50], & = 15 dB, 6 = 30 degrees, a carrier
frequency of 3 GHz (A = 0.1 m), and Uﬁ’k =0.1and & =0.999 for k=1,2,--- | K.
The distance d, is drawn from a uniform distribution with a mean of 2 km and a
spread of 0.5 km. In Figs. 5.6a and 5.6b, we show the time-averaged sum-rate versus
the number N of RF chains for K = 2 and K = 4, respectively. As can be seen from
these figures, in this multi-user scenario, the performance of our proposed algorithms
can be very close to the full CSI based policy, when the LoS components are relatively
close to each other. As the difference between the LoS components of different user
channels is increased, the performance gap between the proposed policy and the
full CSI increase. As these two figures show, this performance gap grows as the
number of users increases. Nevertheless, the proposed algorithm performs better
than the random selection policy. As this numerical example shows, although not
designed for multi-user scenarios, the myopic policy can offer good performance
for such scenarios. The extension of this method for multi-user scenarios needs
further investigation, and this is exactly what we consider in the next chapter of

this dissertation.
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Chapter 5

POMDP-based Antenna Selection
Algorithm in Multi-User MIMO
Systems

5.1 System Model

We consider a massive MU-MIMO communication system, where a multi-antenna
base station (BS), equipped with M antennas and N RF chains (M > N), aims
to communicate with K single-antenna users (see Fig. 5.1). We assume that the
number of users is less than the number of the available RF chains (K< N). The
system is time-slotted and each time slot consists of two phases, namely uplink and
downlink. We assume that each channel between the BS and each user evolves over
time slots according to a Markov process. As the number of the available RF chains
is smaller than the number of BS antennas, only N out of the M antennas can
contribute to the data reception/transmission in each time slot. Upon acquiring the
channels in the uplink training phase, we select the best N antennas in each time
slot with the aim to maximize the expected long-term sum-rate. Note that as we
can only observe N out of M available channels during each time slot, the channel
state information (CSI) at each time slot is only partially observable. Since each
channel evolves according to a Markov process and is only partially observable, a

POMDP framework appears to be an appropriate approach to obtain the optimal
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antenna selection policy to maximize the expected long-term sum-rate.

1 108

A._..-.- Uplink

—— Downlink

7 108

suret) I N

7 108

Base Station

Figure 5.1: Illustration of a Massive MU-MIMO system, where the BS is equipped
with M antennas and N RF chains, and communicates with K single-antenna users.

5.2 Problem Formulation

To describe the system model, we denote the random channel matrix between the
M antennas and the K users at time ¢t as H; = [hy; hy, -+ hy,], where
h,; € CH*1 is the random vector of the channel coefficients between all users and
the i-th antenna at time ¢. At the beginning of time ¢, a subset of N columns of H,
is selected for transmission during time slot ¢. Let Hy; € CE*Y represent a matrix
constructed from such columns of H,. If Hy is a realization of Hy,;, we can write

vector y € CE*! of the signals received at all K users as
y =HWx+n, (5.1)

where x € CK*! is the transmitted signal vector, n € C¥*! is the noise vector with
the noise variance of each element being 02, and W € CV*¥ is the precoding (beam-

forming) matrix. We use zero-forcing beamforming (ZFBF') technique to eliminate
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the interference among the users. Thus, we can write W as

P
W = H!(H, H))™* 5.2
» (FL H) \/ R (L, T e
where P is the total transmit power and || - ||f is the Frobenius norm. Based on

the singular value decomposition (SVD) of the channel matrix, we can then write

B (|, )7 F = Tr(H, B ™) =)

k=1

1
A
where Ay is the k-th singular value of Hy. Using (5.3), we can write the sum-rate

of the system as

1
R(H,) = log, (det (1+ —H.WW"H!) )
ag
P P
1 ):Klog (1+— .
o, T 1) ey
(5.4)

= log, (det (I +

To improve the tractability of the antenna selection problem, we consider an upper

bound of sum-rate expression. Considering the following property

k=1 sk k=1
we have
P(YF A2 PTr(HH,)
Klo <l—l— >< Klo <1+ k=1 Sk>—Klo <1+ 5 )
BV T

where we used the fact that S°r | A2 = Tr(H”Hj). Based on (5.6), we perform an-
tenna selection using the sum-rate upper bound, for any selected channel realization

H,, defined as

PTr(HY HS)>

Ru(HS) = KlOgZ (1 + o2 K2

(5.7)
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Note that we can write

P
Ru(HSﬂg) = KlOgQ <]_ + m Z ||hi,t

€T

2). (5.8)

where 7 is the set of the indices of the selected antennas, that is Hy; = [hi,t}

1€ ’
Specifically, we aim to design an antenna selection policy to maximize the expected

long-term sum-rate upper bound, given by

E{Hs,t}{ i Ru(HS,t)}, (5.9)

where the expectation is taken with respect to random selected channel matrices
{Hs:}.7,- In the next section, using the long-term sum-rate upper bound in (5.9) as
the reward function, we formulate the antenna selection problem using a POMDP

framework.

5.3 POMDP Formulation

In this section, we formulate our antenna selection problem for a massive MU-MIMO

system by the presented tuples of a POMDP framework in Section. 3.1, as follows:
State space

In our antenna selection problem, at time ¢, the M x 1 state vector s; is defined as

st = (el hzl® oo o) (5.10)

That is, the ith entry of the state vector at time ¢ is the square of the norm of the
vector of the channel coefficients between the users and the i-th antenna. We model
the time-varying state vector as a discrete Markov process. Each element of s, is
assumed to take one of @) possible levels of {Oéq}?:l, that is ,||h;¢]]* € {1, ..., a0}

As such, s; belongs to a state space, denoted as S, which is the finite set of all Q"

possible values of s;. For j =1,2,...,|S], the j-th member of S is labeled as s;.
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Action space

~)

An action in our system model is selecting N out of M antennas. Hence, L = ( N

possible actions can be chosen. We define the action space as
A={a,a, - ,a.} (5.11)

where, for [ = 1,..., L, a; is a M x 1 vector whose N out of M elements are equal to

one and remaining elements are zero, that is

M
a = [ay ay - CLMI}T, az € {0, 1}, Zajl = N. (5.12)
j=1

L

At time ¢, our action a; is to choose one of the M x 1 selection vectors {él} from
=1

the action space.
Transition probabilities

The transition probability matrix definition is provided in Section. 3.1. Here, we

assume that the transition probability matrix T is known.
Observation space

In our system model, the j-th element of the observation space, denoted as o;, can
take one of the possible M x 1 observation vectors, which have N non-zero elements
corresponding to the observed channel gain of the N selected antennas and the

remaining M — N elements are zero. That is, we define the observation space as
Oé{olao%'” 7OL’}7 (513)

where L/ = ( Mﬂf N) QY. With given action a;, the random observation vector at time

t, denoted as o, € O, is based on the current state as

o, = diag(a,)s;. (5.14)
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Observation probabilities

The conditional observation probability matrix, denoted by O(o,a), is a QM x QM

diagonal matrix and the definition is provided in Section. 3.1.
Reward

At time t, when action a, is taken at state s;, reward R(s;,a;) is accrued. The
immediate reward function R(s;,a;) is defined as the sum-rate upper-bound given

in (5.8), that is

P P
Rlsia) 2 Ru(Hy) = Klogy (14— 3 [hil?) = K log, (1+ —-=1"0/)
icT
(5.15)
where in the third equality, we use the fact that >, 7 ||h;¢]|* = 170,
Belief vector
At time ¢, the belief vector is defined as by = [by; by; ... b|5‘,t]T, where b;; is

the probability of the state at time ¢, s; being equal to s; € S, given all the action
and observation history until time ¢t — 1. If we use H;_; to represent the action and

observation history until time ¢ — 1, i.e.,
Hiy = {01, a1, His}, (5.16)
then we can write
bjr = Pr{s, = s;|H; 1} (5.17)

belief vector at time ¢ depends on the observation o,_; € O, which is a random

vector. Hence, the random belief vector b, can be defined as

b, = g(o,_1 ,a,_1,b,_1). (5.18)
The j-th entry of b; is defined as

bis £ Pr(s; = s;/H 1), (5.19)
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Figure 5.2: Illustration of the antenna selection problem as a POMDP process.

where the random history set H;_q is defined as
Hi1 £ {01,a1, Hi o} (5.20)

Note that H;_; in (5.16) is a realization of H,_; after observing o, ; (see Section. 3.1
for more explanations about belief vector).

The dynamic of a real-time POMDP controller proceeds as shown in Fig. 5.2.
Each time slot includes one downlink and one uplink transmission. We assume that
channel evolves at the beginning of each time slot and remains unchanged during
the entire time slot. At the beginning of the downlink transmission, the BS chooses
an action vector which selects N out of M antennas to transmit data. Then via
uplink training process, at the end of each time slot, the BS observes the channel
coefficients between the N selected antennas and all K available users. At the
next time slot t, given that the state at time t is s;, the BS uses all the historical
information available until the end of time slot ¢ — 1, which includes b;_;, and a;_1,
obtained at the beginning of time slot t — 1, and o0,_;, obtained at the end of time
slot t —1, to obtain (update) the belief vector b;, and then chooses the action vector
a; at time ¢t. Note that a;, depends on {s, ';;10, and hence, is random. Our aim is
to design a decision policy for actions {a;};£5 such that the expected cumulative
reward, E{ S R(sy, at)} is maximized. Here, the expectation E{-} is taken w.r.t.

random states {s;},"%.
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5.3.1 Objective Function

Policy ! at time ¢, maps the belief vector by to the action a;, that is a; = 7(b;). For
the initial belief vector by, the objective function denoted as J,(bg) for an infinite

horizon POMDP framework is defined as

Je(bo) = Biey{ D Risi,a)
t=0

bo} - E{St}{ iR(st, W(bt))‘bo} (5.21)

where s, € S, a, = m(b;) € A, and Es,1{-} is the expectation w.r.t. random states
{s:}/-55, given the initial belief by. Given the defined POMDP model, the main goal

is to find the optimal policy as
7" = argmax J.(by), for any by. (5.22)

o v . . . which i : .
As the random action vector a; is a function of b,, which in turn is a function of
0;_1, there is a one-to-one correspondence between H; and {oy }!_,. Hence, as we

explained in Section. 3.3, we can write

+oo
J(bo) = E{M{ 3 1" (a)by bo} (5.23)
=0
where {H,} is the whole history, and r(a) = [R(s1,a) R(sy,a) --- R(sgm,a)]” is

the reward vector for action a. Note that, given H;_; = H;_1, we note that r”'(a;)b;
as the expected immediate reward function.

Since a POMDP is a continuous belief state MDP (see [55]), we can straightfor-
wardly write down the Bellman equation for the infinite-horizon continuous-state
MDP with the dynamics of the belief update in (5.18) and the objective function
in (5.23) to find the optimal policy. We can use the value iteration algorithm to
find the optimal solution. However, the computational complexity of the value iter-
ation algorithm is O(|S|? x |A|) per iteration [69]. In our problem, |S| = Q™ and

|A|l = (V). Thus, the computational complexity of the value iteration algorithm

'Here, the policy is a stationary policy (see Section. 3.3).
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grows exponentially with increasing the number of antennas. Thus, the value it-
eration algorithm is computationally intractable for the antenna selection problem
in massive MIMO systems. In order to tackle the aforementioned issue, affordable
suboptimal solutions, such as myopic policy, are more desirable. In the next sec-
tion, for the case of two-state channels, we consider the myopic policy to solve our
POMDP-based antenna selection problem and prove that this policy is optimal in

this special case, for our problem in (5.22).

5.4 Two-State Channels: The Optimality of My-
opic Policy

In this section, we assume that each element of s; takes one of () = 2 possible levels

of good and bad, denoted as a and (3, respectively, where o > (3, that is
lhi)* € {a, 8}, fori=1,..., M. (5.24)

Here, ||h;;]|> = « (8) means the state of the i-th antenna is good (bad). Also,
we assume that the antennas channel gain evolves according to the same two-state
Markov chain at each time slot, as shown in Fig. 4.2. We use pg; (p1o) to denote
the probability of changing the state from bad (good) state to good (bad) state.
Also, poo = 1 —po1 and py; = 1 —pyg are the probabilities of ||h;,;||* remaining in the
bad and good states in the next time slot, respectively. Here we consider positively
correlated model, i.e., p;; > po1, meaning that the probability of ||h;,||? remaining
in good state is higher than the probability of changing the state from bad to good
state.

Considering that s;; is the i-th element of the j-th possible state vector, for

i=1,...,Mand j=1,...,|S], we can define the indicator function Ij,,,—q as
1 if s =
I[si':a] = 1 = ° ) (525)
! 0 if Sij = ﬁ
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to simplify the presentation of the state space. Without loss of generality, we redefine
the state space as C = {c;}2}, where ¢; £ [c1; ¢y -+ cpy)T is the j-th member

of C, and ¢;; is given by
Cij = I[sij:a}- (526)

We also redefine the random vector state at time ¢ as ¢; € C, as we can write
c & [c1+ Cop --- CM¢]T € C, where ¢;; is the random variable state of the i-th
antenna. Note that the state s; of the channel gain vector can be determined from
c;. That is for any s; € &, there is a unique c¢; € C and vice versa. The two-state
per antenna model allows us to simplify the belief formulation [72], as explained in
the sequel. First, fori =1,2,..., M, we define w;; = Pr(c;; = 1|H;_1), which is the
conditional probability of ||h;||* being in good state given the history of all past
actions and observations up to time slot t —1 . We also redefine the belief vector at
time t as w; £ [wie war ... wMﬂf]T. At time slot t, based on the antenna selection

vector a;, we can update the i-th element of vector w;,; as

P11 ifag; =1, ¢y =1
Wit+1 = § Po1 ifa; =1, ¢, =0; , fori=1,---,M.
witprn + (1 —wi)por  if a;p = 0.
(5.27)
We can reexpress the j-th entry of the belief vector b, as
bj,t = PI'(St = Slet—l) = PI‘(Ct = cj|Ht—1>- (528)

Assuming that the channel gains across different antennas are statistically indepen-

dent, we can write

S

M
Pl"(Ct = Cj|Ht_1) £ HPI‘(CM = Cij|Ht_1) =

=1 %

Flwig, i), (5.29)
1

where we define f(w,¢) = w’(1—w)'¢, and use the fact that Pr(c;; = 1|Hy_1) = w;

and Pr(c;; = 0|H;—1) = 1 —w; ;. Based on (5.28) and (5.29), the expected immediate
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reward function at time ¢, can be written as

|| ic|
R(ay,w;) &’ (a))b, = Z (s;,a:)b Z (s;,a,)Pr(c, = ¢j|Hi-1)
=1 —1
ic| M
— Y Klog, (1 +——170; t) H (Wias Cij), (5.30)
J=1N i=1
_RZ

where 0, is the observation vector at time ¢ if s, = s; and can be written, using

(5.14), as
0, = diag(ay)s;. (5.31)

Here, each entry of o;,; belongs to the set {«, G}. Note that, if Z entries of o, are
equal to o and the remaining N — Z entries® of 0;, are equal to 3, then term defined

in (5.30) as Ry is equal to

Pa Pg )>.

Ry, = K log, ( Z(1+ 55) + (N = 2)(1+ 57 (5.32)

With Ry, given above, we can follow the steps presented in our earlier work in
Section. 4.3 for the single-user scenario to simplify (5.30) [31]. For the sake of
completeness, we provide the steps of this simplification in the sequel. Given action

a;, the state space C can be partitioned as
N
c=Jcza), (5.33)

where Cz(a;) = {c=[c; ca -+ ey € C| ||diag(ay)c||* = Z}. We now use (5.33)
to rewrite (5.30) as

2Non-zero elements



N
:Z Z fwztycz H f wlt7C’L (534)
eCy

Z=0 (ar) i€Z(as) i€Z(ar) "t
where Z(a;) is set of the indices of the selected antennas, while Z*(a;) is the set of the
indices of the unselected antennas. As Z+(a;) and Z1(a;) are complement to each
other, we can write |Z(a;)| = N and |Z+(a;)] = M — N. Note that ¢ € Cz(a;) can
be split into two sub-vectors ¢’ = [¢iliez(a,) and €” = [¢i]icrL(a;), Where the entries
of ¢ can be either 0 or 1, that is ¢” € {0, 1}~ while ¢’ € C; £ {c¢': 1%¢' = Z}.

Therefore, we can rewrite (5.34) as

atywt ZRZ Z Z H fwztv z f<wi7t7cgl)

cec c"e{0,1}M—N jcT(at) €Tl (as)
N
= E § H fw’Lt7 z) E H fwzta z
=0 cec, i€T(ar) " e{0,1}M-N ieTt (ay)

=1

N
- Z Ry H f(wi,h Cé)? (5.35)
Z=0

cec;, i1€l(ar)
where the summation above the bracket is the sum of the probabilities of all possible
values ¢” may take and thus is equal to 1. In Section. 4.3, we rigorously prove
that under the condition of the positively correlated two-state models, the myopic
policy, which maximizes the expected immediate reward in (5.35), is optimal for the
antenna selection problem in (5.22). The following theorem can then be used to

further simplify the myopic policy.

Theorem 4. For the antenna selection problem defined in (5.22), under the con-
dition of positively correlated two-state channel model, at time t, the myopic policy
is optimal and amounts to selecting those N out of M antennas, with the largest
probability of their channel gains being in good state. In other words, the indices of

the N largest entries of wy are the indices of the antennas which have to be selected.
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Proof. In Section. 4.3, in lemma 1, we show that the function f(x) is monotonically
increasing in z;. Meaning that we can maximize the expected immediate reward
f(x) in (5.35) with selecting the NN largest entries in x. Thus, it is straightforward
to conclude that, for any N < M, the myopic policy is selecting N antennas with
higher probabilities of being in good state (i.e., selecting N antennas corresponding

to the highest w;’s value). The proof is now complete. |

The myopic policy for two-state channel model in Theorem 4 can be applied
to the realistic fading channel models as a low-complexity method for the antenna
selection problem in massive MIMO systems.. In the next section, we propose to use
the myopic policy for the antenna selection problem over Rayleigh fading channels.
Given the optimality of the myopic policy for the two-state channel model, we take
advantage of this myopic policy by quantizing the channel gain of each antenna into

two levels only for the purpose of the antenna selection.

5.5 Gauss-Markov Model for Rayleigh Fading Chan-
nels

Let us denote the diagonal channel covariance matrix as
2y = E{hihiy} = diag([og 1 Jiss),

where of , is the large-scale variation of channel between the k-th user and the i-th
antenna. We assume that the channel vector h;; ~ CN (01, X5,) evolves according

to the first-order Gauss-Markov channel model given by
h;; = diag(&)h,,_ 1 + diag(&)z;, i=1,...,M. (5.36)

In the above model, the i.i.d. innovation sequence z;; ~ CN(Okyx1,Xy) is inde-
pendent of the channel vector h;;, for i = 1,..., M. Also, the fading correlation
vector is defined € = [§ & -+ &]T, where & € [0,1] is the fading cor-

relation coefficient corresponding to the k-th user. Furthermore, we define & as
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g =/1- J1-& - /14", Note that the value of & depends on the

maximum Doppler frequency of the k-th user [61], where & = 1 for a static channel
model, and & = 0 for a channel evolves independently over time ¢.

For the Gauss-Markov channel model in (5.36), it is shown in [36] that ||h; ||
asymptotically forms as a Markov process as K becomes large. Thus, we consider
that ||h;||* evolves based on a Markov process. To benefit from the optimality of
myopic policy for two-state channel model, we propose to quantize ||h;||? into two
values of a and (3 only at the antenna selection stage, such that

B {a, if [[h;¢])* > v,
Sit =

5.37
B, it hu? <o (5:37)

where v is the quantization threshold, and « > (8 must hold. Then, we apply the
myopic policy presented in Theorem 4 to the quantized two-state channel model
in the selection stage according to Algorithm 3. At time slot ¢, based on action
a;, N antennas are selected for transmitting data with the users. At the end of
uplink transmission, the channel coefficients corresponding to the links between the
selected antennas and all K users, o; are obtained using (5.14). Quantization is then
performed on each element of o; to obtain those entries of ¢; that correspond to the
selected antennas at time ¢. Next, the elements of the belief vector, i.e., w;41’s are
updated using (5.27). At the beginning of time slot ¢ + 1, the antenna selection
vector is updated as a;;+1 = 1 (i.e., the i-th antenna is selected), if w; ;41 is among
the N largest entries of w41, or ;441 = 0 otherwise. The antennas selected by the
action vector a;y; are used for data transmission with the users at time slot ¢ 4 1.

The computational complexity of our proposed myopic antenna selection algo-
rithm is given as follows. Computing the elements of o; as in (5.38) has a com-
putational complexity O(NK). Updating the elements of the belief vector has a
computational complexity O(M — N) (see (4.12)), and then finding the N largest
elements of the M x 1 belief vector has a computational complexity O(M log N) [70].

Since we assume that the BS is equipped with a large number of antennas (i.e., M
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is large), the total computational complexity of the myopic policy-based antenna
selection algorithm is O(M log N), which is significantly lower than the computa-
tional complexity of the value iteration algorithm with the computational complexity

O(|S]? x | A|) per iteration [69] (in our problem, |S| =2M and |A| = (%))

Algorithm 3 The myopic-policy-based antenna selection for multi-user systems
Initialization: Given the channel correlation factor & and large-scale channel vari-
ations of all users {07, }5 . set the threshold value v.
At each time slot :
Input: [hi,t]iEI(at)-

1: Obtain the elements of the observation vector o, = [0, ], where

h.||?, ifieZ(a),
O»L'yt — || 7t|| 1T ] (at) (538)
0, otherwise.

2: Quantize the elements of o, into a and [ using (5.37) and update the entries of
c¢; which correspond to the selected antennas at time t based on (5.25).

3: Update the belief vector w1 using (5.27).

4: For 1 =1,2,--- , M, choose the i-th entry of a;;; as

1, if w441 among the first N highest entries of w41,

o {0, otherwise. ( )

Output: a;

In our proposed antenna selection method in Algorithm 3, we assume that the
optimal threshold value v is known for given channel correlation vector £ and large-
scale channel variations of all users {0} ;}/_,. Given the value of v, the transition
probabilities p1; and pg; can be obtained empirically. Note that, the optimal thresh-
old value v can not be expressed in a closed form [62,63]. We will show the effect of
the optimal threshold value on the performance in our numerical examples. In the
next section, we propose an efficient offline method to obtain a lookup table for the
optimal value of the threshold v for given M, N, and K and for any value of the

channel correlation vector € and {07 , }H< .
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5.6 Optimal Threshold Value for Channel Quan-
tization

According to Algorithm 3, in the selection stage, ||h;||? is quantized into two levels in
order to update the entries of ¢;. Thus, the performance of the myopic-policy-based
antenna selection algorithm depends on the threshold value v used for quantization.
In this section we aim to find the optimal threshold value, denoted as v*, which
results in the best performance of our proposed myopic policy algorithm. Note that
v* is different for different values of M, N, K and the large-scale channel variations
of all users {0} , }i_,. To find v* for any given M, N, K (where M > N > K), and
the given large-scale channel variations of all users {ai’k}szl, we use the MU-MIMO

sum-rate in (5.4) to define the time-averaged sum-rate, denoted as R, as

t
. 1 P
R =-S"1 (d ¢ (1 I ) 5.40
t t; o8 (et (14 oy e, w2 Y (5:40)

We use a search algorithm to find the optimal threshold value v* as

v* = arg Jnax Ry. (5.41)

where L is the upper limit of the threshold value and its value is chosen based on
the statistics of channel coefficients. More specifically, adopting 3-¢ rule, we choose
L = i/ +30), where ¢/ and o}, are the mean and the standard deviation of ||h;||>. As
the k-th element of h;; is a zero-mean Gaussian random variable with variance o7, ,,
the channel gain |/h;¢||? is the sum of gamma random variables with the same shape
parameter 0.5 but different the rate parameters {07 ,}/_,. Using the derivation
of mean and variance of the sum of non-identical gamma variables in [73], we can
approximate p/ and 022 as

1 & 1 &
T B Z T e o) ~ 5 Z Thk (5.42)
k=1 k=1

To avoid the exhaustive search to find v* in (5.41), we propose a heuristic iterative

search method for finding the optimal threshold value as in Algorithm 4. Based on
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Algorithm 4 Optimal threshold value

Initialization: Given ¥, and K, obtain the value of 1/ and o}, using (5.42), and
L = i/ + 307, and choose vg) = %, vg) = vg)—k%, and US) = U(Cl) —%. Set T = 1000,
stopping threshold ¢, and 7 = 1.

Input: M, N and K

1: while £y >¢ do

2: Calculate the value of Ry for vg), vg), and vl(j) and find the point which

results in the largest value for Ry. This point is introduced as ng).

3: Obtain vI(jH) = Ug+1) - QiLH, and Ug) = Ug) + 21%
4: 71— 1+ 1.
5: end while

Output: v* = U(Ciﬂ)

our proposed search algorithm, at each iteration, three different points are selected
as the possible threshold values, namely left-side point, center point, and right-side
point, which are denoted as vy, v¢, and vg, respectively. Here, we use ¢ to denote the

iteration index. In the first iteration (i = 1), we choose US) =L vg ) = "08 it L and

US) = v(cl) — £ We then calculate the value of Ry for vg), Ug), and vg ) and find the

point which results in the largest value for Rp. This point is denoted as vg+1), and

the following update is performed: vgﬂ) = vg+1) — 21317 and vgﬂ) = U(CHI) + 2£r1.

We iterate this procedure until 2% is sufficiently small. Then, we choose v* = vg+l).

In the next section, we provide the simulation result to evaluate the performance
of our proposed myopic-policy-based antenna selection algorithm given that the
optimal threshold value is used for the channel gain quantization in the selection

stage.

5.7 Simulation Result

In this section, first we validate the optimality of myopic policy for positively cor-
related two-state channel model, and then study the performance of our proposed

Algorithm 3, on the actual Rayleigh fading channel.
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5.7.1 Two-State Channel Model

In this subsection, considering the two-state model in (5.24), we aim to verify the
optimality of the myopic policy solution in Theorem 1. In this example, we assume
K =2 {a,p} = {4 x v/0.1,4 x 10}, po1 = 0.2 and p;; = 0.8. Here, we use the
existing POMDP solver software in [56] use the value iteration method to compute
the optimal policy. In our experiment, we aim to show the optimality of the myopic
policy when the sum-rate upper-bound in (5.7) is defined as the reward function.

We define the time-averaged Ry, of the sum-rate upper-bound as
.1
Ry =~ Z; R(s,, a,). (5.43)

Fig. 5.3 shows Riooo, in bits per channel use (bcu), versus U—PQ, produced by both the
myopic-policy-based and the value-iteration-based algorithms, for different values of
M and N. Note that our POMDP-based antenna selection technique converges in
about 1000 time slots, we plot Rigg, and the results are averaged over 100 Monte
Carlo runs (for same users setup). As it can be seen from Fig. 5.3, for same values
of M, N,K, and %3, the time averaged sun-rate upper-bound values are same for
both myopic-policy-based method and value iteration based solution. The results

validate the optimality of the myopic policy for the antenna selection problem.
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Figure 5.3: The time-averaged sum-rate upper-bound versus U—PQ, for the two-state
channel model.

5.7.2 Gauss-Markov Channel Model

In this subsection, considering the Gauss-Markov channel model in (5.36), we apply
our proposed myopic policy (Algorithm 3) to the antenna selection problem in a
massive MU-MIMO system. We need to quantize the channel gain ||h;||* of the i-
th antenna at time ¢, based on (5.37), and then use the myopic policy for the antenna
selection problem. Note that this two-state quantization is performed only in the
selection stage to find the best set of antennas. We use the non-quantized channel
coefficients corresponding to the selected antennas for ZF beamforming. Here, we
use the time-averaged achieved sum-rate R, in (5.40) to evaluate the performance of
Algorithm 3. Since the quantization in (5.37) depends on threshold v, the transition
probabilities depend on v. As the transition probabilities have a direct impact on
the performance of Algorithm 3, we aim to find the optimal threshold value v* that
results in the best performance. Again, all results are the averaged over 100 Monte

Carlo runs.
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Optimal threshold value

In the first part of our simulations, we show the impact of the threshold value v
on the performance of our proposed myopic-policy-based antenna selection method,
i.e., Algorithm 2. Furthermore, we show that the optimal threshold value v* depends
on M, N, K, and {U%’k}szl. Then, we validate the performance of Algorithm 4 for
finding the optimal threshold value v*, by comparing it with that by a numerical
search. We first consider five different scenarios with different user channel large-
scale variations and fading correlation coefficients. Here, for large-scale variation of
a channel, we use the path loss model o7, = gd,;?), where d}, is the distance between
the k-th user and the BS, the path loss exponent is 3, and the path loss constant
o0 is chosen such that at the cell boundary (i.e., for dy = 500m), o7,/0* = —5
dB. Furthermore, to obtain the fading correlation coefficient &, of the k-th user, we

use the Jakes’ model [74], that is, for a WLAN 802.11 system operating at carrier

frequency f. = 2.4 GHz, & can be obtained as &, = JO(ZWX’}’;;), where Jy(+) is the
Bessel function (order zero), V;, is the k-th user’s speed, C' = 3x 10 m/s is the speed
of light, and the bandwidth frequency fy = 2.5 KHz. For example, for a user with
speed Vi, = 3.6 km/h (i.e., pedestrian speed), Vi = 36 km/h (moderate vehicular
speed), and Vj, = 140 km/h (high vehicular speed) are & = 0.999 &, = 0.986, and

& = 0.95, respectively. We consider the following five scenarios:

e Scenario i, low-speed and low-SNR users:
Four users with € = [0.997 0.998 0.996 0.999]7, that are located in varies
distances from the BS, where the users’ SNR, {Po?,/c*}{_, uniformly dis-

tributed in the interval of [0, 0.5] dB.

e Scenario ii, low-speed and high-SNR users:
Four users, with & = [0.997 0.998 0.996 0.999]7, that are located in varies
distances from the BS, where the users’ SNR, {Po?,/0?}}_, uniformly dis-

tributed in the interval of [9.5,10] dB.
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e Scenario iii, high-speed and low-SNR users:
Four users, with € = [0.92 0.9 0.91 0.92]7, that are located in varies distances
from the BS, where the users’ SNR, {Po7, /o?}{_; uniformly distributed in the
interval of [0,0.5] dB.

e Scenario iv, high-speed and high-SNR users:
Four users, with & = [0.92 0.9 0.91 0.92]7, that are located in varies distances
from the BS, where the users’ SNR, { Po?, /o*}}_, uniformly distributed in the
interval of [9.5,10] dB.

e Scenario v, random speed and random SNR users:
Four users with & = [0.999 0.96 0.97 0.98]7, that are located in varies
distances from the BS, where the users’ SNR, {Po7,/o?}{_, uniformly dis-

tributed in the interval of [0, 10] dB.

Assuming K = 4, M = 100, and N = [10 : 20 : 100], we plot averaged sum-rate
Riono for a range of threshold v. The results are shown in Figs 5.4a-5.4e for Scenarios
i-v, respectively. These figures show that there is an optimal v*, for these tested
scenarios. As can be seen from these figures, for given M and K, the impact of
the optimal threshold value on the performance of the myopic-policy-based antenna
selection algorithm is more noticeable for small values of N. This is due to the fact
that with decreasing the value of N, the choices of selecting N antennas among M
available antennas increases, and thus, the performance is more sensitive to labeling
channel gains as good state.

Note that in these figures, the accuracy of the exhaustive search approach is
limited up to 0.1. It is worth it to mention that in our proposed Algorithm 4, with
any changes in a,%,k, we can scale the optimal threshold value to obtain the updated
one. To elaborate more on this property, we provide the following illustration.
Considering normalized channel vectors (a,%,k, =1, for k =1,2,...,K), in Fig.

5.5, we plot the obtained optimal threshold value from Algorithm 4 versus N, for

80



22 T T T T T T T T T T T T

—a— N =10
3r —»— N =30 —>— N =30

g EmW»
- ~ 14 1
g E

2 5 12t

o €

Eo ?0107

g et A g sl

o o

= >

< <

—0— N =50 at —0— N =50
2L —0— N =70 1 —0— N =70
—%— N = 90 - 2 —#— N =90

1 I I I I I I I
01 02 03 04 05 06 07 08 09 1 11 12 13 14 15 03 05 07 09 11 13 15 17 19 21 23 25 27
(% (%

(a) ()

Averaged R1000 (becu)

10 | ,

BW.

B —8— N =10

61 —»— N =30 1
—0— N =50

4+ —O0— N =170 B
—%— N = 90

2 I I I I I |
03 05 07 09 11 13 15 17 19 21 23 25 27 2.

29

= =
Q Q
£ 2
8.k |
g S Iww»
o (=]
= =
@ @ 6f |
3 3
o0 oh gL 4
I @
- —
g g T e L o o S A
< < 2 —8— N =10 3
—»— N = 30
—0— N =50
oF —0— N =170 ]
—&— N = 90
2 | | | | | | | | ; ; ; ; ; 2 | | | | | | ; ; ; ;
03 05 07 09 11 13 15 17 19 21 23 25 27 2. 03 05 07 09 141 13 15 17 19 21 2.3
v
(d) (e)
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Figure 5.5: Optimal threshold value versus N for Scenarios i-v, for K =4, M = 100,
and normalized channel vector.

K =4, M = 100, and & vectors in Scenarios i-v. As can be seen from Fig. 5.5,
for given N, the optimal threshold values v* for respective Scenarios i-v are close.
This feature allows us to obtain a threshold value for normalized channel vectors,
and then scale it to obtain the optimal threshold value corresponding to {of , }i,
in each aforemention Scenarios i-v, for the same values of M, N, and K. More
specifically, for normalized channel vectors, we first obtain the mean p' and the
standard derivation of, of ||h;,||? as & and /%, respectively, from (5.42), and then,
use these parameters in Algorithm 4 to obtain the optimal threshold value v*. Then,
for {of ,}ie, in each Scenarios i-v, we scale v* to obtain the optimal threshold

value as (O’h \/— . p"), where 1" and o are the approximations of the mean and

the standard derivation of the channel vectors with X, = diag([o} ,]/_;) which are
obtained from (5.42). So, by obtaining ;" and o7 corresponding to each aforemention
Scenarios i-v, we can scale the results shown in Fig.5.5 to find the optimal threshold
value for each Scenarios i-v. In Table 5.1, for Scenarios i-v, we tabulate the result

of obtained optimal threshold value from both exhaustive search and Algorithm 4.
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Table 5.1: Values of v* for different scenarios

N | v*, exhaustive search | v*, Algorithm 4
10 0.3 0.335
30 0.2 0.246
Scenario i 50 0.2 0.201
70 0.2 0.156
90 0.1 0.089
10 2.7 2.649
30 2 2.025
Scenario ii 50 1.6 1.558
70 1.2 1.246
90 0.8 0.779
10 0.3 0.263
30 0.2 0.239
Scenario iii | 50 0.2 0.191
70 0.2 0.167
90 0.1 0.119
10 2.1 2.124
30 1.9 1.947
Scenario iv | 50 1.6 1.598
70 1.3 1.239
90 0.9 0.885
10 1.1 1.180
30 0.8 0.853
Scenario v 50 0.7 0.711
70 0.5 0.426
90 0.3 0.284

Performance evaluation of Algorithm 3

In this subsection, using the obtained optimal threshold value v*, we compare the
performance of Algorithm 3 with two other schemes: 1) a random antenna selection
policy, and 2) a full CSI-based policy, which relies on full CSI of the M antennas
to select N antennas with the N highest channel gain. Note that full CSI policy
provides an upper bound for the achieved sum-rate. For K = 4, and M = 100,
Figs. 5.6a-5.6e show the average values of RIOOO versus different values of RF chains
N = [10: 20 : 100}, for Scenarios i-v, respectively. Figs. 5.6a, and 5.6b show that

the performance of Algorithm 3 is within 0.3 bcu from the full CSI based policy.
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As can be seen from Figs 5.6¢ and 5.6d, the performance gap between the myopic
policy selection and the full CSI based policy increases. This is expected due to
the fact that for high-speed users, pg; is significantly higher than that probability
for low-speed users. According to (5.27), a higher value of pg; lowers the chance of
those unselected antennas in a specific time slot, to be selected in the subsequent
time slots, as compared with those selected antennas that are in bad state. As such,
the algorithm will have less possibility to explore among unselected antennas for the
next time slot. However, such exploration (among antennas) possibility increases as
N increases, thereby closing the performance gap between the myopic policy and
the full CSI based policy. Finally Fig.5.6e shows that in the more realistic Scenario
v, where a mixed of low- and high-speed users are to be served, the performance of

the myopic policy is very close to that if the full CSI based policy.
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The impact of increasing the number of users on the performance of
Algorithm. 3

To study the impact of increasing number of users on the performance of Algorithm
3, we consider four different scenarios, where in each scenario, all users have the
same speed but are located at random distances from the BS. The details of these

scenarios are as follows:

e Scenario vi: Low-speed users, with & = 0.999 for £ = 1,2,..., K, are located
in varies distances from the BS, where the users’ SNR, { Po?, /o?};_, uniformly

distributed in the interval of [0, 0.5] dB.

e Scenario vii: Low-speed users, with & = 0.999 for k£ =1,2,..., K, are located
in varies distances from the BS, where the users’ SNR ,{ Po?, /o }:_, uniformly

distributed in the interval of [9.5,10] dB.

e Scenario viii: High-speed users, with &, = 0.9 for £ =1,2,..., K, are located
in varies distances from the BS, where the users’ SNR ,{ Po?, /o };_, uniformly

distributed in the interval of [0, 0.5] dB.

e Scenario ix: High-speed users, with & = 0.9 for £k = 1,2,..., K, are located
in varies distances from the BS, where users’ SNR, {Po?,/o?}}_, uniformly

distributed in the interval of [9.5,10] dB.

Considering M = 100 and N = 30, we first obtain optimal threshold value v*
for different numbers of single-antenna users K = [2 : 2 : 16]. We then use the
optimal threshold value v* for each value of K to plot }?1000 versus K in Figs. 5.7a-
5.7d for Scenarios vi-ix, respectively. As can be seen from Figs. 5.7a and 5.7b,
the performance gap between the myopic policy and the full CSI policy based is
relatively small (less than 0.2 bcu use) for low-speed users. This performance gap
increases for high-speed users to about less than 0.9 bcu and 1 bcu in Figs. 5.7¢

and 5.7d, respectively. As can be seen from Fig. 5.7, the gap between the myopic
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policy and full CSI/Random selection policy approximately remains unchanged with
adding extra users.

Interestingly, it shows from Fig. 5.7 that for given M and N, there is an optimal
number of users that leads to maximum sum-rate performance. Serving fewer or
more users than this optimal number of users leads to performance loss. If the
number of users that are to be served is larger than this optimal number of users, user
clustering in addition to antenna selection is required. Note that, user scheduling
has direct impact on antenna selection techniques and vice versa. Indeed, devising

joint antenna selection and user scheduling method is the next step in this line of
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research that will be presented in the next chapter of this dissertation.
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Chapter 6

POMDP-based Joint Antenna
Selection and User Scheduling
Algorithm

6.1 System Model

We study a multi-user massive MIMO system where a multi-antenna base station
(BS), equipped with M antennas and N RF chains (M > N), communicates with
U single-antenna users in a cell. Here, we assume that the number of available users
is larger than the number of RF chains (U > N). The system operates in time
division duplexing (TDD) mode, and hence, the channel state information (CSI)
can be acquired during uplink transmission. Here, we resort to zero forcing (ZF)
beamforming to eliminate inter-user interference. To fully cancel out the inter-user
interference, at each time slot, the number of scheduled users should be smaller
than or equal to the number of active antennas which is the same as the number
of available RF chains. Here, to guarantee a fair user scheduling, we assume all
users are served in a frame that contains A time slots. We use ¢ and t to denote
the frame index and time slot index within a frame, respectively. The structure of
communication frames is shown in Fig.6.1. As can be seen from this figure, each
frame ¢, contains A time slots. At each time slot ¢, for t = 1,2,..., A, the BS selects

a subset of antennas to serve the users scheduled at that time slot by performing
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Each time slol

Downii/nk\ Uplink

Figure 6.1: An Ilustration of a time frame structure

downlink and uplink transmission. Note that we assume channels remain unchanged
during the entire frame. Here, a proper user scheduling technique is required to
guarantee that all users are served in a time frame, while the number of scheduled
users per time slot is larger than one and smaller than or equal to the number of
RF chains. More specifically, considering that each frame contains A time slots,
at the beginning of each frame, the BS schedules each one of the available users
in a time slot to be served. Let us define IC;; as the set of user indices scheduled
at the t-th time slot in the /-th frame, for t = 1,2,..., A and ¢ = 1,2,.... Note
that, the number of users scheduled in each time slot should be greater than one
and smaller than the number of RF chains, that is, 1 < [IC;;| < N must hold, for
t=1,2,...., and £ =1,2,.... Also, at each time slot, only N out of M antennas
are selected to participate in data transmission. Here, we consider slow enough
fading channels and assume that the channels evolve as a Markov process at the end
of each frame. Consequently, as at each time slot, only N antennas are selected to
serve a subset of scheduled users, only the CSI between the N selected antennas and
the users scheduled in that time slot can be obtained (i.e., partial CSI is available).
Our main goal here is to maximize the expected long-term sum-rate over the entire
frame by scheduling the best subset of users and finding the best N antennas to

participate in data transmission at each time slot. Considering that only partial
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CSI is available and the channels’ dynamic proceeds as a Markov process, we use

POMDP framework to formulate out joint antenna selection and user scheduling

(JASUS) problem.

6.2 Problem Formulation

To formulate the system model, we denote the random time-varying channel matrix
between M antennas and U users in frame ¢ as H, £ [hie hoy -+ hyyl, where
h, = [hm"g]gzl is the U x 1 random between the ¢-th antenna and all U users at
the ¢-th frame, where h,; ¢ is the channel coefficient between the u-th user and the
i-th antenna, for i = 1,2,..., M and u =1,2,...,U. Note that we assume channels
evolve at the beginning of each frame and remain unchanged during the entire frame.
As defined earlier, IC; , is a random set containing the indices of the users scheduled
at the ¢-th time slot of the ¢-th frame. We use Ht’g € CICuelxN ¢4 denote the channel
matrix between the N selected antennas and |IC; 4| scheduled users at the ¢-th time
slot of the ¢-th frame. Note that Ht,g is a |[IC 4| x N sub-matrix of H,. If H and K
are any realizations of thg and IC; 4, respectively, we can write the vector y € C*Ix!

of the corresponding signals received at the users in set K as
y = HWx +n, (6.1)

where x € C**! and n € C**! are the transmitted signal vector and the noise
vector, respectively, and W is the N x || pre-coding (ZF beamforming) matrix.
We can obtain W as

PPN P
W=H/HH") " | ——— : (6.2)
[HH (H HT) %
where P is the total power and || - || stands for the Frobenius norm. We can write
o o K| 1
B HE B G = Tr(HAT) ) =) N (6.3)
k=1

91



where ) is the k-th singular value of H. We use (6.3) to write sum-rate in the ¢-th
time slot as

N P P
R(H) =1o <det I+ — 1 ):IClo <1+ >,
( ) g2 ( 0’2||HH(H HH)_1||% ) ‘ ’ g2 |1Ct\ 1

k=1 )\

|

(6.4)
where P is the transmit power at BS and o2 is the noise variance. To design a
tractable solution for the joint antenna selection and user scheduling problem, we

use an upper bound for the sum-rate in (5.4) in our POMDP formulation. To this

end, considering the fact that (ITI\ L’g /\1_%> < “q <ZIICI ,\2> — |’1C‘TT(HHH)

holds true, we introduce the t-th time slot sum-rate upper-bound Ru(H), for any
given channel realization H, as

Ru(H) = |K|log, (1 + %ﬁﬁm) (6.5)

Let us define the random selected antennas set at the ¢-th time slot in the ¢-th

frame as Z;, and use (6.5) to write the random sum-rate upper-bound of the ¢-th

time slot of the /-th frame as
Ruffer) = Ko, (14— 30 3 Ihaek). (6.6)

iEIt’g uEK:t’g

Furthermore, we define H, = {H,,}}, and write the random upper-bound sum-rate
over the entire frame as
1o P
= = > Kl log, (14 s i), 6.7
)\Z| ] 108 o2[1C, 2 Z Z [hui.c] (6.7)
t=1 ’ ’LEIt’[ UE’CLZ
Here, we aim to design an optimal joint antenna selection and user scheduling policy

to maximize the expected long-term sum-rate upper-bound over frame, given by

7 > Ry(Ho) }. (6.8)
=0

In the next section, we formulate the joint antenna selection and user scheduling
problem using a POMDP framework with the aim to maximize the expected long-

term sum-rate upper-bound, defined in (6.8).
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6.3 POMDP Formulation

In this section, we first define the POMDP components, and then, formulate the
JASUS problem using a POMDP framework. A POMDP formulation is represented

by the following components:
(S, A, T, R(S,A),O, Po(O,A),b) (6.9)

where the state space denoted as S is the set of all possible states; the action
space denoted as A is the set of all possible actions; T is a |S| x |S| matrix of state
transition probabilities; R(S, A) is the reward at state S when action A € A is taken;
the observation state denoted as O is a set of all possible observations; Po(O, A)
is a diagonal matrix whose diagonal elements are the probabilities of observing O
at different states, when action A is taken; and b is the belief vector of probability
distribution over all possible states in S.

Given the above definitions, we now formulate the JASUS problem as a POMDP

problem.
State space

The state space S is the set of finite number of states labeled as S;. The j-th point of
the state space, S;, takes one of the possible antennas channel coefficients matrices,

such that

S;=H; 2 [hy; hy; -+ hyyl, (6.10)

where hy; = [y )Y_,, for i = 1,2,..., M, and hy; is the j-th possible value that
square absolute value of the channel between i-th antenna and u-th user can take.
Indeed, we assume that each ;Lm] is quantized to @) levels, i.e., Bm] € {a,...,a0},

where qy is the g-th quantization level. As a result, we can write the state space as

S = {S1,Ss,...,Squnm}. (6.11)
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The random time-varying state of the system at the /-th frame. denoted as S, =

[|hui7g|2]i:11’227,,,7]\/[, can take one of the QUM elements in S.
u=

1Ly

Action space

The action space A is defined as the set of all possible actions. For the JASUS
problem, action consists of scheduling users and selecting antennas at each time slot.
For ease of notation, let us break down the action of our joint antenna selection and
user scheduling problem to two sperate actions: the antenna selection action and
user scheduling action.

We denote A as the set that contains all possible antenna selection action. The
antenna selection action amounts to selecting N out of M antennas for each time

slot tin a frame, for t = 1,2, ..., A\. Thus, the number of possible actions for antenna

M

A : . . .
N) . We represent the j-th possible antenna selection action as

selection is |A| = (

an M x \ matrix denoted as Aj =[a;; ay; ... a, ], where
ét,j = [dlt,j Zzgw . dM,tj]Ta &it7j € {O, 1}, fOI' t = 1, 2, e ,)\. (612)

Here, for t =1,2,..., A and i = 1,2,...,M; a;; = 1 means that the ¢-th antenna
at the ?-th time slot is selected to participate in data exchange, otherwise a; ; = 0.
Note that only N elements of a;; are equal to one and the remaining elements are
zero. The random antenna selection action matrix at the ¢-th frame denoted as
A, = [a} ], (where aj, is the random antenna selection vector at time slot ¢ in the
(-th frame) can take one of the possible action matrices in A.

We now define the user scheduling action, which is assigning each user to one
of the A\ time slots at the beginning of each frame. To do so, we denote the n-th
possible U x 1 user scheduling vector as a,, = [a1, a2 --. dU,n]T, where a,,,, being
equal to t € {1,2,...,A\} means that the u-th user is scheduled in the ¢-th time
slot in a frame. Note that at each time slot, at least one user and at most N users

can be scheduled. Based on these limitations, the action space for all possible user

94



scheduling vectors can be written as
) U
A={a,[1<) Tayn=1) <N, fort =1,2,...,\} (6.13)
u=1
where I(a,, = t) is an indicator function defined as

(G 9 1, ifa,,=t (6.14)
Gyn =1) = .
’ 0, otherwise.

Note that, the user scheduling vector a,, is equivalent to a U x A matrix denoted as

A, =la;, ay, ... a,|, where
z_)—tn - [alt,n a2t,n s C_lUt,n]Ta aut,n € {07 1}7 for = 17 27 et )\ (615)

Here, @y, = 1, if the u-th user is scheduled at the ¢-th time slot, for t =1,2,..., A,
and v = 1,2,...,U. The random user scheduling action at the ¢-th frame denoted
as A"y = [a] ]}_, (where a, is the random user scheduling action vector at time slot
t in the (-th frame), takes one of the possible action vector A,,, forn =1, 2,..., |Al

Here, we denote the z-th possible JASUS action as A’, where A, = [ gi } , for
j=1,2,....|A and n = 1,2,...,|A|. Thus, the total number of possible JASUS

M

A1 . .
~)" x| A] and we can write our action space as

actions is Z = (
A2 {ALAL . AL (6.16)

We denote A, € A as the JASUS action matrix taking at the ¢-th frame and A, € A

as the random JASUS action matrix at the ¢-th frame, for £ = 1,2, ... cc.
Transition probability

The transition probability matrix, denoted by T, is a QUM x QUM matrix whose
(i, j)-th element, denoted as Tj; , is the probability of the state at frame ¢ being
equal to S;, given that the state at frame ¢ — 1 is S;. Note that in our problem,

the selected action does not impact the channel variations, and thus, the transition
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probability matrix is independent of the taken action. The (i, j)-th element of the

transition probability matrix 7;; can be written as
Ej = PI‘(S( - Sj’Sg,1 = Sz) (617)
Here, we assume that the transition probability matrix T is known.

Observation space

The observation space denoted by O is the set of all possible observation matrices.
We denote the g-th possible observation matrix as O,, where

A
Z iag(a;,) S; diag(ay,), (6.18)

=1
forj=1,2,...,|S|,p = 1,2,...,|fl|, and n =1,2,...,|A|. Let us denote O, as

the random observation matrix at time slot ¢ in the ¢-th frame such that

O = [Ouit.d)i=12...1 (6.19)
u=1,2,....U

where 0,1, can take one of the possible quantized channel coefficient level, o, for
qg=1,2,...,0Q), if the i-th antenna is selected to serve the u-th user at time slot ¢ in
the ¢-th frame; otherwise, the value of 0,0 =0, for t =1,2,... .\, i =1,2,... M,
and u =1,2,...U. We can obtain Ot,g as

0, , = diag(ay,) S, diag(aj,), (6.20)

where aj , is the first M rows of the ¢-th column of A,, while af, is the last U rows
of the t-th column of A,. Thus, the random observation matrix of the entire /-th

frame denoted as Oy, can be obtained as

A
O, = Z O, (6.21)
t=1

where O, € O.
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Observation probability

We denote the conditional observation probability matrix as Po(O,A), that is a
|S| x |S| diagonal matrix. We define Po(O, A) as

UM
Po(O,A) = diag(Pr{Og ~ 0[S, =S, A, = A} ) (6.22)
j=1
whose the j-th diagonal element is the probability of observing O € O at frame ¢,

when action A € A is taken and the state at the ¢-th frame is S;.
Reward

The function R(S, A) represents the immediate reward function for taking action
A, = A at state Sy, = S. Note that here, we assume that the state remains unchanged
during the entire frame. We use the defined total sum-rate upper-bound in (6.7) to

define the reward function for taking action A, = A at state S, = S as

Z ()| log, ( %), (6.23)

where a; is the first M rows of the ¢-th column of A, while a} is the last U rows
of the ¢-th column of A, and KC(a}) is the set of the indices of the users scheduled

at the t-th time slot. Also, for given action a”;, O, = diag(a}) S diag(a}). We can
rewrite (6.23) as

>/I>—‘

zj: |log2< 2|IC Z Z |huz|> (6.24)

zEI(at) uek(at)

where h,; is the channel coefficient between the i-th antenna and u-th user. Here,
IK(a))| = [|a”¢||1, is the ¢-1 norm of vector a; that shows the total number of
scheduled users at time slot ¢. Also, Z(a}) is the set of the indices of all selected

antennas at the ¢-th time slot, when action aj is taken.
Belief vector

At the (-th frame, the belief vector is defined as by = [bys by ... boum ¢]", where

b;¢ is the probability of the state at frame ¢ being equal to S; € S, given all the
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previous actions and obtained observations until frame ¢ — 1. Let us use Hy_; to
denote the action and observation history until frame ¢ — 1, which can be written

as
He1 £ {01, Ar1, Heo}, (6.25)

then we can write the j-th element of the belief vector as
bjo=Pr{S,=S;|He1}. (6.26)

We also define the belief space as B = {b eRE 1™ =1,b O}. Note that by is

a sufficient statistic for H,_; [55], and as we showed in [31], we can obtain b, from

b, as
by =g(O0/_1,Ar_1,bi1), (6.27)
where
Po(O,A)Tb
OAb)2 =22/~ — 6.28
g( 9 9 ) g(O,A7b) Y ( )
g(0,A,b) =1"P5(0, A)Tb, (6.29)

for O € O and A € A. For a given action matrix and belief vector at frame ¢ — 1,
the belief vector at frame ¢ depends on the frame observation matrix O € O which
is a random matrix, and thus, the believe vector in (6.27) also becomes a random

vector. We denote the random belief vector as b, which can be written as
b, £ g(0s_1 ,Ay_1,br1). (6.30)

Also, we use H,_1 to represent the collection of all past observations and actions as

random vectors until frame ¢ — 1 which is given by
He1 = {001, A1, Hoo}. (6.31)

Note that, the observation history H,_; defined in (6.25) is a realization of M, ;

after observing O,_; € O.
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frame ¢ — 1 frame ¢

A N

Downlink  Uplink
w7

Figure 6.2: Illustration of the JASUS problem as a POMDP process.

Given the above defined POMDP-based JASUS problem, we describe the dy-
namic of a real-time POMDP controller in the sequel. We assume that each frame
includes A time slots and each time slot includes one downlink and uplink transmis-
sion. We assume that channels evolve at the beginning of each frame and remain
unchanged during the entire frame. Note that here the system mode is TDD, and
thus, at each time slot, the channel coefficients between the selected antennas and
scheduled users can be obtained at the end of the uplink transmission. At the begin-
ning of each frame, the BS chooses the JASUS action matrix, meaning that the BS
schedules all available U users in A time slots and determines the selected N out of
M antennas to serve scheduled users for each time slot in that frame. According to
our defined user scheduling restrictions, at least one user and a maximum of N users
can be scheduled in each time slot in a frame. In addition to that, for designing a fair
scheduling method, we guarantee that all U available users receive data only once
in a frame, meaning that each user will be scheduled in one time slot in a frame. At

frame ¢ — 1, at time slot ¢, the observation matrix ()t7g,1 can be obtained from the
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uplink transmission for t = 1,2,...,A. At the end of the frame ¢ — 1, O,_; can be
obtained by using (6.21). Given that action A, ; was taken, the BS uses obtained
O,-; and all the available history information until frame ¢ —1 (which is represented
in by,_;) to obtain (update) the belief vector by, and then, chooses an action matrix
at frame ¢. The main goal here is to take optimal actions {A,}, % such that the
expected cumulative reward E { z;og R(Sy, Ag)}, is maximized. Here, F{-} is the

expectation taken with respect to random states {S,}/5.

6.3.1 Objective Function

At each frame /¢, given the updated belief vector by, the BS selects an action that
is Ay = m(by), where m(-) is used to denote policy for frame ¢ = 1,2,..., 0.
Note that since our problem is an infinite horizon POMDP problem, our policy is
stationary meaning that a single decision-making rule 7(+), can be used for all time
frames [55].

Considering above definition of policy, we denote the objective function as J, (by),

where by is the initial belief vector, and we define J,(by) as

J=(bo) = Eys,y{ f: R(S, Ag)’bo} — Eisy i R(S, w(bg))‘bo}, (6.32)
=0 £=0

where S, € S, A, = m(by) € A and E(s,;{-} is the expectation which is taken with
respect to the states probability distribution {S,}/%, given initial belief vector by,
for ¢ =0,1,2,...,00. Note that, the notation J,(bg) presents the objective function

under policy 7(-). The main goal here is to find the optimal policy such that
7" = argmax J;(by), for any by. (6.33)

Considering the fact that random action matrix A, is a function of the belief vector
b,, and b, is a function of O,_;, as shown in [31](see Section. 3.3), we can rewrite

Jr(bg) as

|S|

+o00
Te(bo)=> Ew_l{ > R(S;,Anby
=0 j=1

bo} _ E{w}{ frT(Ag)bg‘bo}, (6.34)
=0
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where {H,_1} is the whole history until frame ¢ — 1, and the vector
r(A) £ [R(S1,A) R(S2,A) --- R(Sguwm,A)|T is the corresponding reward vector
for taking action A. Considering H,_; as a realization of H,_;, we define the
function r”(A,)by as the expected immediate reward function at the ¢-th frame.
Considering the fact that a POMDP problem is a continuous belief state MDP
(see [55]), we can use the value iteration algorithm to find the optimal policy. How-
ever, the high computational complexity of the large-scale JASUS problem, prohibits
us to use such an algorithm. Indeed, the computational complexity of the value
iteration algorithm is O(|S]* x |A|) per iteration [69], which is computationally in-
tractable for large state space and action space. Thus, a suboptimal policy which
is computationally affordable, is more attractive for the massive JASUS problem.
In the next section, we propose to use myopic policy due to its low computational
complexity and show that under certain conditions, the myopic policy provides the

optimal solution for our defined POMDP-based JASUS problem.

6.4 Myopic Policy for Two-state Channel

In this section, we consider that the elements of states are quantized to two levels
(i.e., @ = 2) denoted as a and  to present good and bad state, respectively.

Assuming a > (3, we write

Bui,j S {Oé, 5}7

for j=1,2, ...,2"i=1,2 ..., M, and foru=1, 2, ..., U. (6.35)

Here, we assume that the channel state is modeled as a two-state Markov chain
with bad (0) and good (1) states over frames, as shown in Fig. 4.2, where p;; is the
probability of state transition from i to j, for i,7 € {0,1}. The two-state Markov
chain model is called positively correlated, if p11 > po1, meaning that Bum with
higher probability remains in good state compared to changing from bad state to

good state.
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Considering a two-level quantization for Isz»,j, we redefine the state space as
C ={C; }j 1 , where the j-th element of the state space C; is a U x M matrix,
such that C; = [c1; €2, ... ¢, where ¢;; = [c1ij €25 .. cuij]t, for
i=1,2,...,M. Thus, for j = 1,2,...2M =12 ..., M, andu = 1,2,...,U,

we can obtain c,; ; as

Cuig =9 a0 (6.36)
’ 0 lf hui,j = ﬁ

Furthermore, here we denote c,;; as the random channel state of the link between
the i-th BS antenna and the u-th user in the /-th frame. Using the redefined state
space, we can simplify the belief update formulation. To do so, first we define the
conditional probability of |h,;.|* (the square absolute value of the channel between
the i-th BS antenna and the u-th user at frame /) being in the good state, given
the history up to frame ¢ — 1 as wy; 2 Pr(cyie = 1|/Hy_1), for i =1,2,..., M, and
u=1,2,...,U. Thus, at the /-th frame, the belief matrix can be defined as

More specifically, since channels are independent, and as for each S, there is a
corresponding C,, at the /-th frame, the j-th element of the belief vector can be

obtained as

U M
bje =Pr(Cp= C;|Hp_1) = H H I(Cyip = Cuij|He—1)

U M
= JITTe (1 - o (6.37)

Thus, to update the belief vector, we can update the probability of channel being
in good state, w,;s. According to our proposed user scheduling restrictions, all
users will be scheduled in only one time slot in a frame. Therefore, at each time

slot ¢, only the CSI of the scheduled users and the selected antennas at that time
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slot can be observed. At frame ¢, for given action A,, the antenna selection vector
a; , = [a}, ]}, is the first M rows of the ¢-th column of Ay, while the user scheduling
vector ay, = [a, ,|i, is the last U rows of the t-th column of A, fort =1,2,... A,
At time slot ¢, in the /-th frame, the i-th antenna and u-th user are selected to
participate in data transmission, if aj, , = 1, and ay, , = 1, respectively; otherwise
ay,=0,and ay, , =0, fori=1,2,... M, andu=1,2,...,U. 7

Based on our action matrix A, and observed CSI corresponding to that action,
for the next time frame ¢+ 1, we can update the probability of being in good state,
Wyie+1 according to Algorithm 5. At each frame ¢, and at each time slot ¢, observe
|huiel?, if the i-th antenna is selected (i.e., if a},, = 1, for i = 1,2,..., M) and u-th
user is scheduled to be served (ie., if ay,, = 1, for u = 1,2,...,U) at that time
slot. If the observed state is good (i.e., ¢y = 1), update as wy; 41 = p11, and if
the observed state is bad (i.e., ¢, = 0), update as wy;+1 = po1. The probability
of being in good state of the remaining channel links (non-observed channel links)

can be updated as wy;p+1 = Wyiep11 + (1 — Wyie)Por-

Algorithm 5 Updating the probability of being in a good state

1: for t=1:)\do
2: for u=1:U do

3 for i=1: M do
Pn if aét,é =1, a’Zt,é =1, and Cuif = 1;
Wui b1 = Pot if aj,p =1, aj, =1, and cyip = 0;
Wyiep11 + (1 — wyig)por  Otherwise
(6.38)
4: end for
5: end for
6: end for

We now use the redefined state space and belief vector to rewrite the expected
immediate reward function. To do so, considering that Pr(cy s = 1|Hi—1) = wuis

and Pr(cy = O[He1) = 1 — wyip. we define f(w,¢) = w(1 — w)'~¢, and rewrite
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(6.37) as

u M
:HH (Wai ts Cuig)- (6.39)

Thus, using (6.39), we can obtain the elements of the belief vector b, based on the

values of €y = [wy;sli=1,2,...,.m, and for given action A, at frame ¢, we can rewrite
u=1,2,....U

the expected immediate reward function r”(A,)b, as

S| C]
R(A,, Q) 2" (A)by = > R(S;, A)bje = > R(S;, A)Pr(C, = C;[Hi)
j=1 j=1
IC] A p U M
- Z ZVC atf |10g2 <1+T Z Z uz,y) HH Wuzﬁacuz,j
| (at Z)| lGI(a;YZ) uElC(a;’y ) u=1 i=1

(6.40)

where aj, is the first M rows of the t-th column of A, while af, is the last U
rows of the ¢-th column of A,. Also, note that here hy; € {a,3}. Let us define

= IK(af,)| as the total number of users scheduled at the ¢-th time slot in the
(-th frame. For the j-th possible state matrix, and for given K, ,, at time slot ¢
in the ¢-th frame, only (N x K;,) elements of the state matrix corresponding to
the N selected antennas and K, scheduled users, can be observed. Considering
huij € {a, B}, at the t-th time slot of the (-th frame, we denote Z/ 7+0 as the total
number of elements in the set {hy;;,7 € Z(a;,),u € K(af,)} that are equal to a, for
j=1,2,...,|C|. Thus, the remaining (NK;,) — Zj, , elements of this set are equal

J
to 3. We can then write

K (at€)|1og2 <1+ 2|IC ate Z Z uz])

i€Z(a )ueIC( " o)

Pa Pg
K, ,1 (Z’. 1+ —2 VL ((NK,,) — 7. (1 —) 6.41
X tl Og2 ]t,@( + O_QKt%Z) + (( t7€) ]t,f)( + 02K24> ( )
7RZ;t£

Note that for given antenna selection vector a; ,, and user scheduling vector a},,

at time slot ¢ in the ¢-th frame, for any possible state matrix in the state space
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that have same value of Z’ %10, their obtained RZ/ values are equal. Thus, for given
antenna selection vector a; ,, and user scheduling vector aj,, we can partition the

state space C as
NK,,

C= U C.(al,, ), (6.42)
where C.(al.a) = {C = [e1 e - eu] € C | [ding(al,) C diag(al,)|? = =},
We now use (6.42) to rewrite (6.40) as

U M
R(A, Q) = ;z DS AT e

t=1 2=0 Cec(t[’ a; )

Z H H f(wui,b Cui)

CECz(a;tl,a;’Z) u=1 i=1

Z H H f Wi by Cuz H f(wm',g, Cm-),

CeC:(ay pa; ) uek(ay,) i€T(ay uekt(ay,) i€zt (a; ,)
(6.43)

where, R. can be obtained from (6.41). Also, Z'(aj,) and K*(af,) are the set
of the indices of the non-selected antennas and non-scheduled users at time slot ¢
in the (-th frame. Since 7" (aj,) is the complement set of Z(aj,), we can write
[Z(aj,)| = N and |Z*(a},)| = M — N. Also, for the same reason we can write
|K(a},)| = Ky, and |[K*+(a},)| = U — K. Here, we can split C € C.(a},,a},) into

two sub-matrixes C' = [¢/,;]i=1,2,..m and C” = [c/.]i=1,2,.. .1, such that
U U

1=1,2,.
u= 1727 3]

, and

) _ Jew ifie I(a;,) & u € K(af,)
0 Otherwise

. {wiﬁel%%ﬁ&ueKH#Q (6.4

0 Otherwise
Note that the entries of C” can be either 0 or 1, while C' € C.(a},,a;,) = {C' :

|C’||* = z}. Therefore, we can rewrite (6.43) as

NK; .

i;Rx

t=1

R(A,, &) =

>/IH
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=
&
g
B
O
g™
~»

(wui,éa CZz) )

crec, (ag’wa;,l) C" wek(a),) i€Z(a) ,) uekt (ai”z) i€t (a) ,)
1 A NKgy
- X E R, E H f(wuz 0 m)
t=1 2z=0 C’EC; (a;/yé,a;j) uelC(a;’Z) zEZ(ai )

H H f Wi 0, C uz

C" uekt(ay,) €T (a]
N ;rl -’
1 A NKiy
SEYe £ ] e 09
t=1 2=0 c’ec’ (atpa P) uek(ay ) i€Z(a; ,)

where the second parentheses is the summation of the probabilities of all possible
values that the elements of C” may take and thus it is equal to 1.

Let us denote R(ag 0> & 4, ) as the obtained expected immediate reward func-
tion at the ¢-th time slot in the (-th frame, when taking actions a;, and aj,. Con-

sidering that channels remain unchanged during the entire frame, we can write

NK;

R('a;/,év a;g, Qf) = Z R. Z H H f(wul',57 C;z) (646)
z=0

CreCl(a), a),) uek(ay,)i€l(a,)

Note that

R(A, Q) =

>/I*—‘

A
Z at,ﬁ? a:t,& Qf) (647)

As we showed in (6.45), at time slot ¢, the expected immediate reward function

depends only on ({wuie},i € Z(a;,),u € K(af,)). We define

NK, N K
D IRED DR | § § ELCTLN (6.48)
z=0 HC’ |27z i=1 u=1

Then, for given vector x = vec({wuir},7 € Z(aj,),u € K(af,)), where vec({-})
generates a vector with entries of the given set elements, we can write (6.46) as
fvec({wuie},i € I(aj,),u € K(af,))) = R(ag”g, a; y, ). Here, we aim to show that
f(x) in (6.48) is a regular function with respect to x = vec({wuie},i € Z(a;,),u €

K(af,)). We define a regular function in the below definition.
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Definition 2. f(x) is a regular function with respect to x = |[xy o -+ xgn|T, if
f(x) satisfies structural properties C1, C2, and C3 which are described in Defini-

tion 1 in Section. 4.35.

According to the regular function definition, the function f(x) is regular if its
symmetric, decomposable and monotone. The authors in [41] showed that, for
positively correlated two-state model, if the expected immediate reward function is a
reqular function, myopic policy is the optimal solution for the POMDP-based prob-
lem. More specifically, a policy which maximizes the expected immediate reward

function, results in maximizing the expected long-term reward function as well.
Lemma 2. Function f(x) in (6.48) is reqular.

Proof. We show that C1, C2, and C3 described in Definition. 1 hold true for f(x) in
(6.48). To do so, we first start to prove that f(x) is symmetric and satisfies C1, and
for any j,lif f([zq -+ x; - a -o- wpn)) = f(lzn oo @ ooy o zen]T) =0,

f(x) is symmetric. Thus, we write

f([xll 'ij qu xKN]T) _f([wll qu ijj 'IKN]T)
NKi
Z RZ” Z f Lpj, € PJ x‘ﬂ’ ql H Hf xuza uz
1= Z#Jl wﬁqp
NK; ) Kuo
Z Rz Z f(qu’ P] $m, ql H Hf Lyi, C uz
=0 o= i
7], uipq
NKtZ th
Z R Z <H H‘f Luis Cui > ('IP]’ pj)f(quac;l) - f(qu7C;7j)f(xpj7C;l))a
= ICP=e zl#zy,l Wﬁp,q P
2i(c)
(6.49)
where
e = (6.50)
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/

N Ky,
3 / _ /!
(xpjl’ql - Iqll’pj) H H Tyis Cyi) = 0, if Cpj = 1, Cq =
Aiil U=
i£4l
Ky
3 / _ /
(.ij(l - mql) - qu xp] H H f Lyiy C uz if ij - 17 qu -
~~
Tpj~%ql 17&],1 Wﬁpq
Ky,
J— 3 / _ !
((1 = Zp) (1 = zg) — (1 = 2g) (1 — 75) H H f Tyi, Cy;) = 0, if Cpj = 0, Cq =
lsﬁjl U#pq
Ky
3 / _ /!
((1 Tpi)Tq — (1 — 2q) Ty, H Hf Tyis Coyy) if Cpj = 0, Cu = 1.
\ qu Tpj lsﬁ],l U;épq

(6.51)

Using the fact that we define Z,, as the number of channels to be in good state,

/

we can write if 17[¢}, - ¢ - oo en]T

= 2z, then we can say that

170y - ey o dien]T = 2. Meaning that Z [(C') = 0. Thus, (6.49)

2 ql
IC]1?=2
is equal to zero, and f(x) is a symmetric function. We now show that C2 property

holds true for f(x), and thus, f(x) is decomposable. To do so, we rewrite (6.48) as

Nth Ktl
Z R, Z RHC’H2<H Hf Lyiy Cyy > (l’p],Cp]) (6.52)
= IC = 275J u#p

-

2Q(xp;.CL,;)

where C’ 1s the same matrix as C’ where the element ¢

vj» 18 removed. Also, with

similar deﬁnition, X_p; 1s the same vector x where the element x,,; is removed. Note

that Rjc/2 is equivalent to R,. We can rewrite (6.52) as

NK;—1
FE) = > D RiepQxp, C) (1 — zp)+
z=0 C'||?==
HC ||70
NK;

Yo D RiopQ(x, CLy))ay. (6.53)

2=l ||C'|2=2
/!
cm-fl
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Since [|C'[|* = [|C"_,|I* + ¢};, we can now rewrite (6.53) as

NK,; —1

F) = D D Rier, 1 Q(xpy CLp) (1 — )+

z=0 ||C ==
c *O

NK; —1

Z ZRHHC’ 12Q X_pJ7C—p])xP]

2=0 ||| |2*z+1

c -—1
NK,—1
- Z < ZRH”C' HzQ(X—W’ —pJ ZRHC’ HzQ(X—me—pg))pr
z=0 ICL,;II°== ICL;II°==
NK;o—1
- Z ZRHC’ 12Q(Xp;, CLpy) =
=0 |CL,lP=2
NK;o—1
> ( ZQ(X—mC'—m J(Ripjc i — Rucgm||1)>%j+
#=0 HC/—PJ =z
NK;,—1
Z Z RIIC’_I,jIIQQ(X—pjv C,—pj) = Npj Tpj + bpj) (6.54)
Z=0 O, =
NK;o—1
A
where ;2 > (D QX 45, €L (Rusjor i — Bjer, ) and
z=0 IC,;lI°==
NK;—1
0,; = Z Z R”CLMHQQ(X,pj, C’ ;) holds true. Thus, we can write
=0 oL, lP=:

F(x) = api(mp; + 0p5) + (1 — 25)0;
=2y f(len - 2y 1o ank]T)+

(1 — xju/)f([xn cee SL’m',l 0 v LENK]T>. (655)

Thus, according to (6.55) and C2, f(x) is a decomposable function. Using the
decomposable property of the f(x), we show that f(x) is a monotone function as it

holds true for C3. To do so, using (6.54), we can write

f(X) - f(xl) = npj(xpj - :E;)j) (6'56)
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Note that since R1+|IC’_ij2 > R||C/_ij2, it is true that in (6.54), 7,; > 0. Therefore,

/

for x,; > xj,;, we can write

f(x) = f(X') = i (s — 275) > 0 (6.57)

Thus, f(x) is monotone and the proof is complete. Based on the above discussions,
f(x) holds true for all the three properties, C1, C2, and C3 in Definition. 1, and

thus f(x) is a regular function. |

We proved that for given K;, = [K(af,)| , the function fi(agb a; 4, ) in (6.46)
which is the ¢-th time slot expected immediate reward function, is a regular function.
However, to show that myopic policy is optimal, we need to prove that the entire

frame expected immediate reward function defined in (6.47) is a regular function.
Lemma 3. The ezpected immediate reward function in (6.47) is regular.

Proof. For given number of users scheduled at each time slot ¢, (i.e., [K(af,)| = Ki,
fort =1,2,...,\), we showed that R(a;fé, a; , () is a regular function with respect
to vec({wuie}, i € I(aj,),u € K(af,)). More specifically, at each time slot ¢, the
expected immediate reward function only depends on the probability of being in
good state of the channel links between the selected antennas and the users scheduled
at that time slot (i.e., {wuie}, i € Z(aj,),u € K(a},)). Thus, for given number
of users at each time slot, according to (6.47), maximizing individual time slots’
expected immediate reward function, is equivalent to maximizing the entire frame

expected immediate reward function. Proof is complete. |

We use the following theorem to further simplify the myopic policy for our JASUS

problem.

Theorem 5. For given number of scheduled users at each time slot t (i.e., Kiy),
under the assumption of positively correlated two-state channel model, the myopic

policy is optimal and amounts to select NK,, channels with highest probability of
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being in good state (i.e., {wuis},i € Z(a;,),u € K(a},)). More specifically, the
indices of N antennas and the indices of K., users that have largest entries of €2y,
are the indices of selected antennas and users scheduled at time slot t, in the £-th

frame.

Proof. In Lemma 2, we showed that the t-th time slot expected immediate reward
function }N%(a;f &4, €2), is a monotone function with respect to vec({wuie},i €
I(ai,),u € K(a},)). Meaning that R(agie, aj y, ) is monotonically increasing with
({wuir},i € I(a;,),u € K(af,)). Thus, we can maximize R(a;jz,agve,m) with

selecting NV K}, channels with highest probability of being in good state (i.e., highest
({wuir},i € I(aj,),u € K(af,)) values). u

For given K,,, we denote the optimal set of N antenna indices that are selected
at time slot ¢ of frame [ as Z},, and represent the optimal set of K}, user indices that
are scheduled at time slot ¢ of frame [ as K, fort =1,2,... , Aand £ =1,2,..., 00.
Noting that |} ,| = K;, and Z}, = N hold true, we can then write, for any i’ ¢ I},
or u' & K.

Wi’ S minimum{wui7g,i S Izg; u e IC;E} (658)

holds true, fort =1,2,...,AXand £ =1,2,...,00.

So far, we have shown that for given number of users (i.e., K;,) at each time
slot t in a frame, for positively correlated two-state channel model, myopic policy
is the optimal solution, meaning that it maximizes the expected long-term reward
function. However, finding the optimal number of users scheduled at each time slot ¢
amounts to solving another optimization problem, as explain in the sequel. Here, we
denote a A x 1 vector that contains the number of users scheduled at each time slot
in the (-th frame as k, = [K1, Koy -+ K, )7, whose t-th element is equal to the
total number of users scheduled at time slot ¢ in the /-th frame, for t = 1,2,... A
and £ =1,2,...,00. Note that at the beginning of each frame, the BS schedules all

available U users to A time slots such that the number of users per time slot should
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be more than one and less than the number of RF chains. Let us denote U as the
set of all possible k, vectors, when U users are available to be scheduled in A\ time

slots in a frame. We can write

U={k=[k ks -+ k" |1"k=U, while1 <k, <N fort=1,2,...,A}.
(6.59)
Here, we denote kj as the optimal vector that contains the optimal number of users
scheduled at time slot ¢ in the /-th frame. Note that for any possible k, € U, at
each time slot ¢, based on Ki,, we can obtain Z7,, and K}, according to (6.58) to
find the corresponding action vectors aj, = [aj, ]2, and a}, = [a, ,Ji_,, such that

fort=1,2,... A\,

1 ifieZ;
dyy=4 o (6.60)
’ 0 ifi¢I;,
1 if Ky
g = Hes e (6.61)
’ 0 ifug Ky,

where a;; , is the i-th element of a;, and a, , is the u-th element of af,. Note that
ajy;, = 1, means that i-th antenna is selected to serve the users scheduled at time
slot ¢, and ay,, = 1, means that u-th user is scheduled at the ¢-th time slot in
the (-th frame to be served. Otherwise, a;;, = 0, and a,,, = 0. For give vector
Ay
A/,[ Y
with A} = [a} /], and A} = [a] ]}, can be determined from (6.58), (6.60), and

k= [Kiy Kay -+ Kyg' €U, the corresponding action matrix A, = [

(6.61). Then the optimal vector kj can be obtained as

k; = arg max <R(Ag7 Qg)), (6.62)

€U

where for obtained A,, we can obtain the expected immediate reward function

R(Ay, Q) form (6.47).
To summarize, we proved in this section that for given optimal kj, and for

positively correlated two-state channel model, myopic policy provides the optimal
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solution to our JASUS problem. In the next section, motivated by the optimality
of the myopic policy, we aim to design a JASUS algorithm that can be applied to
Rayleigh fading channels.

6.5 Gauss-Markov Model for Rayleigh Fading Chan-
nels

Here, we aim to devise a myopic policy-based algorithm for our JASUS problem that
can be implemented for Rayleigh fading channels. To do so, we assume that channels
evolve according to the first-order Gauss-Markov channel model. We use ¥, =
E {hi,thft} = diag([o} ,]5_,) to denote the diagonal channel covariance matrix, where
oy, large-scale variation of channel between the u-th user and the i-th antenna. We

then write the channel vector h;; ~ CN (Oyy1, X)) as
h;; = diag(€)h,,_; + diag(¢')z;, i=1,....,M. (6.63)

where z;; ~ CN (0«1, 2p) is the i.i.d. innovation sequence which is independent of
the channel vector h;y, fori=1,2,.... M, & =& & -+ &y)' is the fading corre-

lation vector, with &, € [0, 1] being the fading correlation coefficient corresponding

to the u-th user, and & = [\/1—¢& /1—-& --- /1—¢&]". Note that we can

obtain the value of &, according to the maximum Doppler frequency [61].

We aim to quantize the square absolute value of channel coefficients (i.e., |hy; ¢|?, for i =
1,2,...,M,and u = 1,2,...,U) to two levels, good (1) and bad (0), only in the se-
lection stage, to benefit from the optimality of myopic policy for positively correlated
two-state channel model, such that

1 if huz 2 2 y
T (6.64)
' 0, if |hui7g|2 <v,

where v is the quantization threshold value. Using (6.64) to obtain a two-state
channel model, we propose Algorithm. 6, thereby applying the myopic policy for

our JASUS problem. According to our proposed myopic policy algorithm, based on
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action A,_1, at the end of frame /—1, the observation matrix of the entire frame OQ,_;
can be obtained. Note that O,_; = ijl ()t,é—la where the ¢-th time slot observation
matrix Ot,z_l can be obtained at the end of the uplink transmission of that time slot.
At the beginning of the ¢-th frame, given O,_;, we propose to use (6.64) to quantize
non-zero elements of matrix Oy_; (i.e., the observed channel links between selected
antennas and users scheduled at each time slot t = 1,2,..., A ). We then update
the elements of the belief matrix €2, of the next frame using Algorithm 5. Next for
any possible ky € U, based on Ky, (i.e., the t-th element of k), we can obtain Z7,,
and K}, according to (6.58), to find the corresponding action vectors, a;, and aj/,
based on (6.60) and (6.61), respectively, for ¢ = 1,2,...,\. Thus, for any possible
ky € U, there is a corresponding action matrix A, obtained from (6.58), (6.60), and
(6.61). We use Yy(-) to denote a function that maps ky to its corresponding action
matrix A, at the (-th frame, such that A, = Y,(k,). We then use (6.62) to find kj,
and select its corresponding action matrix Ay, = Yy(kj), as the ¢-th frame JASUS
action matrix.

The computational complexity of our proposed myopic-based JASUS algorithm
resides in updating the elements of the belief matrix with the computational com-
plexity O(UM —UN) (see Algorithm.5), and then, in finding the optimal number of
users scheduled at each time slot and its corresponding set of selected antenna indices
and scheduled users indices with computational complexity O(UMAlog UN) [70].
Since in our defined system model we assume that the BS is equipped with massive
number of antennas (M is a large number), the computational complexity of the my-
opic policy-based JASUS algorithm is O(UM Alog UN), which is significantly lower
than the computational complexity of the value iteration algorithm of O(|S|? x |.Al)

per iteration [69].
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Algorithm 6 The myopic policy based antenna selection

Initialization: Obtain U from (6.59). Given the channel correlation factor vector
& and X, set the threshold value v.
At each frame ¢:
Input: O,_;.
1: Quantize the non-zero elements of O,_; according to (6.64).
2: Update the elements of €2, using Algorithm.5.
3: for any possible k, € U/ do
4: fort=1:Xdo
5 Obtain Z,, K ,, according to Ky, using (6.58).
6 Obtain the elements of a; , and af, from (6.60) and (6.61), respectively.
7: end for
8 A }
A.”Z .
9: Save ky and its corresponding obtained A, in a mapping table, A, = T,(ky).

10: end for
11: Obtain kj from (6.62).

Output: A, = T,(kj).

Obtain the corresponding action matrix A, = [
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6.6 Simulation Results

In this section, considering that channels evolve according to a first-order Gauss
Markov model presented in Section 6.5, we aim to evaluate the performance of our
proposed myopic policy-based JASUS presented as Algorithm 6, for a multi-user
massive MIMO system. We evaluate the performance of our proposed algorithm by
using the non-quantized channel coefficients to obtain time-average sum-rate up to
time frame /¢, denoted as Ry, given by

0 t=\
Ry = % 3N log, <det (I+ P 1) ) (6.65)

=0 =1 o2 |HI (H,, H )13

where I:It’g is the channel matrix between the N selected antennas and K, users
scheduled at time slot ¢ in the ¢-th frame. Here, we compare our results with two
other polices namely, a random selection policy and a full CSI-based policy. In
the random selection policy, we randomly schedule each of the U available users in
time slot ¢, for t = 1,2,..., A, and select N antennas randomly to transmit data at
each time slot ¢ in a frame. In the full CSI-based policy, considering that at each
frame ¢, full CSI is available, an exhaustive search is carried out to find the best
subset of users to schedule in time slot ¢, for ¢ = 1,2,..., A, and the best subset of
antennas for data transmission. Note that the presented results are the mean of R,
over 100 Monte Carlo runs. Furthermore, for finding the optimal threshold value
(denoted as v*) for channel quantization in Algorithm 6, we use a low-complexity

search algorithm, proposed in Section. 5.6.

6.6.1 Evaluating the Performance of Algorithm 6:

In the first part of our simulations, to evaluate the performance Algorithm 6, we
define five scenarios, where in each one of them, the available users have different
speeds (i.e., different values of £, and are located at different distances from the

BS (i.e., different values of O’iu). More specifically, we use Jakes’ model presented
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in [74] to obtain the fading correlation coefficient of the u-th user according to its
speed, for u =1,2,...,U, as we explain in the sequel. Considering a WLAN 802.11
system which is operating at the carrier frequency f. = 2.4 GHz, according to the
Jakes’” model, we can obtain &, = J0(27T%), where V,, is the speed of the wu-th
user, C' = 3 x 10° m/s is speed of wave propagation, and fi = 2.5 KHz is the
communication bandwidth. For example, for a pedestrian user (i.e., V,, = 3.6 km/h
), a user with typical driving speed in residential areas (i.e., V,, = 36 km/h), and a
high speed user, such as user in a car driving on a highway (i.e., V, = 140 km/h),
the obtained fading correlation coefficient are &, = 0.999 £, = 0.986, and &, = 0.95,
respectively. Furthermore, denoting the u-th user distance from the BS as d,, we use

the simple path loss model 07, , = od,® to define the SNR range for each user, where

the path loss constant o is chosen such that for the u-th user at the cell boundary

2
Poj,

(i.e., for d, = 500m), the value of is 0 dB. Given the above explanations we

0-2
now define five scenarios as listed below.
e Scenario i, low-speed and low-SNR users: This scenario involves 12 users,
each of which has a fading correlation coefficient uniformly distributed in the
interval [0.996,0.999] Also, the users are located at random distances from the

Po
o

2
BS such that {—%*}12  are in the range of [0,0.5] dB.

e Scenario ii, low-speed and high-SNR users: This scenario involves 12 users,
each of which has a fading correlation coefficient uniformly distributed in the

interval [0.996,0.999]. Also, the users are located at random distances from
PO’%L

o2

the BS such that {

112 are in the range of [9.5,10] dB.

e Scenario iii, high-speed and low-SNR users: This scenario involves 12 users,
each of which has a fading correlation coefficient uniformly distributed in the

interval [0.95,0.96]. Also, the users are located at random distances from the
PO'}QL

o2

BS such that {

112 “are in the range of [0,0.5] dB.

e Scenario iv, high-speed and high-SNR. users: This scenario involves 12 users,
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each of which has a fading correlation coefficient uniformly distributed in the
interval [0.95,0.96]. Also, the users are located at random distances from the

PU,2
1, U

BS such that {—%*}!2 are in the range of [9.5,10] dB.

g

e Scenario v, random speed and random SNR users: This scenario involves 12
users, each of which has a fading correlation coefficient uniformly distributed

in the interval [0.95,0.999]. Also, the users are located at random distances

2
Pah,u
o

from the BS such that {—%%}12  are in the range of [0, 10] dB.

Considering A\ = 2 time slots per super-fame, and assuming that the BS is equipped
with M = 126 antennas to serve U = 12 single-antenna users, in Figs. 6.3, we plot
RIOOO versus different number of RF chains N = [7,8, 9, 10|, for aforementioned
Scenarios i, ii, iii, iv, and v. We plot Figs. 6.3a, 6.3b, and 6.3c, to show Rigoo versus
different N for low-SNR range (Scenarios i, and iii), high-SNR range (Scenarios ii,
and iv) and random SNR range (Scenario v), respectively. As can be seen from
Figs. 6.3a, and 6.3b, for low-speed users, the performance gap between the full CSI-
based policy and the myopic policy for N = 7 are less than 0.5 and 2 bit per channel
use (bcu), respectively. However, for the high-speed users, the performance gap is
larger. For example, for N = 7, Figs. 6.3a, and 6.3b show that the performance
of our proposed Algorithm 6 is about 0.8 (bcu) and 2.5 (bcu) lower that that of
the full CSI-based policy, respectively. Since with increasing the speed of users,
the value of py; increases (and hence the probability of switching channel state
increases), increasing this performance gap for high speed users is expected. More
specifically, higher value of pg; results in less possibility for searching among channel
links between unselected antennas and non-scheduled users for the subsequent time
frames (see Algorithm 5). This in turns results in lower performance compared to
scenarios with low-speed users. Finally in Fig. 6.3c, we show the performance of the
more realistic Scenario v, which involves users with different speed ranges that be

located at any distance from the BS in a cell. As can be seen from this figure, the
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performance gap between the myopic policy-based selection and random selection

policy is about 1.3 (bcu) for N =7, and 1.4 (bcu) for N

Averaged Riooo (bits/channel use)

—— Full CSI based policy |
—&— Myopic policy Algorithm, Scenario i

—— Myopic policy Algorithm, Scenario iii| |
—0— Random selection

w N (3} o ~

IN)

Averaged Rigoo (bits/channel use)

DN

o

—»—Full CSI based policy
—— Myopic policy Algorithm, Scenario v |7
—<O— Random selection

8 9 10
N

(c)

Averaged Rmou (bits/channel use)

= 10.

—»— Full CSI based policy
—a— Myopic policy Algorithm, Scenario ii | §
—— Myopic policy Algorithm, Scenario iv
—0— Random selection

Figure 6.3: Time averaged sum-rate }%1000 vs N for U =12, M =128, and N = [7:
1:10] (a) Scenarios i, and iii (b) Scenarios ii, and iv, and (c) Scenario v.

6.6.2

The Impact of Increasing the Number of Users on
the Performance of Algorithm 6:

We now aim to analyze the performance of our proposed Algorithm 6 for fixed values

of M and N, but for different number of available users U. To do so, below we define

four different scenarios:

e Scenario vi: This scenario involves U low-speed users (pedestrians users with

Vi = 3.6 km/h ) with the fading correlation coefficient &, = 0.999, for u =
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1,2,...,U. Also, the users are located at random distances from the BS such
PO’%L

o2

that {—%=}Y_| are in the range of [0,0.5] dB.

e Scenario vii: This scenario involves U low-speed users (pedestrians with Vj, =

3.6 km/h) with the fading correlation coefficient &, = 0.999, foru = 1,2,...,U.

2
Pah’u }U
o2 u=1

Also, the users are located at random distances from the BS such that {

are in the range of [9.5,10] dB.

e Scenario viii: This scenario involves U high-speed users (users in a car driving
on a highway with V, = 140 km/h) with the fading correlation coefficient

& =095 foru=1,2,...,U. Also, the users are located at random distances
Pafl

from the BS such that {—5*}7_, are in the range of [0,0.5] dB.

e Scenario ix: This scenario involves U high-speed users (users in cars driving
on a highway with V;, = 140 km/h), with the fading correlation coefficient

& =095 foru=1,2,...,U. Also, the users are located at random distances
Po

g

2
from the BS such that {—%*}U_ are in the range of [9.5,10] dB.

Here, assuming that the BS is equipped with M = 128 antennas and N = 10 RF
chains, and that each frame consists of two time slots (A = 2), we plot the average
of ]%1000 over 100 Monte Carlo runs, versus different number of users U in Fig. 6.4.
Fig. 6.4a presents the results of Scenarios vi, viii, and Fig 6.4b presents the results
of Scenarios vii, and ix. As can be seen from these figures, and as we expect (see
Section. 6.6.1), the performance gap between the myopic policy algorithm and the
full CSI based policy is lower for low-speed users compared to that high-speed users
in the same SNR range. For instance, in Fig 6.4a, for U = 10, this performance
gap is less than 0.6 (bcu), and 1 (bcu), for low-speed users and high-speed users,
respectively. One can also see in Figs 6.4a and 6.4b that with increasing number
of users, the gap between the full CSI based policy and and the random selection
increases significantly. However, with increasing the number of users, in these figure,

the performance gap between the myopic policy algorithm and the full CSI policy
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approximately remains unchanged in Fig 6.4a, and only slightly increases in Fig
6.4b. For instance, in Fig 6.4b, for U = 2, the gap between the full CSI based policy
and random selection is 2.5 (bcu) and for U = 10, this gap increases to 6 (bcu). In
contrast, in Fig 6.4b, for U = 2, the performance gap between the full CSI policy
and the myopic policy is 1 (bcu) and 1.7 (bcu) for low-speed and high-speed users,
respectively, and for U = 10, this gap increases to about 1.6 (bcu) and 3 (bcu),

respectively.
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Figure 6.4: Time averaged sum-rate ]:21000 vs U for M =128, N =10 and U = [2:
2:10] (a) Scenarios vi, and viii, and (b) Scenarios vii, ix.

6.6.3 The Importance of User Scheduling

In this section, we aim to analyze the results of user scheduling performance in our
JASUS problem. To do so, considering a BS equipped with M = 100 antennas
and N = 30 RF chains, we plot the average of Rlooo over 100 Monte Carlo runs for
different number of users in Figs. 6.5a and 6.5b for Scenarios vi and viii, respectively,
for two different cases: 1) each time frame only contains one time slot, i.e., A =1
(meaning that the BS serves all the users in one time slot), and 2) each time frame
contains two time slots, i.e., A = 2. The main goal of this comparison is to show

the benefit of user scheduling when large number of users are available. As can be
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seen from Fig. 6.5, for A = 1, with increasing the number of users, after U = 6,

the sum-rate drops significantly. However, for A\ = 2, after U = 6, the sum-rate

increases with increasing the number of users. Thus, from Fig. 6.5, it appears that

for different numbers of users, there is an optimal number of time slots per frame.

Designing a time frame with optimal number of time slots is not in the scope of this

dissertation, but can be considered as an extension of this line of work.
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Figure 6.5: Time averaged sum-rate Riooo vs U for N = 30, M = 100, and for
different values of U(a) Scenario vi, and (b) Scenario viii.
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Chapter 7

Conclusion and Future Work

In this chapter, we first provide the conclusion section, and then we outline the

possible future work.

7.1 Conclusion

In Chapter 4 of this dissertation, we formulated the antenna selection problem at the
BS, equipped with M antennas and N RF chains (M > N), for downlink transmis-
sions using a POMDP framework. In a TDD system, we assumed the channel state
evolves according to a finite-state Markov process and remains unchanged during
each time slot, which consists of the uplink and downlink transmission (i.e., chan-
nel reciprocity holds). Given the partial CSI, to maximize the expected long-term
downlink data rate, the value iteration algorithm can be used to extract the opti-
mal policy. However, this algorithm has high computational complexity, and thus a
simple myopic policy could offer an attractive alternative solution. We prove that,
for a positively correlated two-state channel model, the myopic policy is optimal
for selecting any N out of M antennas. Based on this result, for general fading
channels, we proposed the channels be quantized into two levels and apply the my-
opic policy for antenna selection. Although in the antenna selection problem, only
partial quantized CSI is available, our simulation results show that the performance

of our proposed algorithm is within 0.5 (bcu) from the full CSI based policy (the
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upper bound data rate) for antenna selection.

In Chapter 5, we utilized a POMDP framework to formulate the antenna selec-
tion problem for a BS equipped with a massive number of antennas and a limited
number of RF chains in a massive MU-MIMO system. Using ZF beamforming, we
defined the sum-rate upper bound as the reward function and prove that for i.i.d
positively correlated two-state channel model, the expected long-term reward func-
tion is a regular function. Thus, myopic policy provides the optimal solution to our
antenna selection problem. Furthermore, we proposed a low-complexity antenna
selection algorithm which can be implemented to Rayleigh fading channel model.
According to our proposed algorithm, given an optimal threshold value, to benefit
from the optimality of myopic policy for two-state channel model, we quantized
the channels’ gain into two levels only in the selection stage. To obtain the opti-
mal threshold value for channel gain quantization, we proposed an efficient offline
algorithm, which results in high achievable performance in our simulation results.
Considering users with random speeds and SNR ranges, our results show that the
proposed myopic policy algorithm is within 0.3 (bcu) from the full CSI policy which
is the upper-bound in our simulation results.

In Chapter 6, we used a POMDP framework to formulate the joint antenna
selection an user scheduling (JASUS) problem for a large-scale antenna BS with
M antennas and N RF chains (M > N), that transmits data to U single-antenna
users in a cellular system. Here, we assumed that the number of users is larger than
the number of RF chains (U > N), and we used zero-forcing (ZF) beamforming to
eliminate inter-user interference. Thus, to fully cancel out the inter-user interference,
the number of served users is limited as the number of RF chains at each time slot.
To grantee that all users receive data, we assumed that users are served in a frame
that contains of a finite number of time slots. At the beginning of each frame, the BS
schedules users to different time slots in a frame and then selects a subset of antennas

to serve the scheduled users at each time slot by performing downlink and uplink
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transmission. Note that the number of scheduled users is smaller than or equal to
the number of RF chains. Here, we assumed that channels evolve according to a
same Markov chain at the beginning of each frame and remain unchanged during
the entire frame. We showed that for a positively correlated two-state channel
model, the myopic policy provides the optimal solution to our JASUS problem.
We then proposed a low-complexity JASUS algorithm that can be implemented to
Rayleigh fading channels. Considering time-varying Rayleigh fading channels, our
designed low-complexity JASUS algorithm can make a real-time decisions based on

only available partial CSI.

7.2 Possible Future Work

This research can be extended in several directions as explained below.

e Switching Cost in designing the Antenna Selection Algorithm
In this dissertaion, for designing the antenna selection algorithm, we assumed
that the constraint is selecting N out of M antennas at each time slot. In
the problem formulation, we can consider the cost of switching RF chains
in the massive MIMO systems as another constraint when designing an an-
tenna selection algorithm. More specifically, one can formulate the antenna
selection problem for massive MU-MIMO systems as a POMDP framework
with considering the switching cost as a constraint in the defined optimization

problem.

e Antenna Selection/JASUS in Multi-user Massive MIMO Systems
When System Operates in FDD Mode

The analytical results in this dissertation are derived under the assumption
that the perfect CSI is available. Assuming that the system operates in TDD
mode, we can acquire CSI via traditional training procedures at the end of

uplink transmission (using this assumption is a common practice). However,
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as future work, one can investigate the effect of the channel estimation error on
the performance of our proposed POMDP-based algorithms for both antenna
selection and JASUS. Note that, the same problem exists in FDD mode. As
in FDD mode, different frequency bands are used for the downlink and up-
link transmission, channel estimation is required (to obtain the partial CSI
corresponding to the previously selected antennas’ channel coefficient), before

applying our proposed POMDP-based resource allocation algorithms.

Finding the Optimal Number of Time-slots per Frame in JASUS

In Chapter 6, we assumed that the number of time-slots in a frame is given. As
can be seen in Fig. 6.5, finding the optimal number of time-slots per frame can
improve the performance of our proposed JASUS algorithm. More specifically,
as can be concluded from Fig. 6.5 (for the given scenario), when there are
less than six number of users, one time-slot per frame results in higher time-
averaged rate compared to two time-slots per frame. However, when there are
more than six users, two time-slots per frame provides higher time-averaged
rate compared to one time-slot per frame. Therefore, obtaining the optimal
number of time-slots per frame for different scenarios can be an interesting

problem for a future work.

Antenna Selection and JASUS in Cellular Systems

Considering a cellular system where at each cell there is a BS with its corre-
sponding unique frequency band, the BS can use our proposed antenna selec-
tion and JASUS algorithm to provide a high quality of service for the available
users. However, due to the limited amount of spectrum, for large areas (es-
pecially when cells are small), reusing the same frequency in adjacent cells
could be a desired feature. Thus, a proper POMDP formulation is required
to formulate the antennas selection/JASUS in cellular systems. In this case,

due to the interference, the myopic policy may not provide the optimal solu-
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tion. Therefore, another extension of this dissertation can be looking for other
suboptimal POMDP solutions that provide an efficient and low-complexity

antenna selection/JASUS algorithm for cellular systems.
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Appendix A

Proof of Equation (3.7)

We are interested to present the sufficient statistic of the belief vector proof pro-
vided by [75] and demonstrate the updating belief vector formula. Therefore, by

substitution (3.6) into (3.5), we can write

bj: = Pr{st = Sj‘atfl = a;—1,0; = Oy, th}
_ Pr{st =8;,0; = 0t|at71 = a1, Htfl}
Pr{ot = 0t|at71 = A1, Htfl}

= Z Pr{st—l = Sz’lat—l = at—laHt—l}Pfr{st = Sj|5t—1 =8, A1 = at—laHt—l}x
i

Pr{ot = Ot’St = 8,81 = S, A1 = A1, Htfl}/Pr{ot = Ot’atfl = atflaHtfl}

(A.1)
where, the first probability in the numerator is independent of a; 1, and thus we
can write P.{s;_1 = s;|a;_1 = a,_1, H4—1} = bi4—1. The second term in numerator is
state transition probability, which is independent of action, and thus we can write
P{s; = sjls;_1 = s, a1 = ay_1, Hy—1} = P.(s; = sj[s;—1 = s;); and the third term
in numerator is the observation probability at time slot ¢, which only depends on
the ¢-th time slot state and the previous action a; ;. Note that the denominator in

the equation is summed over all 5. Hence, we can write

_ ZZ bi,t71Pr<st = Sj’stfl = Si)Pr(ot = Otlst =85, A1 = at71>
Zi,j bi,tflpr<st = Sj|st71 = Si)Pr(ot = Otlst =8j,Ad—1 = at71>'

bt (A.2)
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Therefore, the updating belief vector can be written as b, = 1;)(()0(2?;1_)5;211' The

proof is complete.
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