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ABSTRACT

Millimeter-wave communications use narrow beams to overcome the enormous signal
attenuation. Such narrow-beam communication demands precise beam-alignment between
transmitter and receiver and may entail huge overhead, especially in high mobility scenarios.
Moreover, detection of the optimal beam is challenging in the presence of beam imperfec-
tions and system noise. This thesis addresses the challenges in the design of beam-training
and data-communication by proposing various schemes that exploit different timescales. On
a short timescale, we leverage the feedback from the receiver to efficiently perform beam-
training and data-communication. To this end, we have worked in three different areas.
In the first research direction, we design an optimal interactive beam-training and data-
communication protocol, with the goal of minimizing power consumption under a minimum
rate constraint. The optimality of a fixed-length beam-training phase followed by a data-
communication phase is proved under the assumption of perfect binary feedback. In the
second research direction, we propose a coded energy-efficient beam-training scheme, ro-
bust against the feedback/detection errors. In the third research direction, we investigate
the design of the beam-training in the presence of uncertainty due to noise and beam im-
perfections. Based on the bounding of value-function, the second-best preference policy is
proposed, which achieves a promising exploration-exploitation tradeoff. On the other hand,
on longer timescales, we exploit the mobility and blockage dynamics and beam-training feed-
back to design throughput-efficient beam-training and data-communication. We propose a
point-based value iteration (PBVI) algorithm to determine an approximately optimal policy.
However, the design relies on the a-priori knowledge of the state dynamics, which may not
be available in practice. To address this, we propose a dual timescale approach, where on the
long timescale, a recurrent deep variational autoencoder (R-VAE) uses noisy beam-training
observations to learn a probabilistic model of system dynamics; on the short timescale, an
adaptive beam-training procedure is optimized using PBVI based on beam-training feedback
and a probabilistic knowledge of the UE’s position provided by the R-VAE. In turn, the ob-
servations collected during the beam-training procedure are used to refine the R-VAE via

stochastic gradient descent in a continuous process of learning and adaptation.
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1. INTRODUCTION

Mobile traffic has witnessed tremendous growth over the last decade, 18-folds over the past
five years alone, and is expected to grow with a compound annual growth rate of 47% from
2016 to 2021 [1]. This rapid increase poses a severe burden to current systems operating
below 6 GHz, due to limited bandwidth availability. Millimeter-wave (mm-wave) is emerging
as a promising solution to enable multi-Gbps communication, thanks to abundant bandwidth
availability [2]. However, high isotropic path loss and sensitivity to blockages pose challenges
in supporting high capacity and mobility [3]. To overcome the path loss, mm-wave systems
will thus leverage narrow beams by using large antenna arrays at both base stations (BSs)
and user-ends (UEs).

Nonetheless, narrow transmission and reception beams are susceptible to frequent loss
of alignment, due to mobility or blockage, which necessitate the use of beam-alignment
protocols. Maintaining beam alignment between transmitter and receiver can be challenging,
especially in mobile scenarios, and may entail significant overhead, thus potentially offsetting
the benefits of mm-wave directionality. Therefore, it is imperative to design schemes to
mitigate its overhead. This thesis addresses the challenges in the design of beam-alignment
by proposing various schemes that exploit different timescales.

On short timescales, we leverage the feedback from the receiver to efficiently perform
beam alignment and data communication. To this end, we have worked in three differ-
ent areas: energy-efficient interactive beam-alignment [4] (Chapter 2), coded energy-efficient
beam-alignment [5] (Chapter 3), second-best beam-alignment via Bayesian Multi-armed ban-
dits [6] (Chapter 4).

In Chapter 2, we investigate the design of an optimal interactive beam-alignment and
data communication protocol, with the goal of minimizing power consumption under a min-
imum rate constraint. The base station (BS) selects beam alignment or data communication
and the beam parameters, based on feedback from the user equipment (UE). Based on the
sectored antenna model and uniform prior on the angles of departure and arrival (AoD/AoA),
the optimality of a fized-length beam-training phase followed by a data-communication phase

is demonstrated. Moreover, a decoupled fractional beam-alignment method is shown to be
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optimal, which decouples over time the alignment of AoD and AoA, and iteratively scans a
fraction of their region of uncertainty. A heuristic policy is proposed for non-uniform prior
on AoD/AoA, with provable performance guarantees, and it is shown that the uniform prior
is the worst-case scenario. The performance degradation due to detection errors is studied
analytically and via simulation.

In Chapter 3, we investigate the design of a coded energy-efficient beam-alignment
scheme, robust against detection errors. Specifically, the beam-alignment sequence is de-
signed such that the error-free feedback sequences are generated from a codebook with the
desired error correction capabilities. Therefore, in the presence of detection errors, the error-
free feedback sequences can be recovered with high probability. The assignment of beams to
codewords is designed to optimize energy efficiency, and a water-filling solution is proved.

In Chapter 4, a beam-alignment scheme is proposed based on Bayesian multi-armed
bandits, with the goal to maximize the alignment probability and the data-communication
throughput. A Bayesian approach is proposed, by considering the state as a posterior distri-
bution over AoA and AoD given the history of feedback signaling and of beam pairs scanned
by the base-station (BS) and the user-end (UE). A simplified sufficient statistic for optimal
control is identified, in the form of preference of BS-UE beam pairs. By bounding a value
function, the second-best preference policy is formulated, which strikes an optimal balance
between exploration and exploitation by selecting the beam pair with the current second-best
preference. Through Monte-Carlo simulation with analog beamforming, the superior perfor-
mance of the second-best preference policy is demonstrated in comparison to existing schemes
based on first-best preference, linear Thompson sampling, and upper confidence bounds.

On longer timescales, we exploit the mobility and blockage dynamics to design through-
put efficient beam-alignment design. In Chapter 5 (previously published in [7]), we investi-
gate the design of joint beam-alignment, data communication and handover. In the proposed
scenario, two base stations use beam training to establish a mm-wave directive link towards
a user end moving along a road. At each time, the serving BS decides to either perform
beam training, data communication, or handover. Our goal is to maximize the average
number of successfully transmitted bits subject to an average power constraint. The beam

training, data communication, and handover strategies are jointly optimized by casting the

14



optimization problem as a partially observable Markov decision process, where the system
state corresponds to the index of beam sectors where UE is located, the blockage variables,
and the index of the serving BS. To address the high dimensionality of the problem, an
approximate dynamic programming algorithm based on PERSEUS [8] is developed, where
we optimize both the primal and dual function simultaneously. The numerical results show
that the optimal policy based on the above optimization provides performance very close to
the upper-bound. Motivated by the structure of the optimal policy, we propose two simple
heuristic policies, namely finite-state-machine-based heuristic (FSM-HEU) and belief-based-
heuristic (B-HEU) policies, which compared to the optimal design, incur lower computation
cost and shows comparable performance. We compare the proposed policies to a baseline
policy referred to as the conventional heuristic (C-HEU) policy.

In Chapter 6 of this dissertation, we propose a dual timescale beam-training and data-
transmission approach: on a large timescale, a recurrent deep variational autoencoder (R-
VAE) uses noisy beam-training observations to learn a probabilistic model of user mobil-
ity dynamics; on a short timescale, an adaptive beam-training procedure is optimized us-
ing point-based value iteration (PBVI) based on beam-training feedback and a probabilistic
knowledge of the UE’s position provided by the R-VAE. In turn, the observations collected
during the beam-training procedure are used to refine the R-VAE via stochastic gradient
descent in a continuous process of learning and adaptation.

The proposed beam-alignment schemes are outlined as follows.

1.1 Energy-Efficient Interactive Beam Alignment for Millimeter-Wave Net-
works

Millimeter-wave communications use narrow beams to overcome the huge path loss. This
demands precise beam-alignment between transmitter and receiver and may entail huge
overhead, especially in mobile environments. To address this challenge, in our previous work
[9]-[12], we address the optimal design of beam-alignment protocols. In [9], we optimize
the trade-off between data communication and beam-sweeping, under the assumption of an
exhaustive search method, in a mobile scenario where the BS widens its beam to mitigate

the uncertainty on the UE position. In [10], [11], we design a throughput-optimal beam-
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alignment scheme for one and two UEs, respectively, and we prove the optimality of a
bisection search. However, the model therein does not consider the energy cost of beam-
training, which may be significant when targeting high detection accuracy. It is noteworthy
that, if the energy consumption of beam-training is small, bisection search is the best policy
since it is the fastest way to reduce the uncertainty region of the angles of arrival (AoA)
and departure (AoD). For this reason, it has been employed in previous works related to
multi-resolution codebook design, such as [13]. In [12], [14], we incorporate the energy cost
of beam-training, and prove the optimality of a fractional search method. Yet, in [9]-[12],
optimal design is carried out under restrictive assumptions that the UE receives isotropically,
and that the duration of beam-training is fixed. In practice, the BS may switch to data
transmission upon finding a strong beam, as in [15], and both BS and UE may use narrow
beams to fully leverage the beamforming gain.

To the best of our knowledge, the optimization of interactive beam-alignment, jointly at
both BS and UE, is still an open problem. Therefore, in Chapter 2 (previously published in
[4]), we consider a more flexible model than our previous papers [9]-[12], by allowing dynamic
switching between beam-training and data-communication and joint optimization over BS-
UE beams, BS transmission power, and rate. Indeed, we prove that a fized-length beam-
training scheme followed by data communication is optimal, and we prove the optimality of a
decoupled fractional search method, which decouples over time the alignment of AoD and AoA
and iteratively scans a fraction of their region of uncertainty. Using Monte-Carlo simulation
with analog beams, we demonstrate superior performance, with up to 4dB, 7.5dB, and 14dB
power gains over the state-of-the-art bisection method [13], conventional exhaustive, and
interactive exhaustive search policies, respectively. Compared to our recent paper [14], the
system model adopted in Chapter 2 is more realistic since it captures the effects of fading
and resulting outages, non-uniform priors on AoD/AoA, and detection errors. Additionally,
the model in [14] is restricted to a two-phase protocol with deterministic beam-training
duration. In Chapter 2, we show that this is indeed optimal. Beam-alignment has been a
subject of intense research due to its importance in mm-wave communications. The research
in this area can be categorized into beam-sweeping [9]-[13], [16]-[18], data-assisted schemes

[19]-[22], and AoD/AoA estimation [23], [24]. The simplest and yet most popular beam-
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sweeping scheme is exhaustive search [16], which sequentially scans through all possible BS-
UE beam pairs and selects the one with maximum signal power. A version of this scheme
has been adopted in existing mm-wave standards including IEEE 802.15.3c [25] and IEEE
802.11ad [26]. An interactive version of exhaustive search has been proposed in [15], wherein
the beam-training phase is terminated once the power of the received beacon is above a
certain threshold. The second popular scheme is iterative search [17], where scanning is
first performed using wider beams followed by refinement using narrow beams. A variant of
iterative search is studied in [27], where the beam sequence is chosen adaptively from a pre-
designed multi-resolution codebook. However, this codebook is designed independently of
the beam-alignment protocol, thereby potentially resulting in suboptimal design. In [18], the
authors consider the design of a beamforming vector sequence based on a partially observable
(PO-) Markov decision processes (MDPs). However, POMDPs are generally not amenable
to closed-form solutions, and have high complexity. To reduce the computational overhead,
the authors focus on a greedy algorithm, which yields a sub-optimal policy.

Data-aided schemes utilize the information from sensors to aid beam-alignment and re-
duce the beam-sweeping cost (e.g., from radar [19], lower frequencies [20], position informa-
tion [21], [22]). AoD/AoA estimation schemes leverage the sparsity of mm-wave channels
and include compressive sensing schemes [23] or approximate maximum likelihood estima-
tors [24]. In [28], the authors compare different schemes and conclude that the performance
of beam-sweeping is comparable with the best performing estimation schemes based on
compressed sensing. Yet, beam-sweeping has the added advantage of low complexity over
compressed sensing schemes, which often involve solving complex optimization problems and
is more amenable to analytical insights on the beam-alignment process. For these reasons,
in Chapter 2, we focus on beam-sweeping and derive insights on its optimal design.

All of the aforementioned schemes choose the beam-training beams from pre-designed
codebooks, use heuristic protocols, or are not amenable to analytical insights. By choosing
the beams from a restricted beam-space or a predetermined protocol, optimality may not
be achieved. Moreover, all of these papers do not consider the energy and/or time overhead

of beam-training as part of their design. In this work, we address these open challenges by
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optimizing the beam-alignment protocol to maximize the communication performance.

Our Contributions: Our contributions are summarized as follows:

. Based on a MDP formulation, under the sectored antenna model [29], uniform AoD/AoA
prior, and small detection error assumptions, we prove the optimality of a fixed-length
two-phase protocol, with a beam-training phase of fixed duration followed by a data

communication phase. We provide an algorithm to compute the optimal duration.

. We prove the optimality of a decoupled fractional search method, which scans a fixed
fraction of the region of uncertainty of the AoD/AoA in each beam-training slot. More-
over, the beam refinements over the AoD and AoA dimensions are decoupled over time,

thus proving the sub-optimality of erhaustive search methods.

. Inspired by the decoupled fractional search method, we propose a heuristic scheme for
the case of non-uniform prior on AoD/AoA with provable performance and prove that

the uniform prior is indeed the worst-case scenario.
. We analyze the effect of detection errors on the performance of the proposed protocol.

. We evaluate its performance via simulation using analog beams, and demonstrate up to
4dB, 7.5dB, and 14dB power gains compared to the state-of-the-art bisection scheme
[13], conventional and interactive exhaustive search policies, respectively. Remarkably,

the sectored model provides valuable insights for beam-alignment design.

1.2 Coded Energy-Efficient Beam-Alignment

Existing beam alignment techniques such as [9], [10], [12], [14]-[16], [30], are designed

based on the assumption that no detection errors occur in the beam-training. However,

the performance may deteriorate due to mis-detection and false-alarm errors, causing a loss

of alignment during the communication phase. Therefore, it is of great interest to design

beam-alignment algorithms robust to detection errors and, at the same time, energy-efficient.

Motivated by these observations, in Chapter 3 (previously published in [5]), we consider

the design of an energy-efficient beam-alignment protocol robust to detection errors. To do
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so, we restrict the solution space for the beams such that the error-free feedback sequence
can only be generated from a codebook with error correction capabilities. Thus, if detection
errors occur, the error-free feedback sequence may still be recovered with high probabil-
ity by leveraging the structure of the error correction code. We pose the beam-alignment
problem as a convex optimization problem to minimize the average power consumption and
provide its closed-form solution that resembles a "water-filling” over the beamwidths of the
beam-training beam patterns. The numerical results depict the superior performance of the
proposed coded technique, with up to 4dB and 8dB gains over exhaustive and uncoded beam-
alignment schemes, respectively. Open- and closed-loop error control sounding schemes have
been studied in [31], but with no consideration on energy-efficient design. To the best of our
knowledge, [5] (Chapter 3 is the first to propose a coded beam-alignment scheme, which is
both energy-efficient and robust to detection errors.)

In [32], beam-alignment is treated as a beam discovery problem in which locating beams
with strong path reflectors is analogous to locating errors in a linear block code. Unlike [32],
we use error correction to correct errors during the beam-training procedure, rather than to
detect strong signal clusters. Unlike [10], [12], [14] which rely on continuous feedback from
UEs to BS, we consider a scheme where the feedback is generated only at the end of the

beam-training phase, which scales well to multiuser scenarios.

1.3 Second-best Beam-Alignment via Bayesian Multi-Armed Bandits

Noise and beam imperfections can cause the beam training feedback errors. In the
presence of the feedback errors, the detection of the optimal beam becomes challenging.
The case of erroneous or noisy feedback is considered in recent work [33], [34], and our
work [5]. A coded beam-alignment scheme is proposed in [5] to correct these errors, but
with no consideration of feedback to improve beam-selection. A multi-armed bandit (MAB)
formulation based on upper confidence bound (UCB) is proposed in [33], by selecting the
beam based on the empirical SNR distribution. A hierarchical beam-alignment scheme based
on posterior matching is proposed in [34]: therein, a first-best policy is formulated, which

selects the most likely beam pair based on the posterior distribution on the AoA-AoD pair.
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However, as we will see numerically, both UCB and first-best policies are prone to errors due
to under-exploration of the beam space.

In Chapter 4 (previously published in [6]), we propose a beam-alignment design with
the goal to maximize the alignment probability and the average throughput during the data
communication phase. We pose the problem as a MDP, where the beam pair is chosen based
upon the belief over the AoA-AoD pair, given the history of scanned beams and the received
signal power. We identify a simplified sufficient statistic in the form of preference of the AoA-
AoD beam pairs. We derive lower and upper bounds to the value function, based on which
we propose a heuristic policy that selects the beam pair with the second-best preference.
We show numerically that this policy strikes a favorable trade-off between exploration and
exploitation: instead of greedily choosing the beam corresponding to the most likely AoA-
AoD pair (first-best [34]), it chooses the second most likely one, leading to better exploration;
at the same time, it avoids wasting precious resources to scan unlikely beam pairs, leading
to better exploitation than other MAB techniques, such as linear Thompson sampling (LTS)
[35] and UCB [33]. The proposed second-best scheme is shown to outperform first-best
[34], LTS-based [35] and UCB-based [33] schemes by up to 7%, 10% and 30% in alignment
probability, respectively.

1.4 Mobility and Blockage aware Communications in Millimeter-Wave Vehic-
ular Networks

Mobility can thus be a source of severe overhead and performance degradation. Never-
theless, mobility induces temporal correlation in the communication beams and in blockage
events. In Chapter 5 (previously published in [7]), we design adaptive strategies for beam-
training, data transmission and handover, that exploit these temporal correlations to reduce
the beam-training overhead and optimally trade-off throughput and power consumption.
Our design allows to: 1) predict future beam-pointing directions and narrow down the beam
search procedure to few likely beams, thus avoiding the enormous cost of exhaustive search;
2) more efficiently detect blockage and perform handover in response to it; 3) dynamically
adjust the duration of the data communication phase based on predicted beam coherence

times. However, two key questions arise: How do we leverage the system dynamics to opti-
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mize the communication performance? How much do we gain by doing so? To address these
questions, in Chapter 5 we envision the use of adaptive communication strategies and their
formulation via partially observable (PO) Markov decision processes (MDPs) to optimize
the decision-making process under uncertainty in the state of the system [36].

In the proposed scenario, two base stations (BSs) on both sides of a road link serve a
user equipment (UE) moving along it. At any time, the UE is associated with one of the
two BSs (the serving BS). To enable directional data transmission (DT), the serving BS
performs beam-training (BT); to compensate for blockage, it performs handover (HO) of
the data traffic to the backup BS on the opposite side of the road link. The goal is to design
the BT /DT/HO strategy so as to maximize the throughput delivered to the UE, subject to
an average power constraint. Mobility induces dynamics in the communication beams and
in blockage events; we show that these dynamics can be captured by a probabilistic state
transition model, which can be learned from interactions with the UE. However, the system
state is not directly observable due to noise, beam imperfections, and detection errors; we
thus formulate the optimization of the decision-making process as a constrained POMDP, and
develop an approximate constrained point-based value iteration (C-PBVI) method to meet the
average power constraint requirement: compared with PERSEUS [37], originally proposed
for unconstrained problems, C-PBVI allows to simultaneously optimize the primal and dual
functions by decoupling the hyperplanes associated to reward and cost. We demonstrate
its convergence numerically. Our numerical evaluations reveal a good match between the
analysis based on a sectored antenna model with Markovian state transitions, and a more
realistic scenario with analog beamforming and Gauss-Markov mobility, hence demonstrating
the effectiveness of our proposed scenario in more realistic settings: simulations based on a
2D mobility model and 3D analog beamforming on both BSs and UE equipped with uniform
planar arrays (UPA), demonstrate that C-PBVI performs near optimally, and outperforms a
baseline scheme with periodic beam-training by up to 38% in spectral efficiency. Motivated
by its structure, we design two heuristic policies with lower computational cost — belief-based
and finite-state-machine-based heuristics — and show numerically that they incur a small 4%
and 15% degradation in spectral efficiency compared to C-PBVI, respectively. Finally, we

demonstrate numerically the effect of mobility and multiple users on the performance, based
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on the statistical blockage model developed in [38]: the proposed low-complexity belief-based
and finite-state-machine-based schemes achieve 50% and 25% higher spectral efficiency than
the baseline scheme, respectively, demonstrating their robustness in mobile and dense user
scenarios.

Related Work: Beam-training design for mm-wave systems has been an area of exten-
sive research in the past decade; various approaches have been proposed, such as beam sweep-
ing [39], estimation of angles of arrival (AoA) and of departure (AoD) [24], and data-assisted
schemes [22]. Despite their simplicity, the overhead of these algorithms may offset the ben-
efits of beamforming in highly mobile environments [40]. While wider beams require less
beam-training, they result in a lower beamforming gain, hence a smaller achievable capacity.
Contextual information, such as GPS readings of vehicles [22], may alleviate this overhead,
but it does not eliminate the need for beam-training due to noise and inaccuracies in GPS
acquisition. Thus, the design of schemes that alleviate the beam-training overhead is of great
importance.

In most of the aforementioned works, a priori information on the vehicle’s mobility as well
as blockage dynamics is not leveraged in the design of communication protocols. In contrast,
we contend and demonstrate numerically that learning and exploiting such information via
adaptive communications can greatly improve the performance of mm-wave networks [41]. In
our previous work [39], we bridged this gap by leveraging worst-case mobility information
to design beam-sweeping and data communication schemes; in [42], we designed adaptive
strategies for BT /DT that leverage a Markovian mobility model via POMDPs, but with no
consideration of blockage (hence no handover).

A distinctive feature of the mm-wave channel is its highly dynamic link quality, due to the
occurrence of blockages on very short time-scales [43]. In this respect, handover represents a
fundamental functionality to preserve communication in the event of link obstruction; how-
ever, it is challenging to implement it in mm-wave networks, since the mm-wave link quality
needs to be accurately tracked and blockages need to be quickly detected — a difficult task to
accomplish using highly directional communications. Therefore, MDP-based handoff strate-

gies proposed for sub-5GHz systems cannot be readily applied [44], [45]. In Chapter 5, we
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develop feedback-based techniques to quickly detect blockages, and enable a fully-automatic
and data-driven optimization of the handover strategy via POMDPs.

Recent work [4], [6], [34], [46], [47] that applies machine learning to mm-wave networks
reveal a growing interest in the design of schemes that exploit side information to enhance the
overall network performance. For example, [46] develops a coordinated beamforming tech-
nique using a combination of deep learning and ray-tracing, and demonstrates its ability to
efficiently adapt to changing environments. More recent solutions are based on multi-armed
bandit, by leveraging contextual information to reduce the training overhead as in [47], or
the beam alignment feedback to improve the beam search as in [4], [6], [34]. However, no
handover strategies are considered in these works, resulting in limited ability to combat
blockage. In addition, these works neglect the impact of realistic mobility and blockage pro-
cesses on the performance. Compared to this line of works, in Chapter 5 we design adaptive
communication strategies that leverage learned statistical information on the mobility and
blockage processes in the selection of BT/DT/HO actions, with the goal to optimize the
average long-term communication performance of the system. Our proposed approach is in
contrast to strategies that either use non-adaptive algorithms [46], lack a handover mecha-
nism [4], [6], [34], [47], or assume a non realistic mobility pattern in their design.

Our Contributions:

« We define a POMDP framework to optimize the BT/DT/HO strategy in a mm-wave
vehicular network, subject to 2D mobility of the UE and time-varying blockage, with the

goal to maximize throughput subject to an average power constraint;

o We propose a novel feedback mechanism for BT, which reports the ID of the strongest
BS-UE beam pair if the received power is above a threshold (a design parameter), other-
wise it reports () to indicate mis-alignment or blockage. We analyze its detection perfor-

mance in closed form;

o To address the complexity of POMDPs, we design C-PBVI, a constrained point-based
value iteration method. In order to incorporate the average power constraint, we extend
PERSEUS [37], originally designed for unconstrained POMDPs, via a Lagrangian for-

mulation, the separation of hyperplanes for reward-to-go and cost-to-go functions, and a
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dual optimization step to solve the constrained problem. We demonstrate its convergence

numerically;

o Inspired by the C-PBVI policy, we propose two heuristic schemes that trade complexity
with sub-optimality, namely belief-based (B-HEU) and finite-state-machine-based (FSM-

HEU) heuristic policies. We analyze the performance of FSM-HEU in closed form.

1.5 Learning and Adaptation in Millimeter-Wave Communications via Deep
Variational Autoencoders and POMDPs

Maintaining beam alignment, especially in highly mobile V2X communication scenarios,
is extremely challenging: traditional beam-alignment schemes such as the exhaustive search
method [48] suffer from severe beam-training overhead, increased communication delay, and
degraded throughput performance.

To achieve efficient design, adaptive beam-training schemes have been proposed in the
literature [4], [7], [34], [41], [42], that leverage information on the mobility of the UE and
beam-training feedback to minimize the beam-training overhead. In one of our recent works
[7], we showed that statistical knowledge of the UE’s mobility dynamics may be carefully
exploited to reduce the beam-training overhead and achieve high spectral efficiency, even
in highly mobile V2X scenarios. However, the design in [7] relies on a priori statistical
knowledge of the mobility dynamics, which may not be available in practice, hence need to
be estimated from noisy observations. Then, a key question arises: How to jointly estimate
mobility dynamics from noisy observations and leverage them to optimize the beam-training
and data communication decisions?

To address this challenge, in Chapter 6, we consider a mm-wave vehicular communication
scenario, where a UE moves along a road according to an unknown mobility model and is
served by a roadside BS. The UE and the BS are both equipped with large antenna arrays
and use 3D beamforming to enable directional communication. The mobility of the UE and
of the surrounding environment induce dynamics in the strongest beam pair that maximizes
the beamforming gain; these unknown dynamics need to be learned to enable efficient beam-

training. To this end, we propose a learning and adaptation framework that exploits two
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timescales: on the long timescale (of the order of several hundreds of frames), the BS uses
noisy signal quality measurements to learn the strongest beam pair dynamics induced by the
UE’s and environment’s mobility, using a recurrent deep variational auto-encoder (R-VAE)
[49]; the learned model is then used on the short timescale (one frame duration) to design
adaptive beam-training schemes that leverage the probabilistic knowledge of the strongest
beam pair provided by the R-VAE and beam-training feedback. In turn, beam-training
observations are used to refine the R-VAE via stochastic gradient descent in a continuous
process of learning and adaptation.

By approximating the beamforming gain via the sectored antenna model, we formulate
the decision-making process over the short-timescale as a POMDP and propose a PBVI
method to design an approximately optimal policy, which provides the rule to select the
actions based on the belief (probability distribution over the optimal BS-UE beam pair
given the history of actions taken so far and associated observations) and beam-training
feedback. We compare the estimation performance of R-VAE with that based on the Baum-
Welch algorithm [50], and a naive approach, which ignores the noise in the observations.
Through numerical evaluations using 3D analog beamforming, we show that the R-VAE
reduces the average Kullback-Leibler (KL) divergence between the ground-truth Markovian
and the estimated mobility model by 92% and 86% with respect to the naive approach
and the Baum-Welch algorithms, respectively. Moreover, when used in conjunction with
the PBVI-based adaptive beam-training policy, the proposed dual timescale approach yields
near-optimal spectral efficiency, comparable to a genie-aided scheme with knowledge of the
ground-truth mobility model and noiseless feedback, and improves the spectral efficiency
by 12.6% and 8% with respect to the naive approach and the Baum-Welch algorithms,
respectively.

Finally, to trade computational complexity with accuracy, we propose a policy for the
short timescale by reducing the POMDP to an MDP that operates under the assumption of
error-free beam-training feedback. For example, the total time taken to optimize the policy
and execute 1000 episodes is 4.7 times lower for the proposed MDP-based policy compared to
the PBVI-based policy, while achieving spectral efficiency close to the latter in low feedback

error regimes. These policies are compared to a policy that scans exhaustively over the
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dominant beam pairs, demonstrating a spectral efficiency gain of 46% (PBVI-based) and
37% (MDP-based). Through Monte-Carlo simulation, we show a perfect match between
the actual system using analog 3D beamforming and 2D UE’s mobility and the abstracted
analytical model based on a Markovian approximation of the mobility and a sectored model
of the beamforming gain.

Related Work: The beam-alignment problem has been a topic of intensive research
in the last decade, and can be categorized into beam sweeping [39], estimation of AoA and
AoD [24], and contextual-information-aided schemes [19], [22], [51]. Despite their simplicity,
these schemes do not incorporate mobility dynamics as part of their design, leading to
a large beam-training overhead in high mobility [40]. Some recent papers use contextual
information, such as GPS coordinates of the UE, [22], onboard sensors’ data [19], sub-6HGz
channel estimates [51] to reduce the beam-training overhead. In [22], [52], the BS uses a
data-base of past measurements and the associated UE locations to predict the dominant
beamforming directions via inverse fingerprinting. Similarly, [19] proposes a beam-alignment
scheme using the onboard radar’s signals. Additionally, in [51], the proposed method uses
the sub-6GHz channel measurements to predict the mm-wave channel. In [52], a noisy tensor
completion-based beam-training scheme is proposed, where the received power is predicted
across a BS coverage area by using beam-training measurements on a subset of positions and
beams. Although contextual information may reduce some beam-training overhead, beam-
training is still required [22], [52], due to noise and inaccuracies in contextual information
acquisition. Moreover, a UE may decide not to share contextual information due to privacy
concerns. Therefore, contextual-information-agnostic efficient beam-training schemes are
required for these scenarios.

Adaptive beam-training solutions, including machine learning-based, have been proposed
in some recent works [4], [6], [34], [46], [47], [53], [54]. These works exploit side-information
and/or beam-training feedback to reduce the beam-training overhead. Deep learning-based
solutions have been proposed in [46], [53], [54]. For instance, [46] uses the received sounding
signal from multiple surrounding BSs to predict the optimal beam via a deep learning frame-
work. In [53], a convolutional neural network-based compressive sensing solution is proposed,

trained based on simulated channels and then used to make beam predictions using only a
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few measurements. Similarly, [54] proposes a deep-learning assisted beam-alignment, which
predicts the optimal BS and beam, given the UE’s position. Reinforcement learning-based
beam-alignment schemes have been proposed in [4], [6], [34], [47]. In [47], the beam-alignment
problem is posed as a contextual bandit problem, using the UE’s location information as the
context. In our previous works [4] and [6], we proposed to use the beam-training feedback
to design optimal beam-training strategies under the assumption of error-free and erroneous
beam-training feedback, respectively. In [34], a hierarchical search, exploiting the beam-
training feedback is proposed. In the aforementioned works, the mobility dynamics of the
UE are not leveraged in the beam-alignment protocol design, leading to a large beam-training
overhead in high mobility [40].

Compared to the aforementioned works, in our recent work [7] we showed that by ex-
ploiting the mobility dynamics via a POMDP, the spectral efficiency of V2X communication
could be greatly improved over conventional schemes, such as exhaustive search. Yet, [7]
assumes a priori knowledge of the statistical mobility model of the UE, which needs to be
learned in practice. Since the infinite-horizon POMDP in [7] depends on the unknown mo-
bility dynamics and incurs a large optimization cost, the scheme therein is not amenable to
simultaneous estimation of mobility and optimization of POMDP policy. In contrast to [7],
herein, we decouple the beam-alignment design and mobility estimation by proposing a dual
timescale approach in which the training of the mobility learning framework is carried on the
long-timescale, interleaved with the execution of the policy in the short timescale: in the long
timescale, a stochastic model of beam dynamics is learned, which provides side information
(in the form of a prior belief) to optimize the beam-alignment policy in the short timescale; on
the other hand, in the short timescale (one frame duration), the beam-alignment procedure
is optimized using the prior belief provided by the mobility learning framework, agnostic to
beam dynamics. Since learning of the mobility model is decoupled from the beam-alignment
policy optimization, learning and adaptation can be done concurrently, in contrast to [7].
Moreover, by aiming to maximize frame throughput, the short-timescale policy optimization
favors accurate detection of the optimal BS-UE’s beam pair, hence improving the ability to
predict optimal beam association for the next frames, and indirectly maximizing throughput

in the long timescale.
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Contributions: In a nutshell, the contributions of Chapter 6 are summarized as follows:

1. We propose a dual timescale approach in which the dynamics of the strongest beam
pairs are learned over the long timescale, and then exploited over the short timescale

to optimize the beam-training procedure;

2. We propose an R-VAE-based mobility learning framework to learn the dynamics of the
strongest beam pairs over the long timescale, trained via stochastic gradient descent

using beam-training observations;

3. We formulate a POMDP framework to optimize the decision-making process of beam-
training and data transmission in the short-timescale, which uses the prior belief of
the strongest beam pair provided by the R-VAE and beam-training feedback to max-
imize the average throughput. To solve the POMDP, we propose a linear time PBVI
algorithm to find the approximately optimal policy;

4. For the special case of error-free feedback, we show that the POMDP can be reduced
to a MDP with states as belief supports. Through structural properties of the MDP,
we reveal that it is optimal to scan the most likely beams only, which enables a fur-
ther reduction of state dimensionality. We propose a low-complexity value iteration
algorithm that exploits the state-space reduction, and we demonstrate near-optimal

performance in regimes with low feedback error rates.

1.6 Outline

The rest of this thesis is organized as follows. In Chapter 2, we present the energy-
efficient interactive beam-alignment. In Chapter 3, we present the coded energy-efficient
beam-alignment. In Chapter 4, we present the second-best beam-alignment via Bayesian
multi-armed bandits. In Chapter 5, we present mobility and blockage aware communications
in millimeter-wave vehicular networks. In Chapter 6, we present the recurrent variation

autoencoder aided beam-training design. Finally, the thesis is concluded in Chapter 7.
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2. ENERGY-EFFICIENT INTERACTIVE BEAM ALIGNMENT
FOR MILLIMETER-WAVE NETWORKS

This chapter investigates the design of an optimal interactive beam-alignment and data
communication protocol, with the goal of minimizing power consumption under a minimum
rate constraint. The base-station selects beam-alignment or data communication and the
beam parameters, based on feedback from the user-end. Based on the sectored antenna model
and uniform prior on the angles of departure and arrival (AoD/AoA), the optimality of a
fized-length beam-alignment phase followed by a data-communication phase is demonstrated.
Moreover, a decoupled fractional beam-alignment method is shown to be optimal, which
decouples over time the alignment of AoD and AoA, and iteratively scans a fraction of their
region of uncertainty. A heuristic policy is proposed for non-uniform prior on AoD/AoA,
with provable performance guarantees, and it is shown that the uniform prior is the worst-
case scenario. The performance degradation due to detection errors is studied analytically
and via simulation. The numerical results with analog beams depict up to 4dB, 7.5dB, and
14dB gains over a state-of-the-art bisection method, conventional and interactive exhaustive
search policies, respectively, and demonstrate that the sectored model provides valuable

insights for beam-alignment design.

2.1 System Model

We consider a downlink scenario in a mm-wave cellular system with one base-station (BS)
and one mobile user (UE) at distance d from the BS, both equipped with uniform linear arrays
(ULAs) with M; and M, antennas, respectively, depicted in Fig. 2.1. Communication occurs
over frames of fixed duration Tf,, each composed of N slots indexed by Z={0, 1,..., N—1} of
duration T=T} /N, each carrying S symbols of duration Ty, =T7"/S. Let s be the transmitted
symbol, with E[|s|?|=1. Then, the signal received at the UE is

y = VPc™Heys + cfw, (2.1)

1A version of this chapter was previously published by IEEE Transactions Wireless Communication [4][DOI:
10.1109/TWC.2018.2885041]
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Figure 2.1. Actual beam pattern G(cy,6y) generated using the algorithm
in [27] with M;=M,=128 antennas. (solid lines) versus sectored model
G(By, 0x) (dashed lines) [29], on a linear scale. Sidelobes are not visible due to
their small magnitude.

where P is the average transmit power of the BS; HECM*M: is the channel matrix; ¢, CM:
is the BS beam-forming vector; ¢,€C: is the UE combining vector; w ~ CN (0, NgWioiI)
is additive white Gaussian noise (AWGN). The symbols Ny and W,y denote the one-sided
power spectral density of AWGN and the system bandwidth, respectively. By assuming
analog beam-forming at both BS and UE, ¢; and ¢, satisfy the unit norm constraints ||c;||3=

|c.]|3= 1. The channel matrix H follows the extended Saleh-Valenzuela geometric model

[55],
| MM, E
H= ;( Z hﬁ dr(erj)d{{(gt,f)a (22)
/=1

where h, € C, 6;, and 0., denote the small scale fading coefficient, AoD and AoA of the
(™ cluster, respectively. The terms d, (6, ,)€CM: and d;(6; ,)€CM* are the UE and BS array

response vectors, respectively. For ULAs, 6, , (respectively, 6, ) is the angle formed between
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the outgoing (incoming) rays of the /th channel cluster and the perpendicular to the BS

(UE) antenna array, as represented in Fig. 2.1, so that

Y

dx(6x) :\/1@ [1, 555 st D25 in] |
where x € {t,r}, d; and d, are the antenna spacing of the BS and UE arrays, respectively, A
is the wavelength of the carrier signal. In (2.2), K > rank(H) is the total number of clusters.
Note that H has low-rank if X' < min{M;, M,}. In this chapter, we assume that there is
a single dominant cluster (K=1). This assumption has been adopted in several previous
works (e.g., see [56], [57]), and is motivated by channel measurements and modeling works
such as [2], where it is shown that, in dense urban environments, with high probability the
mm-wave channel exhibits only one or two clusters, with the dominant one containing most
of the signal energy. While our analysis is based on a single cluster model, in Sec. 2.7 we
demonstrate by simulation that the proposed scheme is robust also against multiple clusters.

For the single cluster model, we obtain
H = \/MM,h d.(6,)d" (6,), (2.3)

where E[|h|?] = 1/4(d), ¢(d) denotes the path loss between BS and UE as a function of
distance d, and 8 = (0, 6,) is the single-cluster AoD/AoA pair. We assume that 8 has prior
joint distribution fo(€) with support supp(fo)=Ui o X Uy o, which reflects the availability of
prior AoD/AoA information acquired from previous beam-alignment phases, or based on
geometric constraints (e.g., presence of buildings blocking the signal in certain directions).
We assume that h and @ do not change over a frame, whose duration 7% is chosen based upon
the channel and beam coherence times T, and T} (time duration over which the AoD/AoA
do not change appreciably) to satisfy this property. In [58], it has been reported that T,<Tj.
In the numerical values given below, T,~1007,. Therefore, by choosing T <T,, we ensure
that the variations in A and @ over the frame duration 7§ are small and can be ignored. For
example, using the relationships of T, and 7T}, in [58], we obtain 7.~10[ms| and T,~1[s| for a

UE velocity of 100[km/h]. In our numerical evaluations, we will therefore use Ty =10[ms]. It is
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noteworthy that this assumption has also been used extensively in previous beam-alignment
works, such as [23], [24], [50].

We assume that blockage occurs at longer time-scales than the frame duration, deter-
mined by the geometry of the environment and mobility of users, hence we neglect blockage
dynamics within a frame duration [59]. By replacing (2.3) into (2.1), and defining the BS
and UE beam-forming gains G(cy, 0y) = M|d(0,)c,|?, x € {t, 1}, we get

y = hy/PGi(ci,6,) - Grl(cy, 0,)e" s + 1, (2.4)

where W2cHw ~ CN(0, NoW,) is the noise component and ¥(8) = /df(6,)c, — 2d(6,)c,
is the phase.
In this chapter, we use the sectored antenna model [29] to approximate the BS and UE

beam-forming gains [60], represented in Fig. 2.1. Under this model,

2
Gilcy, 0;) ~ Gy (By, 0,) = |B”| x5, (6), xe€{tr} (2.5)

where By C (—7n/2,7/2] is the range of AoD covered by ¢, B, C (—n/2,7/2] is the range
of AoA covered by ¢,, x4(0) is the indicator function of the event 6 € A, and |A|= [,df is
the measure of the set A. Hereafter, the two sets B; and B, will be referred to as BS and
UE beams, respectively. Additionally, we define By = By x B, as the 2-dimensional (2D)
AoD/AoA support defined by the BS-UE beams. Note that the sectored model is used as an
abstraction of the real model, which applies a precoding vector c¢; at the transmitter and a
beamforming vector ¢, at the receiver. This abstraction, shown in Fig. 2.1, is adopted since
direct optimization of c; and c, is not analytically tractable, due to the high dimensionality of
the problem. In Sec. 2.7 we show via Monte-Carlo simulation that, by appropriate design of
c; and c, to approximate the sectored model, our scheme attains near-optimal performance,

and outperforms a state-of-the-art bisection search scheme [13]; thus, the sectored antenna
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model provides a valuable abstraction for practical design. Following the sectored antenna

model, we obtain the received signal by replacing Gx(cy, 6x) with Gx(Bx, 0y) in (2.4), yielding

y = hy/PGy(By,6;) - G.(B,,6,)e7" s + . (2.6)

Although the analysis in this chapter is presented for ULAs (2D beamforming), the proposed
scheme can be extended to the case of uniform planar arrays with 3D beamforming, by
interpreting 6, x € {t,r} as a vector denoting the azimuth and elevation pair in (—7 /2, 7/2]?
and the beam B, C (—7/2,7/2]%. For notational convenience and ease of exposition, in this
chapter we focus on the 2D beamforming case (also adopted in, e.g., [13], [23], [27], [28]).

The entire frame duration is split into two, possibly interleaved phases: a beam-alignment
phase, whose goal is to detect the best beam to be used in the data communication phase.
To this end, we partition the slots Z in each frame into the indices in the set Z,, reserved for
beam-alignment, and those in the set Z;, reserved for data communication, where Z,NZ;=()
and Z,UZ;=7. The optimal frame partition and duration of beam-alignment are part of our
design. In the sequel, we describe the operations performed in the beam-alignment and data
communication slots, and characterize their energy consumption.

Beam-Alignment: At the beginning of each slot k€Z,, the BS sends a beacon signal s of

duration Tp<T using the transmit beam B j, with power P,.} and the UE receives the signal
using the receive beam B, ;. Note that By=DB; X B, and P are design parameters. If the UE
detects the beacon (i.e., the AoD/AoA 6 is in By, or a false-alarm occurs, see [60]), then, in
the remaining portion of the slot of duration T'—T%, it transmits an acknowledgment (ACK)
packet to the BS, denoted as Cy=ACK. Otherwise (the UE does not detect the beacon due
to either mis-alignment or misdetection error), it transmits C,=NACK. We assume that the
ACK/NACK signal Cy is received perfectly and within the end of the slot by the BS (for

instance, by using a conventional microwave technology as a control channel [62]).

1In practice, there are limits on how small the beacon duration can be made, due to peak power constraints
[61], beacon synchronization errors [3], and auto-correlation properties of the beacon sequence [3].
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As a result of (2.6), the UE attempts to detect the beam, and generates the ACK/NACK

signal based on the following hypothesis testing problem,

Hy 2 yr=\/ NoWioevihe! "+ sy, (alignment, 8€By,) (2.7)

Ho @ Yi=Wg, (misalignment, 8¢ B) (2.8)

where yy, is the received signal, s is the transmitted symbol sequence, Wi ~ CN (0, NgWioI)

is the AWGN vector, and v, is related to the beam-forming gain in slot &,

(27T)2Pk

Vp = .
" NoWiot | By

(2.9)

The optimal detector depends on the availability of prior information on h. We assume that
an estimate of the channel gain y=|h|? is available at the BS and UE at the beginning of each
frame, denoted as 4=|h|?, where h=h + e and e~CN (0, 02) denotes the estimation noise. A

Neyman-Pearson threshold detector is optimal in this case,

|SH)QJ2 Ho

— < T 2.10
No WS 2 ™ (2.10)

The detector’s threshold 7, and the transmission power Py are designed based on the channel
gain estimate 4, so as to satisfy constraints on the false-alarm and misdetection probabilities,
Dfa, Pmd < Pe- We now compute these probabilities under the simplifying assumption that h

and e are independent, so that hlh ~ CN(h,02). Let z, & so that |2;]? is the

SHYk
VINoWiot||s||2’
decision variable. We observe that

J Vi (6) Ll T R ;
L /Vihe ||S||2+\/mus|‘2, it H; is true;
=
SHVAV]C . .
—= Tk if is true.
VNoWeot 18]z * Ho
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Since h and Wy are independent and h = h— e, we obtain

el 1.8) = CAF (y/Rhe™ @ sl Lvislo?). @)
F(zrlh, Ho) = CN(0,1) (2.12)

so that [|z|2|h, Ho] ~ Exponential(1), and the false-alarm probability can be expressed as

pfa(Tth) £ P (‘Zk’2> Tth’il, Ho) = exp (_Tth> . (213)

Similarly, the misdetection probability is found to be

. 3 29vk|Is|I3 27ih
m 2P 2< 1l b, H =1- 2
b d(Vk,Tth,’Y) (|Zk| Tth’ ) 1) Q1 1+1/k||s||%0627 1+I/kHSH§g§ )

(2.14)

where Q1 (+) is the first-order Marcum’s Q function [63]. In fact, z|(h, H1) is complex Gaus-

2|z |?

, — kL follows non-central chi-square distribution
I+vglsl|302

sian as in (2.11), so that, given (%, H;)

2u3.9Is]13

with 2 degrees of freedom and non-centrality parameter Tro sz
2%e

Herein, we design 1y, and Py to achieve pg,, pma < pe. To satisfy pe.(7en) < pe we need

Toh > — 10 (pe) - (2.15)

Since ()1(a,b) is an increasing function of a>0 and a decreasing function of >0, it follows
that pma(Vk, Tin) is a decreasing function of v4>0 and an increasing function of 7,>0. Then,
to guarantee puq(Vk, Ten, ) <Pe, (2.15) should be satisfied with equality to attain the smallest
Pmd; additionally, there exists v*>0, determined as the unique solution of pyq(v*, Tin, ¥)=pe

and independent of the beam shape By, such that puqa (v, Tin, 7) <pe iff (if and only if) v, >v*.
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Then, using (2.9) and letting F,= P, T, ||s||3 be the energy incurred for the transmission of

the beacon s in slot k, E) should satisfy

Ey > ¢s(pe) |Bil (2.16)
where <bs(pe)éN0WtotV* Sy||s||§/(27r)2 (2.17)

is the energy/ rad? required to achieve false-alarm and misdetection probabilities equal to pe.

Note that false-alarm and misdetection errors are deleterious to performance, since they
result in mis-alignment and outages during data transmission. Therefore, they should be
minimized. For this reason, in the first part of this chapter we assume that p.<1, and
neglect the impact of these errors on beam-alignment. Thus, we let Ey>¢, |By| be the
energy required in each beam-alignment slot to guarantee detection with high probability,
where ¢, is computed under some small p, < 1. We will consider the impact of these errors
in Sec. 2.6.2

Data Communication: In the communication slots indexed by k €Z;, the BS uses By ,

rate Ry, and transmit power P, while the UE processes the received signal using the beam
B, 1. Therefore, letting v = |h|? and v} as in (2.9). the instantaneous SNR can be expressed

as

PG (B, 0:) Gy (Be i, 0;
SNR, — G Bur )G Buwb) _ ) 0y (6), (2.18)
NoWiot

Outage occurs if Wiy log, (1+SNRy) < Ry due to either mis-alignment between transmitter
and receiver, or low channel gain . The probability of this event, p,., can be inferred

from the posterior probability distribution of the AoD/AoA pair € and the channel gain ~,

21The design of beam-alignment schemes robust to errors when p, < 1 has been considered in [5]. Its
analysis is outside the scope of this chapter.
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given its estimate 4, and the history of BS-UE beams and feedback until slot k, denoted as
H* 2 {(By, Co), ..., (Bi—1,Cr1)}. Thus, pous = P(Wie logs(14+SNRy) < Ril4, HF), yielding

a Bi
pout 2P <SNRk <2 _1]5,0 ¢ Bk) P(0 € By|H") + P(6 & By|H")

By
@1—F,Y 2Wiot — 1

4| P(6 € B|H"), (2.19)

Vi

where (a) follows from the law of total probability and P(@€B,|H*) denotes the probability

of correct beam-alignment; (b) follows by substituting F, (z|7)2P(y>z|4) into (a), given as

Fya) = Qi (y23/02.\20/a2). (2.20)

Herein, we use the notion of e-outage capacity to design Ry, defined as the largest trans-

mission rate such that p,,;<e, for a target outage probability e<1. This can be expressed

7)) : (2.21)

where F; '(:|%) denotes the inverse posterior CCDF of ~, conditional on 4. In other words, if

as

_ 1—c¢
P k o2y A 1 1 F—l -
Ce( k,Bk|7‘[ ,’7) Wtot 0g, ( + v ¥ <P(9€Bk|7{k)

Rp<C.(Py, By|H*,4), then the transmission is successful with probability at least 1—e, and
the average rate is at least (1—e¢)Ry. Note that, in order to achieve the target py.;<e, the
probability of correct beam-alignment must satisfy P(@€By|H"*)>1—¢. This can be achieved
with a proper choice of By, as discussed next.

Since the ACK/NACK feedback after data communication is generated by higher layers
(e.g., network or transport layer), we do not use it to improve beam-alignment. We define
Cy=NULL, Vk€Z,, to distinguish it from the ACK/NACK feedback signal in the beam-

alignment slots.
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2.2 Problem Formulation

In this section, we formulate the optimization problem, and characterize it as a Markov
decision process (MDP). The goal is to minimize the power consumption at the BS over a
frame duration, while achieving the quality of service (QoS) requirements of the UE (rate
and delay). Therefore, the objective function of the following optimization problem captures
the beam-alignment and data communication energy costs; the QoS requirements are spec-
ified in the constraints through a rate requirement R,;, of the UE along with an outage
probability of €; additionally, the frame duration T}, represents a delay guarantee on data
transmission. The design variables in slot k are denoted by the 4-tuple ay = (&, Py, By, Rk),
where & corresponds to the decision of whether to perform beam-alignment ({=1) or data
communication (£,=0); we let Ry=0 for beam-alignment slots (£, = 1). With this choice of
ay, we aim to optimally select the beam-alignment slots Z; and data communication slots Z.
If a slots is selected for beam-alignment (£, = 1), we aim to optimize the associated power
Py, and 2D beam By,. Likewise, if a slot is selected for data communication (§ = 0), we aim
to optimize the associated power P, data rate Ry, and 2D beam Bj,. Mathematically, the

optimization problem is stated as

P,: P& ao,.IHE}V,I ;HE lg Ey fO] (2.22)
s.t.  ag=(&, Py, B, Ry), Vk,

Bi=B, ;xB.), [—Z gr Yk, (2.23)

Ey > ¢s|B|, Yk € I, (2.24)

zlv%:RkZRmi“’ Ri<C(Py, Br|H*, ), Vke,, (2.25)

Py = Ey/[§GTs + (1 = &)T], Vk, (2.26)

where fj in (2.22) denotes the prior belief over 8; (2.23) defines the 2D beam By; (2.24) gives
the energy consumption in the beam-alignment slots; (2.25) ensures the rate requirement

Rnin over the frame, and that Ry is within the e-outage capacity, see (2.21); (2.26) gives the

38



relation between energy and power.® Since the cost is the average BS power consumption,

the inequality constraints (2.24)-(2.25) must be tight, i.e., we replace them with

R.)|B
By = &0 |Bi| + (1 — &) __fbd( ’?_' i — . (2.27)
Er (sagam 1)
1
N Zk:Rk’ == Rmina (228)

where (2.27) when £,=0 is obtained by inverting (2.25) via (2.21) and (2.9) (with equality)
to find Py and Ey = P,T, and we have defined the energy/ rad? required to achieve the rate
R

ValR) 2 (27) 2NWioi T(27er — 1).

Hereafter, we exclude P, from the design space, since it is uniquely defined by the set of
equality constraints (2.26)-(2.27). Thus, we simplify the design variable to a, = (&, By, Rk)-

We pose Py as an MDP [64] over the time horizon Z. The state at the start of slot & is
(fx, Di), where fy is the probability distribution over the AoD/AoA pair 8, given the history
HE up to slot k, denoted as belief; Dy, is the backlog (untransmitted data bits). Initially, f,
is the prior belief and Dy= Rpin 5. Given (fi, D), the BS and UE select ap= (&, By, Ri).*
Then, the UE generates the feedback signal: if ;=0 (data communication), then C,=NULL;
if £,=1 (beam-alignment), then C,=ACK if 8By, with probability

P(Cy, = ACK| fy, ax) = /B fr(6)d6, (2:29)
k
and C,=NACK otherwise. Upon receiving Cj, the new backlog in slot k + 1 becomes®

Dk+1 = maX{Dk - RkT, 0}, (230)

and the new belief fi,; is computed via Bayes’ rule, as given in the following lemma.

34Data communication takes the entire slot, whereas beam-alignment occurs over a portion T < T of the
slot to allow for the time to receive the ACK/NACK feedback from the receiver.

41Since feedback is error-free, both BS and UE have the same information to generate the action a; and
their beams.

54If D41 < 0, all bits have been transmitted.
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Lemma 2.1. Let fy be the prior belief on 6 with support supp(fo) = Uy. Then,

fo(6)

)= —~—~~
I®) = T @46

0), (2.31)

where Uy, = supp(fr.) is updated recursively as

U N By, kel Cp,=ACK
Up1 = Uy, \ B., keI, C,=NACK (2.32)
Uy, ke 1y.

Proof. The proof follows by induction using Bayes’ rule. In fact, if Cy=ACK in a beam-
alignment slot, then it can be inferred that @€lUNBy; otherwise (Cr,=NACK) the UE lies
outside By, but within the support of f, i.e., €U \By. In the data communication slots, no
feedback is generated, hence fr 1=fr and U, 1=U,. A detailed proof is given in Appendix
8.A. O

Lemma 2.1 implies that U, is a sufficient statistic for decision making in slot k, and is

updated recursively via (2.32). Accordingly, the state space is defined as
S={U,D): U CUy,0 <D < Dy}. (2.33)
Given the data backlog D,=D, the action space is expressed as®

2
A(D) = {(o,s, R):B=B, xB C [—g ﬂ ,0<R§D/T}

U{(l,B,O):BEthBrg [—ggr} (2.34)

Given (Uy, Dy) € S, the action ay€.A(Dy) is chosen based on policy py, which determines the
BS-UE beam By, and whether to perform beam-alignment ({,=1, Rx=0) or data communica-

tion (£,=0, Ry>0), with energy cost Ej given by (2.27). With this notation, we can express

6tNote that, for a data communication action (0, B, R), we assume that R > 0; in fact, data communication
with zero rate is equivalent to a beam-alignment action (1, 0,0) with empty beam.
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the problem P; as that of finding the policy p* which minimizes the power consumption

under rate requirement and outage probability constraints,

B . 1 N—-1
P,: P2 min TfrEM|J§) c(ag; Uy, Dy,)

u07D07f0]7

st. Dy =Dy — TRy, Yk €Z, Dy =0, (2.35)

where we have defined the cost per stage in state (Uy, D) under action a; as

(1—&k)va(R)

c(ag; Uy, D)= -
v (P(eeBuuk) W)

and we used the sufficient statistic (Lemma 2.1) to express P(@€By|H*)=P(0€B;|U;) in
(2.27). P3 can be solved via dynamic programming (DP): the value function in state (Uy, Dy)
under action ay€A(Dy), Vi(ag; Uy, Dy), and the optimal value function, V;*(Uy, Dy), are

expressed as

Vie(aw; Uy, Dy,) = c(ag; Uy, Dy) + E |V (Uit1, Dyt )

uk;DkQak} ,

Vi Uy, Dy) = min  Vi(ag; Uy, Dy), (2.37)

ar€A(Dg)

where the minimum is attained by the optimal policy. To enforce Dy=0, we initialize it as

0, Dy=0
Vi (U, Dy) = (2.38)

oo, Dy >0.

Further analysis is not doable for a generic prior fy. To unveil structural properties, we

proceed as follows:

1. We optimize over the extended action space

Awe(D) E{(O,B,R):Bg [—g,gr,O<R§D/T}U{(l,B,O) .BC {_g Wr},
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obtained by removing the "rectangular beam” constraint B=B; x5, in (2.34). Thus,
B € Acxi(D) can be any subset of [ — 7/2,7/2]?, not restricted to a “rectangular” shape
B = B, x B, . By optimizing over an extended action space, a lower bound to the value
function is obtained, denoted as Vi*(Uy, Di) < Vi Uy, D), possibly not achievable by a

"rectangular” beam.

2. In Sec. 2.3, we find structural properties under such extended action space, for the case
of a uniform belief fy. In this setting, we prove the optimality of a fractional search
method, which selects By as By, C U with |By|= pi|Ux| (beam-alignment) or |B|= 0|U|
(data communication), for appropriate fractional parameters py and ¥; additionally, we

prove the optimality of a deterministic duration of the beam-alignment phase (Theorems

2.1 and 2.3).

3. In Sec. 2.4, we prove that such lower bound is indeed achievable by a decoupled frac-
tional search method, which decouples the BS and UE beam-alignment over time using

rectangular beams, hence it is optimal.

4. In Sec. 2.5, we use these results to design a heuristic policy with performance guarantees

for the case of non-uniform prior fy, and show that the uniform prior is the worst case.

2.3 Uniform Prior

We denote the beam B taking value from the extended action space Ae(D) as 72D
beam”; to distinguish it from B€A(D), that obeys a "rectangular” constraint. Additionally,
since the goal is to minimize the energy consumption, we restrict BCU during data commu-
nication and BCU during beam-alignment, yielding the following extended action space in

state (U, D):"

Aext, D) ={(0,B,R): BCU,0 < R< D/T}U{(1,8,0): BCU}. (2.40)

"In fact, the AoD/AoA lie within the belief support Uy; projecting a "2D beam” outside of U, is subop-
timal, since it yields an unnecessary energy cost. Additionally, choosing Bip=U) during beam-alignment is
suboptimal, since it triggers an ACK with probability one, which is uninformative; we thus restrict By C U.
A formal proof is provided in Appendix 8.B.
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In this section, we consider the independent uniform prior on 8 = (6;,6,), i.e.,

. XUX,O (ex)

fo(g) = fr,O(er) ) ft,0(0t>7 fx,O(ex) = W- (241)

From Lemma 2.1, it directly follows that f, is wuniform in its support U, and the state
transition probabilities from state (Uy, Dy) under the beam-alignment action (1,8y,0) €

Aexi(U, D), given in (2.29) for the general case, can be specialized as Dy, = Dy and

Bk, W.p. 77

Upir = (2.42)

Up\ B, w.p. 1— ik

where “w.p.” abbreviates “with probability”. On the other hand, under the data communi-
cation action (0, B, Ry), the new state becomes Uy 1 = Uy, and Dy = Dy — RiT.

In order to determine the optimal policy with extended action set, we proceed as follows:

1. In Sec. 2.3.1, we find the structure of the optimal data communication beam, as a

function of the transmit rate Ry and support Uy, and investigate its energy cost;

2. Next, in Sec. 2.3.2, we prove that it is suboptimal to perform beam-alignment after

data communication within the frame. Instead, it is convenient to narrow down the

beam as much as possible via beam-alignment, to achieve the most energy-efficient data

communication;

3. Finally, in Sec. 2.3.3, we investigate the structure of the value function, to prove the

optimality of a fized-length beam-alignment and of a fractional-search method.

2.3.1 Optimal data communication beam

In the following theorem, we find the optimal 2D beam for data communication.

Theorem 2.1. In any communication slot k € Z;, the 2D beam By, is optimal iff

By CUy |Bil =9, (2.43)
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where ¥ = (1 —€)/q*, with ¢ = argmaxgep—e 1] qF’;l(qW).
Proof. The proof is provided in Appendix 8.C. m

The significance of this result is that the optimal beam in the data communication phase
is a fraction ¥ of the region of uncertainty U, with ¥ reflecting the desired outage constraint.

By substituting (2.43) into (2.36), and letting

R)(1—
su(R,0) & VAL = O (2.44)
* I—1( x| A
T F N q]d)
be the energy/rad® to achieve transmission rate R with outage probability ¢, the cost per

stage of a data communication action with beam given by Theorem 2.1 can be expressed as
c(ak;uk, Dk) = de(Rka E) |Z/{k| . (245)

2.3.2 Beam-alignment before data communication is optimal

In Theorem 2.2, we prove that it is suboptimal to precede data communication to beam-
alignment. Instead, it is more energy efficient to narrow down the beam as much as possible

via beam-alignment, before switching to data communication.

Theorem 2.2. Let pu be a policy and {(Uy, D),k € I} be a realization of the state process
under p such that 3j : §;(U;, Dj) = 0 and j11(Ujy1, Djy1) = 1 (beam-alignment is followed

by data communication, for some slot j). Then, p is suboptimal.

Proof. The theorem is proved in two parts using contradiction. The first part deals with the
case when a data communication slot is followed by a beam-alignment slot having non-zero
beam-width. The second part deals with the case when a data communication slot is followed
by a beam-alignment slot having zero beam-width. Let u be a policy such that, for some
state (U;, D;) and slot index j, p;(U;, D;) = (0, B}, R;), satistying the conditions of Theorem
2.1 (data communication action); thus, the state at j + 1 is (Uj41, Dj1) = (Uj, D; — T'R;).
Further, assume that, in this state, p;1(U;, D; —TR;) = (1, Bj3+1,0) (beam-alignment), with
Bj+1 C U; (strict subset, see (2.40)), so that the state in slot j + 2 is either (B,4+1, D; — TR;)
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with probability |B,.1| /|U;| (ACK), or (U;\ Bjt+1, D; — T'R;) otherwise (NACK). This policy
follows beam-alignment to data communication, and we want to prove that it is suboptimal.

We use (2.37) to get the cost-to-go function in slot j under policy u as

ViU;, D;) = ¢a(Ry €) [U;| + Vi (U, Dy — TRy)

= da(Rj, €) |Us] + b5 |Bj1a| + | |Zi[+|1‘vj+2(6j+1’ D; —TR;)

U5\ Bjal

_l’_
24

]+2( \ BJ+17 D TR; ) (2-46)

We consider the two cases |B;41|>0 and |B;1|=0 separately. In both cases, we will construct
a new policy fi and compare the cost-to-go function at j under the two policies 1 and fi.
|Bj+1]> 0: We define fi as being equal to p except for the following: fi,;(U;, D;)=(1, Bj11,0),

so that i executes the beam-alignment action in slot j, instead of j+1. It follows that

B Uu: \ B;
| ]+1|V+1(BJ’+1,D]') + | J |\u.|]+1|
J

V}ﬂa/{j’Dj) :¢S ‘Bj+1| + ‘Z/{ ’ j

VAU \ By, Dy). (247)

Furthermore, we design fi such that fi;41(B;+1, D;) = (0, B;H, R;) and fi;41(U; \ Bjy1, Dj) =
(0, B}’ 11, Rj), so that i executes the data communication action in slot j + 1, instead of
j, with beams B’ 1 and B! 1 satisfying the conditions of Theorem 2.1. It follows that
the system moves from state (Bjy1,D;) to (Bj41,D; — TR;), and from (U; \ Bjt1,D;) to
(U; \ Bj11, D; — T'R;) under policy ji, yielding

Vi (B, D ) fbd( 1 €) |Bjya| + VEig(Bjy1, Dy — TRy),

J

VAL U\ Bji1, Dy) o ¢d(Rj, €) [Uj \ Bjsa| + VU, \ Bjy1, Dj — TRy). (2.48)

By substituting (2.48)-(a),(b) into (2.47), and using the fact that fiy and py are identical for

k> j+2 (hence V/i, = V/1,), it follows that

4]

a

‘/}ﬂ(uJ'?Dj) _V (U],D ) _¢d(Rj=€>2
where (a) follows from |U; \ Bj1| = [U;| — |Bjs1]; (b) follows from |B;41| > 0 and B, C U;.
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|Bj+1| = 0 : In this case, we design fi equal to p except for the following: fi;(U;, D;) =
(0, [5’;, R;/2), with l’;’; satisfying the conditions of Theorem 2.1, so that state (U;, D;) tran-
sitions to state (U;, D; — TR;/2). Moreover fi;+1(U;, D; — TR;/2) = (0, l’g’g’, R;/2), with l;’;’
satisfying the conditions of Theorem 2.1, so that the system moves to state (U;, D; — TR;)
in slot j + 2. Under this new policy, the BS performs data communication in both slots,

with rate R;/2. Thus, the cost-to-go function under f in slot j is given as

- R . R
VI, D3) = 0a (S €) L+ VE (s, Dy — T2

RA “
= 2¢q (2], 6) U;| + Ve (U, Dy — TRy) . (2.50)

By comparing (2.50) and (2.46) and using the fact that p and i are identical for k > j + 2,

we get
i " (a) Rj (b)
ViU, D;) = Vi(U;, D;) = {2% <27€) — ¢ (Rj,E)} U;| <0, (2.51)

where (a) follows from |B;;1|=0; (b) follows from the strict convexity of ¢4 (R, €) over R>0,
implying that 2¢4 (%, e) <¢a (Rj,€). (2.49) and (2.51) imply that p does not satisfy Bell-
man’s optimality equation, hence it is suboptimal, yielding a contradiction. The theorem is

proved. O

From Theorem 2.2, we infer that:

Corollary 2.1. Under an optimal policy p*, the frame can be split into a beam-alignment
phase, followed by a data communication phase until the end of the frame. The duration
L*€T of beam-alignment is, possibly, a random variable, function of the realization of the

beam-alignment process.

To capture this phase transition, we introduce the state variable VeE{BA, DC}, denoting
that the system is operating in the beam-alignment phase (V=BA) or switched to data
communication (V=DC). The extended state is denoted as (Uy, Dy, V), with the following
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DP updates. If V;,=DC, then the system remains in the data communication phase until

the end of the frame, and V;=DC,Vj > k, yielding

Vi Uy, Dy, DC) = min {@a(R, €) [Us| + Vi\y U1, Dk — TR, DC) }. (2.52)

0<R<Dy/T
Using the convexity of ¢4( R, €) with respect to R, it is straightforward to prove the following.
Lemma 2.2. Vi¥(Us, D, DC) = (N = k)¢a (0 €) Us] -

That is, it is optimal to transmit with constant rate % in the remaining (N — k)
slots until the end of the frame. On the other hand, if Vj, = BA, then V; = BA,Vj < k and

Dy, = Dy, since no data has been transmitted yet. Then,

> NRmin
07 Uy, Do, BA) = min{(N ~K)éa <N s e) Ul

_ By

B.| ~
min ¢5 |Bk‘ + 7‘ k| V];_l(Bky DO> BA) + 1
U U

Bre || ) Vi1 (Ui \ By, Do, BA)}7

(2.53)

where the outer minimization reflects an optimization over the actions "switch to data com-
munication in slot £ with rate R, = %Rij};",” or "perform beam-alignment.” The inner mini-

mization represents an optimization over the 2D beam Bj, used for beam-alignment.

2.3.3 Optimality of deterministic beam-alignment duration with fractional-search
method

It is important to observe that the proposed protocol is interactive, so that the duration of
the beam-alignment phase, L* € Z, is possibly a random variable, function of the realization
of the beam-alignment process. For example, if it occurs that the AoD/AoA is identified with
high accuracy, the BS may decide to switch to data communication to achieve energy-efficient
transmissions until the end of the frame. Although it may seem intuitive that L* should
indeed be random, in this section we will show that, instead, L* is deterministic. Additionally,
we prove the optimality of a fractional search method, which dictates the optimal beam

design.

47



A V¥ (Uy,Do,BA)

] Then, (2.53) yields

To unveil these structural properties, we define v} (Uy,)

Nlen *
i) = min{(N = K)o (€]  min oo+ o0 (Bus) + (L= p)ia 0 \ B,

(2.54)

where v} (Uy)=00 and we used p in place of |\uk\|7 with p<1 since B ClUj,. Using this fact, we
find that vy_;(Un_1)=dq (N Ruin, €) is independent of Uy_;. By induction on k, it is then
straightforward to see that vji(Uy) is independent of Uy, Vk. We thus let v} =v}(Uy), YU, to

capture this independence, which is then defined recursively as

v = min{(NV - k), (NRmZ ) cmin b+ [+ (1= v} (255)

+
The value of p achieving the minimum in (2.55) is p = 1Bl — 3 (1 — O ) , yielding

[t — 207

vp= min{ (N=Fk)¢a (J\Jf\fR—mkm’ 6) ) Uk1— (201 —¢) T }

I'y (data communication) A

*
8Vt 41

k (beam-alignment)

From this decomposition, we infer important properties:

1. Given v}, the original value function is obtained as V;*(Uy, Do, BA) = v |[Uy|. If, at time

k, 'y < Ay, then it is optimal to switch to data communication in the remaining N — k

slots, with constant rate SHmin

2. Otherwise, it is optimal to perform beam-alignment, with beam By C Uy, |Bi| = pr |Us|-

3. Finally, since the time to switch to data communication is solely based on {v}}, but not

on Uy, it follows that fized-length beam-alignment is optimal, with duration

These structural results are detailed in the following theorem.
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Theorem 2.3. Let

NRmin ¢s
Lyin= argmin <L:(N—-L ( ,e) >}
LG{O%.,N—l} { ( )94 N —-L 2

cmd, fOT’ Lmin S L< N;

o) = (N — L)gy (Mfmn ),

L
U(L) 12

81;,(611)1
Then, the beam-alignment phase has deterministic duration

L* = arg min U(()L)-
Le{0}U{Lmin,....,N—1}

For 0<k<L* (beam-alignment phase), By, is optimal iff
By, C Uy, |Bi| = pr|Usl,

where py is the fractional search parameter, defined as

s
AN—L*)pa( min e)’

_1_
pL*—l_Q

_ 1—pp1 *
Pk = 1_2pz+1p1€+17 k<L*—1

(2.57)

(2.58)

(2.59)

(2.60)

(2.61)

Moreover, py € (0,1/2), strictly increasing in k. For k > L*, the data communication phase

NRmin

occurs with rate ™,

and 2D beam given by Theorem 2.1.

Proof. Since the optimal duration of the beam-alignment phase is deterministic, as previously

discussed, we consider a fixed beam-alignment duration L, and then optimize over L to
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achieve minimum energy consumption. Let L € Z. Then, the DP updates are obtained by

adapting (2.55) to this case (so that the outer minimization disappears for k < L), yielding

( ) _ (N L)¢d (NRmm 6)

N—-L >
v = gi(pr), k < L, where

(2.62)
gr(p) 2 ap+ [0* + (1= p)*| uih,

Jr
pr = arg minpe[o,l] gk(P) = % <1 - 211(L))

Since the goal is to minimize the energy consumption, the optimal L is obtained by solving
L*=argminy, vo . We now prove that 0 < L < L, is suboptimal, so that this optimization
can be restricted to L € {0} U {Luyjn, -, N — 1}, as in (2.59). Let 0 < L < Ly, so that
U(LL) < ¢s/2, as can be seen from the definition of L, in (2.57). Note that U](CL) is a non-

decreasing function of k. In fact, U](CL) < gx(0) = U,(c +)1 Then, it follows that Uk ) < ¢, /2,Vk,

hence p, = 0, Vk, yielding v(()L) = U(LL) by induction. However, U(LL) is an increasing function of

L (it is more energy efficient to spread transmissions over a longer interval), hence v(() ) > véo)

and such L is suboptimal. This proves that any 0 < L < L, is suboptimal.
We now prove the updates for L > L, i.e. vL > ¢s/2. By induction, we have that

) > ¢s/2,VE. In fact, this condition trivially holds for k = L, by hypothesis. Now, assume

v,(jr)l > ¢, /2 for some k < L. Then, v,(cL) = min,co1] gx(p), minimized at p, = % <1 -3 (2%31)7
L)

so that v,gL) = gr(pr), yielding (2.58). This recursion is an increasing function of vk P

yielding v,gL) > ¢,/2, thus proving the induction. It follows that p, = 1 (1 (L) > vk,

2
k+1
yielding the recursion given by (2.58). The fractional search parameter py is ﬁnally obtained

by substituting v,(jr)l = 2(1?;%) into the recursion (2.58) to find a recursive expression of py

from pyy1, yielding (2.61). These fractional values are used to obtain By in (2.60).

To conclude, we show by induction that p,€(0,1/2), strictly increasing in k. This is true
for k=L—1 since p;,_1€(0,1/2). Assume that px,1€(0,1/2), for some k<L—2. Then, by
inspection of (2.61), it follows that 0<pr<pgi1 < 1/2. The theorem is thus proved. O
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2.4 Decoupled BS and UE Beam-Alignment

In the previous section, we proved the optimality of a fractional search method, based on
an extended action space that uses the 2D beam By€[—7/2, 7/2]?, which may take any shape.
However, actual beams should satisfy the rectangular constraint By=DB; j, X B, x, and therefore,
it is not immediate to see that the optimal scheme outlined in Theorem 2.3 is attainable in
practice. Indeed, in this section we prove that there exists a feasible beam design attaining
optimality. The proposed beam design decouples over time the beam-alignment of the AoD
at the BS (BS beam-alignment) and of the AoA at the UE (UE beam-alignment). To explain
this approach, we define the support of the marginal belief with respect to 6,,x€{t,r} as
Uy, = supp(fxx). In BS beam-alignment, indicated with [,=1, the 2D beam is chosen as
Bi=B4 j xU, 1, where By ,ClU, 1, so that the BS can better estimate the support of the AoD,
whereas the UE receives over the entire support of the AoA. On the other hand, in UFE beam-
alignment, indicated with (=2, the 2D beam is chosen as By=U; 1, X B, ;, where B, ClU, ,
so that the UE can better estimate the support of the AoA, whereas the BS transmits over
the entire support of the AoD. We now define a policy u that uses this principle, and then

prove its optimality.

Definition 2.1 (Decoupled fractional search policy). Let L*, ¥, {px:k=0,...,L*—1} as in

Theorems 2.1, 2.5. In slots k=L*,..., N, data communication occurs with rate Rk:%
and beams
Bip CU g, Bep CUg, |Biwl|Berl =9 |Uir| Ukl (2.63)
In slots k=0,1, ..., L*, Br€{1,2} is chosen arbitrarily and beam-alignment occurs with beams
Biy CUig, B = Uk, |Boxl = pr|Uskl,if Br=1
(2.64)

Bix =U gy Ber CUrs, |Brk| = pr Ukl ,if Br=2.
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Theorem 2.4. The decoupled fractional search policy is optimal, with minimum power con-

sumption
e
P, = U 2.65
L (2:65)
Proof. The proof is provided in Appendix 8.E. m

The intuition behind this result is that, by decoupling the beam-alignment of the AoD
and AoA over time, the proposed method maintains a rectangular support Uy, = Uy, X Uy
so that no loss of optimality is incurred by using a rectangular beam By = By X B;x.
Additionally, we can infer that the ezhaustive search method is suboptimal, since it searches
over the AoD/AoA space in an exhaustive manner, rather than by decoupling this search

over time.

2.5 Non-Uniform Prior

In this section, we investigate the case of non-uniform prior f;. We use the previous
analysis to design a heuristic scheme with performance guarantees. We consider the decou-
pled fractional search policy (Definition 2.1), with the following additional constraints: in

the beam-alignment phase k < L*, if §; = 1 (BS beam-alignment), then

B, =arg Bgilcal}li,k - for(6e)db, st |Berl = pi [Uskl ; (2.66)

if 8} = 2 (UE beam-alignment), then

* —arg_max /B Fon(0)d0,, st |Bosl = pi |Us] (2.67)
T,k

Br,kCZ/{r,k

Hence, the probability of ACK can be bounded as

5
Case Bp =1 [pr feu(br)dOy > u::

| aol L (2.68)
Case ff =20 Jp:, frp(0r)dbr =
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In other words, such choice of the BS-UE beam maximizes the probability of successful beam-
detection, so that the resulting probability of ACK is at least as good as in the uniform case.

Similarly, in the data communication phase k > L*, the BS transmits with rate R =

NRmin
N—-L*”

and the beams are chosen as in Definition 2.1, with the additional constraint

(Biy, Biy) =arg  max /B . Fu(0)46, st (B 1Busl = el sl (2:69)

By, 1o x By 1, U,

Under this choice, the energy consumption per data communication slot is obtained from

(2.36),

B
Ey, = va(Ry) = | k1|_€ (2.70)
v (P(GGBka))
(a) |Bk‘| @
< ¢d(Rk)F_1 -0\ — ¢d(Rk7 6) |u/€| ) (271>
gl ( 1B | )

where (a) follows from P(O€B|Uyx)>|Bk|/|Uk|, and (b) from |By x| |Bex| = U [Us k| [Us k], and
from (2.44) with ¢ = (1—¢€)/¢* (Theorem 2.1). This result implies that data communication
is more energy efficient than in the uniform case, see (2.45). These observations suggest that

the uniform prior yields the worst performance, as confirmed by the following theorem.

Theorem 2.5. The minimum power consumption for the non-uniform prior is upper bounded

by Po, < P,, with equality when fy is uniform.

Proof. We denote the value function of the non-uniform case under such policy as Vi & (Ui, Dy)-
Additionally, we let P, be the corresponding minimum power consumption, solution of prob-
lem Py in (2.35), to distinguish it from the minimum power consumption in the uniform case,

given by (2.65). For k = L* (data communication begins), (2.70) implies that

Nanin
Vs U, Do) < (N — L) <N —3 e) U] (2.72)
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For k < L* (beam-alignment phase), it can be expressed as

Vnuk(ukyDO) ¢S‘Bk|+/ fk devnukJrl(BkaDO ( / fk de) Vnuk+1<uk:\8k7D0>

(2.73)
where B} is given by (2.66) or (2.67). The minimum power Consumption is given by
Pou=Viuo(Uo, Do) /Ty, so that P, < P, is equivalent to Vi (U, Dk)<vk |Z/{k\ when k£=0.
We prove this inequality for general k£ by induction. The induction hypothesis holds for

k=L*, see (2.72) with UL* given in (2.58). Assume it holds for k + 1, where £ < L* — 1.
Then, (2.73) can be expressed as

Vauk (Ui, Do) < b5 |Bk|+/ f1(8)d0uvy) !Bk|+< / fx(6 d9> o) U\ By
@ [¢sﬂk + vl(j:l) (1 — 2p + 2/)%)} Ur| — (/ f1(6)do — Pk) Uk+1 Ukl (1 —2p1)

where (a) follows from (2.66)-(2.67) and Uy \ Bj| = |Ux| — |B;|. Finally, the bound (2.68)
yields

Vauk(Us, Do) < [depi + vi57 (1= 205+ 207) | U] = o7 104

where the last equality is obtained by using the recursion (2.58) and the fact that p, =

% — 4;52:1) (see proof of Theorem 2.3). This proves the induction step. Clearly, equality is

attained in the uniform case. The theorem is thus proved. O]

This result is in line with the fact that one can leverage the structure of the joint dis-
tribution over @ to improve the beam-alignment algorithm. However, for the first time to
the best of our knowledge, this result provides a heuristic scheme with provable performance

guarantees.
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2.6 Impact of False-alarm and Misdetection

In this section, we analyze the impact of false-alarm and misdetection on the performance
of the decoupled fractional search policy (Definition 2.1). For simplicity, we focus only on
the uniform prior case. Under false-alarm and misdetection, the MDP introduced in Sec.
2.2 does not follow the Markov property. To overcome this problem, we augment it with
the state variable e, € {0,1}, with e, = 0 iff no errors have been introduced up to slot
k. Note that, if errors have been introduced (e, = 1), then necessarily 8 ¢ Uy, so that
we can write e, = 1 — x(0 € Uy). It should be noted that ey is not observable in reality
and is considered for the purpose of analysis only (indeed, the policy under analysis does
not use such information). We thus define the state as (Uy,ex),* and study the transition
probabilities during the beam-alignment phase k& < L*. From state (U, 0) (no errors have

been introduced), the transitions are

(B, 0), w.p. pr(1 — Pma)

(Up41, €x+1) = (B, 1), b (1= px) s (2.74)
(U \ Bi,0), w.p. (1—pp)(1—p)
(uk \ Bk? )v W.P. Pk Pmd,

where pr, and p,q denote the false-alarm and misdetection probabilities, respectively. In

1Bel _

fact, if no errors occur, then 8€B, with probablhty o =Pk and 0¢B,. otherwise, yielding

\
the first and third cases; if a false-alarm or misdetection error is introduced, then the BS
infers incorrectly that @By (second case) or O¢8; (fourth case), respectively, and the new
state becomes ery1=1. Once errors have been introduced (state (U, 1)), it follows that

0¢ By, so that Uy.1=DBy iff a false-alarm error occurs, and the transitions are

(Bka ]-)7 W.D. Pta
(Us+1, €x11) = (2.75)

(Ui \ Br, 1), w.p. 1 — pra.

81The backlog Dy, is removed from the state space, since no data is transmitted during the beam-alignment
phase.
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The average throughput and power are given by

Terr =E [(1 — eL*)(l — E)Rmin|u07 €0 = 0] 9

NRmin
N — L*’

6) RIL*

_ 1 L*—1
Py = fE ¢3 Z Pk |uk| + (N - L*)¢d ( Z/{O? €y = 01 (276)
r k=0

In fact, a rate equal to Ry, is sustained if: (1) no outage occurs in the data communication
phase, with probability 1 — ¢; (2) no errors occur during the beam-alignment phase, ey« = 0.

The analysis of the underlying Markov chain { (U, ex), k>0} yields the following theorem.
Theorem 2.6. Under the decoupled fractional search policy,

L*—1

Terr:(l_E)Rmin H [(I_Pk) (1_pfa>+pk(1_pmd)}u (277)
k=0
_ _ h
Paw = Py + 010 041 (2.78)
Tt

where P, in (2.65) is the error-free case, and we have defined hp-=ur-=0 and, for k<L,

Pk — Pta
2

up = [Pi(l—pmd)‘i‘ (1—pp)? (1_pfa)] U1 — (1=Pta—Pma) Pr [Q;S+hk+1 (1_2Pk>1 . (2.80)

hi, = ¢ + (kP + (1 = pi) (1 — pga)] Piegrs (2.79)

Proof. The proof is provided in Appendix 8.E. O

2.7 Numerical Results

In this section, we demonstrate the performance of the proposed decoupled fractional
search (DFS) scheme and compare it with the bisection search algorithm developed in [13]
and two variants of exhaustive search. In the bisection algorithm [13] (BiS), in each beam-
alignment slot the uncertainty region is divided into two regions of equal width, scanned in
sequence by the BS by transmitting beacons corresponding to each region. Then, the UE
compares the signal power (the strongest indicating alignment) and transmits the feedback
to the BS. Since in each beam-alignment slot two sectors are scanned (each of duration ),

the total duration of the beam-alignment phase is (275 + TF)L [s|, where Tp is the feedback

26



50
T (> Spectral Efficiency [bps/Hz|

20.25

40h .

30 - 1 B

P [dBm]

Figure 2.2. Spectral efficiency versus beam-alignment error probability p. for DFS.

time. In conventional exhaustive search (CES), the BS-UE scan exhaustively the entire beam
space. In the BS beam-alignment sub-phase, the BS searches over N j(BBS) beams covering the
AoD space, while the UE receives isotropically; in the second UE beam-alignment sub-
phase, the BS transmits using the best beam found in the first sub-phase, whereas the UE
searches exhaustively over N g]E) beams covering the AoA space. Since the UE reports the
best beam at the end of each sub-phase, the total duration of the beam-alignment phase
is [N éBs) + N éUE)]TB + 2Tp. On the other hand, in the interactive exhaustive search (IES)
method, the UE reports the feedback at the end of each beam-alignment slot, and each
beam-alignment sub-phase terminates upon receiving an ACK from the UE. Since the BS
awaits for feedback at the end of each beam, the duration of the beam-alignment phase is
(T + Tp)[N ]gBS) +N g]E)], where Ng < Np is the number of beams scanned until receiving
an ACK; assuming the AoD/AoA is uniformly distributed over the beam space, the expected
duration of the beam-alignment phase is then %(TB +TF) [ NEBS) + N g]E) + 2}.

We use the following parameters: [carrier frequency]= 30GHz, d = 10m, [path loss
exponent|= 2, Tp=20ms, T=50us, Tr=50us, [U|=[r]?, No= — 173dBm, W,,;=500MHz,
My=M,=128.
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Figure 2.3. Spectral efficiency versus average power consumption.

In Fig. 2.2, we depict the average power vs the probability of false-alarm and misdetection
pe for different values of the spectral efficiency using expressions (2.77) and (2.78). We use
e = 0.01, and consider Rayleigh fading with no CSI at BS, corresponding to h~CAN (0, 1/4(d))
with h=0 and 02=1/¢(d). We restrict the optimization of L over L&{0, ..., Luax}, to capture
a maximum resolution constraint for the antenna array, where we chose L.« = 14. From the
figure, we observe that, for a given p,, as the spectral efficiency increases so does the average
power consumption due to increase in the energy cost of data communication. Moreover,
the figure reveals that, for a given value of spectral efficiency, there exists an optimal range
of p., where power consumption is minimized. The performance degrades for p, above the
optimal range due to false-alarm and misdetection errors during beam-alignment, causing
outage in data communication; similarly, it degrades for p. below the optimal range due to
an increased power consumption of beam-alignment.

In Fig. 2.3, we plot the results of a Monte-Carlo simulation with analog beams generated
using the algorithm in [27]. In this case, we obtain ¢;= — 94dBm with Pra=pma=10"%. For
BiS and DFS we set L. = 10 to capture a maximum resolution constraint for the antenna
array; for the exhaustive search methods, we choose N EBS) =N j(BUE):32. The performance

gap between the analytical and the simulation-based curves for DFS is attributed to the fact
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Figure 2.4. Performance degradation with multi-cluster channel (K = 2).

that the beams used in the simulation have non-zero side-lobe gain and non-uniform main-
lobe gain, as opposed to the "sectored” beams used in the analytical model. This results
in false-alarm, misdetection errors, and leakage, which lead to some performance degrada-
tion. Howewver, the simulation is in line with the analytical curve, and exhibits superior
performance compared to the other schemes, thus demonstrating that the analysis using the
sectored gain model provides useful insights for practical design. For instance, to achieve a
spectral efficiency of 15bps/Hz, BiS [13] requires 4dB more average power than DFS, mainly
due to the time and energy overhead of scanning two sectors in each beam-alignment slot,
whereas IES and CES require 7.5dB and 14dB more power, respectively. The performance
degradation of IES and CES is due to the exhaustive search of the best sector, which de-
mands a huge time overhead. Indeed, IES outperforms CES since it stops beam-alignment
once a strong beam is detected.

So far in our analysis, we assumed a channel with a single cluster of rays, see (2.3). In
Fig. 2.4, we depict the performance of DFS and BiS [13] in a multi-cluster channel (K = 2
in (2.2)), with the weakest cluster having a fraction g of the total energy, 0 < o < 0.1. It can
be seen that the performance of both DFS and BiS degrade as ¢ increases, since a portion

of the energy is lost in the weaker cluster, and the algorithms may misdetect the weaker

29



cluster instead of the strongest one. For example, for spectral efficiency of 15bps/Hz, both
schemes exhibit ~ 2dB and ~ 5dB performance loss at ¢ = 5% and o = 10%, respectively,
compared to ¢ = 0 (single cluster). However, DFS consistently outperforms BiS, with a
gain of ~ 3.5dB. This evaluation demonstrates the robustness of the proposed algorithm in

multi-cluster scenarios.
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3. CODED ENERGY-EFFICIENT BEAM-ALIGNMENT

s This chapter proposes a coded energy-efficient beam-alignment scheme, robust against
detection errors. Specifically, the beam-alignment sequence is designed such that the error-
free feedback sequences are generated from a codebook with the desired error correction
capabilities. Therefore, in the presence of detection errors, the error-free feedback sequences
can be recovered with high probability. The assignment of beams to codewords is designed to
optimize energy efficiency, and a water-filling solution is proved. The numerical results with
analog beams depict up to 4dB and 8dB gains over exhaustive and uncoded beam-alignment

schemes, respectively.

3.1 System Model

We consider a mm-wave cellular network with a single base-station (BS) and M user-ends
(UEs) denoted as UE;,7 =1,2,..., M, in a downlink scenario. UE; is at distance d; < dpax
from BS, where d,.x > 0 is the coverage radius of the BS. We assume that there is a single
strongest path between the BS and each UE;, whose angle of departure (AoD) and angle
of arrival (AoA) are denoted by 60 ;~U[ — 7/2,7/2] and 6, ,~U| — 7/2, /2|, respectively.
Ula, b] denotes the uniform distribution over the interval [a, b]. We use the sectored antenna
model to approximate the beam patterns of the BS and UEs [29]. Under such model, the
beamforming gain is characterized by the angular support of the BS and UE beams, denoted

as By, C| — 7/2,7/2] and B, ,C[ — 7/2,7/2], respectively, and is given by

G(By. 0;) = (|257’; )‘2 \(6: € By, (3.1)

where By, = By, X Bey and 6; = (6,,,0.); x(0 € A) is the indicator function of the set A,
and |A| £ [, d@ is its Lebesgue measure. In other words, if the AoD/AoA 6 lies in the beam

TA version of this chapter was previously published by Allerton 2018
[5][DOI1:10.1109/ALLERTON.2018.8635944]
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Figure 3.1. Timing Diagram.

support By of the BS and UE, then the signal is received with gain (fgk)f ; otherwise, only
noise is received. The received signal at UE; can thus be expressed as

Y = n)\/ PG(By, 6; v 2

Y — Iy, k ( k> Z)8k+nk7 (3)

where k is the slot index, s, is the transmitted sequence, Py is the transmission power of the
BS, h,(f) is the complex channel gain between the BS and UE;, and ny; ~ CN (0, NgW;i 1)
is complex additive white Gaussian noise (AWGN). The quantity Ny denotes the one-sided
power spectral density of the AWGN channel and W, is the system bandwidth. We assume
Rayleigh fading channels h,(f) ~ CN(0,1/4(d;)), Vi, k, independent across UEs and i.i.d over
slots, where ¢(d;) is the path loss between the BS and UE,;.

We consider a time-slotted system where the frame duration Ty[s| is divided into three
phases: beam-alignment, feedback and data communication, of duration T}, Ty, and Ty, re-
spectively, with T,+Tx+1;=1T%., as depicted in Fig. 3.1. Data transmission is orthogonalized
across users according to a TDMA strategy. We now describe these phases in more detail.

Beam-Alignment Protocol: The beam-alignment phase, of duration Ty, is divided

into L slots, each of duration T'= T, /L, indexed by the set Z, = {1,..., L}. In each beam-

alignment slot, the BS sends a pilot sequence s;, using the sequence of beams {B; j, k=1,..., L}.

Simultaneously, each UE receives using the sequence of beams {B,x, k=1,...,L}. In each
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beam-alignment slot, UE; tests whether 6;€B;, (alignment) or 8;¢5; (mis-alignment). This
can be expressed as the following hypothesis testing problem:

(27T)2Pk (i)

Hi - y’(j) — héi) B sk +m,;’, (alignment), (3.3)

Ho : y,(f) = n,(j), (mis-alignment).

Under no CSI (h,(f) unknown), the optimal Neyman-Pearson detector for the above binary
problem is the threshold detector
sty

—rTr . 3.4
NoWer|[sr]B 22 (3:4)

If UE; infers that H; is true, then it generates u,(j)zl, otherwise u,(f):& Each UE generates

its detection sequence u; = (u&i),ug), e ,u(Li)) € {0,1}* with the above detector. This is
used to infer the AoD/AoA 6;, and to design the beams for the data communication phase,

as detailed below.
Let ¢; 2 (7,50, ..., ) with cg) = x(0; € By) (3.5)

denote the error-free detection sequence. The detected w; may incur mis-detection (u,(f)zo
but c,(j)zl) or false-alarm errors (u,(;) =1but c,(f):()) , with probabilities (these can be obtained

from the signal model (3.3))

Tth ‘Bk| NOWtotg(di) )

m 121_ -
Pme, ex"( 1Be] NoWrorl(ds) + Pi(27)2 ] 5112

Pai = €XP (—Ttn) - (3.7)
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The BS transmission power P, and detector threshold 7, are designed to guarantee maximum
error probabilities pmd, Pr; < pe across users (this can be achieved via appropriate beam

design, see [60]), which yields

Ten = — In(pe), (3.8)
NoWiotl(d;) l In(p.) ] |
P> —1| |By|, Vie{l,..., M}.
= (27)2||skll3 | In(1 — pe) |By|, Vie{ }

Equivalently, we can express the energy EkéTslek||sk||2 as
Ei > 6, |By] (3.9)

where Ty, is the symbol duration; ¢ is the energy/rad? to guarantee the required detection

performance among all UEs,

A NOWtothy [ ln(pe)

In the rest of the chapter, we enforce equality in (3.9) for the purpose of energy-efficient beam-
alignment design, and assume that pmg; = Dfi = Pe, Vi. Note that this is the worst-case
scenario; in fact, in practice, an UE closer to the BS may experience a lower mis-detection
probability pma; < pe as a result of £(d;) < {(dmax), see (3.6).

With this notation, we write the detection sequence as
A
Uu; =c¢; b €;, (311)

where @ denotes entry-wise modulo 2 addition, and e; € {0,1}* is the beam-alignment
error sequence of UE;. Due to the i.i.d. Rayleigh fading assumption and to the fact that

false-alarm and misdetection errors occur with probability pma; = pra,i = De, independently
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across slots, it follows that e; is independent of ¢;, and that errors are i.i.d. across UEs and

slots, with probability mass function (pmf)
ple:) = pl (1 — po) e, (3.12)

where W (d)= S°F_, d;, is the Hamming weight of d€{0, 1}
We now design a coded beam-alignment strategy, robust to detection errors. If UE; was
provided with the error-free detection sequence c¢;, it could infer the support of 8; relative

to the beam sequence {By, k=1,..., L} to be
o0
0, € U., = Nj_ B, (3.13)

where we have defined

B, c=1,
B, = (3.14)

[—2,5°\B;, c¢=0.

In fact, ¢{’=1 < 6; € B, and {’=0 < 6, € [ — 2,212\ By, yielding (3.13) when considering
the entire sequence ¢;. We let C be the set of all possible error-free detection sequences with

non-empty beam support, i.e.
C={cec{0, 1} U, +#0}, (3.15)
and G be the corresponding beam-support,
G2 {U. :cec). (3.16)

Note that (C,G) are uniquely defined by the beam sequence {By, k=1,...,L}. Likewise,
{Bk,k=1,..., L} is uniquely defined by a specific choice of (C,G), as can be seen by letting

Bk = UcEC:ckzluca Z/{c € g (317>
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Therefore, the problem of finding the optimal beam sequence, {By, k = 1, ..., L} is equivalent
to that of finding the sets C and G. However, a joint optimization over C and G is intractable
due to the combinatorial nature of the problem and lack of convexity. Therefore, we resort
to selecting C and G independently, where C is chosen from a predefined codebook with the
desired error correction capability and G is designed to optimize energy efficiency.

Error Correction and Scheduling : One way to choose C would be as all possible

binary sequences of length L, C={0, 1}£. However, a single error during the beam-alignment
phase would result in an incorrect selection of the communication beam. For instance, in
the case L=3, if the error-free codeword is ¢;=[1, 1, 1] (and thus 0,€Uj,1,1)) but UE; detects
u;=[1,0, 1], then it will incorrectly infer that ;€U 1), resulting in outage in the data
communication phase.

In order to compensate for detection errors, we endow C with error correction capabilities
up to € errors, e.g., using Hamming codes. Therefore, at the end of the beam-alignment
phase, each UE applies the decoding function f : {0,1}X—C to the detection sequence u;.

In this chapter, we use the minimum Hamming distance criterion to design f(+), i.e.,
f(u) £ argmin||u — cl|3. (3.18)
ceC

After decoding, each UE feeds back to the BS the ID of its corrected sequence & =
f(u;), Vi € {1,2,...,M}. We assume that the feedback signals are received without er-
rors at the BS, which thus infers that

0, € Uf(ui), (3.19)

where Uy is defined in (3.13). Given f(u;), the BS allocates the communication resources
(73, Bai, P;, R;) to UE; during the data communication phase, denoting the allocated time,

BS transmission power and rate, and communication beam. In this chapter, we assume a
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TDMA strategy, i.e., 7, = Ty/M, Vi € {1,2,...,M}. The beam pair By; = BSZ- X Bﬂi is

chosen as
Bdﬂ- = Bd('u,l-) = uf(ui)~ (320)

Note that, due to the error correction capability endowed in the design of C, if less than (or
equal to) e errors have been introduced in the beam-alignment phase, then f(u;) = ¢;, and
thus correct alignment is achieved in the data communication phase (Bq; = U,,); otherwise,
if f(u;) # ¢;, then the data communication beam is not aligned with the AoD/AoA, and
outage occurs (Bg; NU., = 0). The resulting mis-alignment probability of UE; can then be
bounded as
L L
Prmai(Ba) <P(W (i) > £)=) Pe(l=pe)™ ™, (3.21)
I=e+1

as per the error model (3.12). Note that this is a function of ¢, via (3.10), duration L of beam-
alignment and number of correctable errors ¢ (i.e., choice of the error correction codebook
C). However, it is independent of the beam-alignment sequence By, k€Z,;. Therefore, the
optimization over ¢y, L, C and By, k€Z, can be decoupled: ¢4, L, C can be chosen to achieve
a target mis-alignment performance p,,; < ppa*, Vi, whereas By, k€Z; is optimized to achieve
energy-efficient design. This optimization is developed in the next section.

Data Communication: In the data communication phase, the BS transmits to UE;

in the assigned TDMA slot using power P; and rate R;. These are designed to satisfy a
maximum outage probability poui(P;, R;) < p, with no CSI at the transmitter (h,(f) unknown
at BS), and a minimum rate constraint Ry, ; of UE; over the frame. In case of mis-alignment,
data communication is in outage, see (3.21). We now consider the case of alignment, i.e.,
f(u;)=c; and 0;€B,4(u;). In this case, the instantaneous signal-to-noise ratio (SNR) during
the data communication slots associated with UE; is

I

SNRY = 3.22
© = NoWerlBalw)| (3.22)
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where W,Ei)ém,(j) 2. The outage probability is then given by

Pout (Pi; Ri) = P(Wyoq logy (1 4+ SNRY) < Ry |uy)

11— exp <_( e _ 1)%1&(@\) |

To meet the minimum rate constraint of UE; over the frame, we enforce R; = %Rmin,i- To
1

enforce pou (P, R;) < p,' we find the power P; and the energy E; = Pi7; as
E; = ¢a|Ba(wi)l, (3.23)

where ¢q; is the minimum energy/rad? required to meet the rate requirement of UE; with

outage probability p, given by

Tig(di)NOWtot [2 f:luzl:;l - 1]
(27)2In(1/(1 - p))

e = (3.24)

3.2 Optimization Problem

The optimum beam-alignment design seeks to minimize the average power consumption
P,y (B) of the BS, over the beam-sequence B={B,k € Z,} in the beam-alignment phase,

ie.,
Pl: B* =arg min Poy(B), (3.25)

where, using (3.9) and (3.23), Paye(B) is given by

_ 1 L M
Pog(B) = fE > s |Bel + > bai|Ba(wi)l] (3.26)
S e =

with Bg(u;) given by (3.20). The expectation is over the detected and error-free sequences

{(ui,¢;),i=1,...,M}.

max

14Note that the overall outage probability including mis-alignment is given by plax 4 (1 — pmax)p,
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Using (3.17) and (3.20), we can express the beam-alignment and data communication

beams as
Bi = Ugec:a—1Ua, Ba(w;) = Usu,).- (3.27)

In fact, Us, represents the estimated support of the AoD/AoA of UE;, when it detects the
error corrected sequence &;=f(u;). Note that {Uy : deC} forms a partition of the AoD/AoA
space [ — /2, 7/2]2. In fact, using (3.13), the fact that N_ Bi* = (0.Vd ¢ C, and the set
definition (3.14), we can show that

Udec Ua = Ugegonye Ni_y Bt = [ — /2, 7/2)%, (3.28)
Uz, NUz, =L [BIF N BP =0, Vd, # do. (3.29)

Therefore, letting wqy = |[Uy| be the beamwidth of the sector Uy and using (3.27), we can

rewrite the average power as

L
Pavg [Z ¢5 |Ud€C:dk:1Ud|

+Z¢d@{
li g

deCid=1

<€ —l— ‘Uf (ciDe;)

| x(W(e)>2)}

M
+ 3 Gai{wex(W(e:) < ) + wiiewenx(W(er) > )},
i=1

where in (a) we used the facts that {U.:c€{0,1}L} is a partition of [ — 7/2,7/2)? and
that, if fewer than e errors occur in the beam-alignment phase, then the support of 6; is
detected correctly. Note that, since the AoD/AoA pair 6, is uniformly distributed in the
space | — m/2,7/2)?, the probability of occurrence of the error-free sequence ¢;=z is

We
)
7T2

Plci=x) =P(0;, € Np_,Bi*) =P(6; € Uy,) = (3.30)
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while the error sequence e;, Ve; € {0, 1}* follows the pmf p(e;) given in (3.12). This leads to

Prog(w) = j{f [@ S Widy (3.31)

+ Z{wz P(W(e) <e)+ > wf(c@e)wcp(e)}]’

ceC ec{0,1}L:W(e)>e

where we used the fact that

L

L
Y wa=)> x(dy =1wa=> W(d)wa,

k=1 deC:dy,=1 deC k=1 dec
and we have defined ¢4 £ ﬁ M ¢4, Thus, the optimization problem P1 can be restated
as that of optimizing the "beamwidths” wgq,d € C. The sequence of beams with desired
beamwidth solution of this optimization problem can then be obtained via (3.27), where
Uy = wq. Note that wg £ [Uy| needs to satisfy the constraint 3"y wq = 72, since {Uy, d €
C} is a partition of [ — /2, 7/2]%.

However, it can be shown that the cost function Pig(w) is non-convex with respect to

w, due to the quadratic terms wyicge)we appearing in (3.31). In order to overcome this
limitation, we propose to upper bound (3.31) by a convex function. To determine this upper
bound, note that the partition constraint > gcc wg = (27)? and wq > 0,Yd € C imply that

Wewe) < ™. Thus, we upper bound (3.31) as

Pg(w) < — l(ps > W(d)wq (3.32)

Note that, if the probability of incurring more than e errors is made sufficiently small (by

appropriately choosing the error correction code C), say P(W(e) > ¢) < § < 1, then we can

bound the gap Puyy(w) — Payvg(w) by

. _ Mo 2
0< Prug(®) = Paglie) < o
fr

0, (3.33)
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Thus, we consider the minimization of the upper bound Pavg(w) instead of the original

function Pavg (w), yielding the optimization problem

P2: v =arg m>151 Pres(w) s.t. > wg =7, (3.34)
v= deC

We now study the optimization problem P2. Note that this is a convex quadratic problem

with respect to w, : d € C. The dual function associated with P2 is given by
g(ﬂ) = 13};8 pavg(uj) — K (de - 7T2) )
= deC

whose minimizer yields the "water-filling” solution

. 2, +
“i = BT (e) < M3, A —w(d)]| " (3.35)

The dual variable A is chosen so as to satisfy the constraint

dowy =77, (3.36)
deC

or equivalently, as the unique solver of

o ¢s < + _
h()) = ET e < 310 2 =]t =1, (3.37)

where 1,2 Yeee X (W (e)=w) is the number of codewords in the codebook C with Hamming
weight equal to w.

The optimal dual variable A* can be found using the bisection method over the interval
[Amins Amax)- In fact, h(A) is a non-decreasing function of A > 0, with ~(0) = 0 and, using
the fact that [\ — w]" < A, we find that
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2M g P(W (e)<e)
Z= e,

ﬁ Sk new as the average weight of the codewords in C, we observe that

where |C| is the cardinality of C, hence \* Moreover, by denoting W =

2MdaP(W(e) < ¢)
¢S

Z_:Onw A —w]=[A=W]|C|< h(A),

thus implying the following upper and lower bounds to A*,

LA 2M paP(W (e) < €)
min - |C’¢)s

S)\*S)\min_'_W é /\max-

3.3 Numerical Results

In this section, we compare the performance of the proposed scheme with other schemes.
We use Monte-Carlo simulation with 10° iterations for each simulation point. The common
simulation parameters used are as follows: Tp=20ms, T=10pus, [Number of BS antennas|=64,
[Number of UE antennas| = 1, [BS-UE separation]=10m, Ny= — 173dBm, W;,=500MHz,
[carrier frequency]|=30GHz, ¢,=6dBm, and p=1073. Moreover, we use the beamforming al-
gorithm in [65] to generate the beamforming codebook. With these values, we have observed
numerically that the probability of detection errors is in the range p.€[0.1, 0.3], due not only
to noise and the Rayleigh fading channel, but also to sidelobes, which are not accounted for
in the hypothesis testing problem (3.3). Thus, we set p,=0.3 to capture this more realistic
scenario.

In Fig. 3.2, we depict the spectral efficiency (Throughput/W,.) versus the average power
consumption. The curves correspond to three different choices of the codebook C: the
Hamming codebook C=(7,4), representing the proposed coded energy-efficient scheme, with
error correction capability up to e=1 errors; C={[I].;,i=1,..., L}, representing the exhaus-
tive search scheme, where [I].; denotes the ith column of the L x L identity matrix I; and
C = {0, 1}, representing the scheme with no error correction capabilities (uncoded). We use
L=16 for the exhaustive search scheme, and L=7 for the coded and uncoded schemes. In the
figure, we observe that the proposed scheme using (7,4) Hamming codebook outperforms the

other two schemes, thanks to its error correction capabilities, with a performance gain up to
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Figure 3.2. Spectral Efficiency versus average power consumption.

4dB over exhaustive and 8dB over the uncoded scheme. Surprisingly, the exhaustive scheme
exhibits superior performance compared to the uncoded scheme, despite its more significant
time overhead (L=16 vs L=T). This can be attributed to the fact that the codewords in
the exhaustive codebook exhibit a minimum Hamming distance of 2, whereas the uncoded
codebook exhibits minimum Hamming distance equal to 1, and is thus more susceptible to

detection errors during the beam-alignment phase.
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4. SECOND-BEST BEAM-ALIGNMENT VIA BAYESIAN
MULTI-ARMED BANDITS

In this chapter, a beam-alignment scheme is proposed based on Bayesian multi-armed
bandits, with the goal to maximize the alignment probability and the data-communication
throughput. A Bayesian approach is proposed, by considering the state as a posterior dis-
tribution over angles of arrival (AoA) and of departure (AoD), given the history of feedback
signaling and of beam pairs scanned by the base-station (BS) and the user-end (UE). A sim-
plified sufficient statistic for optimal control is identified, in the form of preference of BS-UE
beam pairs. By bounding a value function, the second-best preference policy is formulated,
which strikes an optimal balance between exploration and exploitation by selecting the beam
pair with the current second-best preference. Through Monte-Carlo simulation with analog
beamforming, the superior performance of the second-best preference policy is demonstrated
in comparison to existing schemes based on first-best preference, linear Thompson sampling,
and upper confidence bounds, with up to 7%, 10% and 30% improvements in alignment

probability, respectively.

4.1 System Model

We consider a downlink scenario with one BS and one UE, as depicted in Fig. 4.1. Time
is divided into frames of duration T3=T,N, each with N slots of duration 7;. The frame is
partitioned into two phases: a beam-alignment phase of duration LTy (L<N slots), followed
by a downlink data communication phase, of duration (N—L)T;. Each beam-alignment slot
is further partitioned into a pilot transmission phase, of duration T}, followed by a feedback
phase, of duration Tf,, with Ty=T,;+Th,. These are detailed next.

The BS and UE are equipped with uniform linear arrays (ULAs) with M; and M, antenna

elements, respectively, and use analog beamforming. The signal received at the UE is

2z, = \/ Pupur Hyvps +wy, Yk € {0,1,...,N — 1}, (4.1)

TA  version of this chapter was previously published by IEEE  Globecom 2019
[6][DOI:10.1109/GLOBECOM38437.2019.9013578|
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Scatterer

BS UE

Figure 4.1. System model; My = M, = 128; beamforming algorithm in [27].

where P is the average transmit power of the BS; s € C* is the transmitted signal
with S symbols with E[||s]|3] = S; H,eCM>*Mt js the channel matrix; v,€CM is the
BS beamforming vector with [|vi||3= 1; ux€C: is the UE combining vector with |lu||3=
1; wp~CN (0, NgoWioi I) is additive white Gaussian noise (AWGN), with one-sided power
spectral density Ny and system bandwidth Wi.

Channel Model: We use the extended Saleh-Valenzuela geometric model with a single-
cluster [55], as adopted in several previous works (e.g., see [4], [56], [57]). In fact, typical
mm-wave channels have been shown to exhibit one dominant cluster containing most of the

signal energy [66]. The single-cluster channel is modeled as
Hk - akar(er,k)af(et,k)7 (42)

where 6,2 (6,x,0;x)€[ — Z,2]* is the angle of arrival (AoA) and angle of departure (AoD)
pair associated to the dominant cluster, with complex fading gain ay; a, and a; are the UE

and BS array response vectors, respectively, defined as

]_ L 2mdx . _ 1) 2mdx T
ax(ex): [17‘9] A de’___,e](Mx b A ¢x} ,XG{t,I’},

VAL,
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where 1,=sin 0y, dy is the antenna spacing, A=c/f. is the wavelength at carrier frequency
fe, ¢ denotes the speed of light. We assume that during the duration of one frame T, 0y
remains unchanged, 0,=6, and «ay are i.i.d. Reyleigh fading in each slot with distribution
ap~CN(0,4(d)™"), where ¢(d) is the path loss at distance d from the BS. In fact, the AoA-
AoD pair change much slower than the channel gain [58].

Codebook structure: In slot k, the BS uses the beamforming vector vy€)V and the UE
uses the combining vector up€lf, from the codebooks V and U, respectively. We assume
a sectored model [4], in which the AoA and AoD spaces are partitioned into sectors of
equal beamwidth (as shown in Fig. 4.1 for the case of four sectors, this model approximates
well analog beamforming). Accordingly, let B.(u)C[ — 7, 7] and By(v)C[ — 7, 5] denote the
AoA and AoD supports of the UE combiner and BS beamformer vectors ucld and veV,
respectively, with equal beamwidth |B(u)|=;, Vueld and |Bi(v)|=7;, Vo€V, where [B|
denotes the measure |B|2 [;dz. We define B(u,v)2B,(u)xB;(v) as the joint AoA-AoD
support of (u,v). We assume that the angular supports are mutually orthogonal and form a
partition of the entire AoA-AoD space [— 75, 1%, i.e., B(u,v)NB(w, 9)=0,¥(u, v)#(w, v) and
UerBe(u)= Upey By(v)=[ — Z,2]. Let (u®,v),i € T2{1,2,...,[U||V|} be any ordering
of combining and beamforming vectors, and B% £ B(u®,v®) be their support. Let A,
be the beam index of the combining and beamforming vectors scanned in slot k, so that
(wg, vp)=(u®), v4¥)). Let X be a discrete random variable denoting the index of the

support that the AoA-AoD pair 6 of the channel belongs to, so that §€B™). Then, from

(4.1)-(4.2), the received signal can be expressed as’
2 &\ Pocscoi [(VG = /9)0[ Ar, X]+1/g] s + wy, (4.3)

where d[ - | is the Kronecker’s delta function, equal to 1 if alignment is achieved (Az=X),
equal to 0 otherwise (Ax#X); G and g are, respectively, the main and side lobe gains of the
sectored model, expressed as

G= min ay er Hu(z) 2 aH 0 'U(Z) 27 VZ7
(Gl-ﬁt)eg(u(i)m(i))l ( ) | | t ( t) |

14The phase of ul a,(6,)al (6;)vy is incorporated into ay.
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- ma a.(0; Ho D121 g7 (00D |2, V.
(Qr,et)QB(u),%i)’v(i))| (6:) “lag” (0)v™"]7,

In the following, we describe the beam-alignment and data communication procedures.
Beam-Alignment: In each slot k of the beam-alignment phase, the BS transmits a pilot
sequence s using the beam index Ay, with transmit power P y=F.. Upon receiving zj
(based on the combining vector with index Ay), the UE uses a matched filter to compute
the signal strength and sends the normalized received power feedback signal Y back to the
BS, of the form

|8 2|2

Y, = ,
E T IslPNoWior(1 + Ag)

(4.4)

where Aé% is the pre-beamforming receive SNR during beam-alignment. Then, the

probability density function (pdf) of Y}, conditional on (X, Ax)=(x,as) is given by
—v Slasyx] o o1 as,T
f(Yi=y| X=x; Ap=as)= [ue y} [e7¥] 1~ dlasa], (4.5)

where 1/v is the mean signal power in case of alignment, with

a 1+gA
14+ GA

(4.6)

14

The BS uses a Bayesian approach to select Ay: starting from Hy20 and given the history of
feedback and scanned beam indices H;2{(A;,Y;)}¥Z], the next beam index Ay is selected.
This procedure continues until the end of the beam-alignment phase.

Data communication: Upon completion of the beam-alignment phase, given the history
of feedback and actions H, the BS selects the data communication parameters: beam index

for data communication Aq€Z, transmission power P1€[0, Ppax|, and data rate Rq>0. These

parameters are used until the end of the data communication phase.
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Let bg[x] be the prior belief over X=x (or equivalently over §€B®)) available at the begin-
ning of the beam-alignment phase. We define the expected rate during the communication

phase (normalized by the frame duration), as

R(Ad7 Pda Rd|b0a HL)

T — LT, A
£ T P (X = Adfbo, Hi) R(Ra, Pa). (4.7)
fr
where we have defined
N PG
R(Rq, Pa)2RaP | Rg<W,t log, (1 + Mkldﬂ : (4.8)
N(]Wtot

The probability term in (4.7) is the probability of achieving correct alignment, given the prior
by and the history Hy of feedback and actions during the beam-alignment phase, whereas the
probability term in (4.8) denotes the probability of non-outage with respect to the realization
of the fading process (i.i.d. over time), given that correct alignment has been achieved (we

assume that mis-alignment yields outage with probability one, since g < G).

4.2 Problem Formulation and Solution

We now formulate the beam-alignment and data communication problem in the context
of a decision process. We define a policy u, part of our design, which operates as follows. At
time k during beam-alignment, given the history of feedback and actions Hj, the BS selects
the beam-alignment action Ap=as€Z with probability py(as|Hy); given Hp, the BS selects
the data communication parameters as (Aq, Py, Rqa) = pa(Hr). The goal is to design i so as

to maximize the expected communication rate, i.e.,

PO: maxE, |R(Aq, Pa. Ralbo. Hr)lbo| .
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where the expectation [E, is conditional on the prior belief by and on the policy i being
executed during beam-alignment and data communication. Note that, using (4.7), we can

rewrite the optimization problem as

P1: HlBXEH lIP’ (X = Ad’bo,”HL> R(Rq, Py),

Ty — LT, .
bO] L

max
Ty Ra>0,0<P3<Pmax

i.e., the problem can be decomposed into the following two independent problems: 1) find
the optimal rate and power (R}, P;) that maximize the expected rate in the communication
phase, conditional on correct alignment being achieved (X=A,); 2) find the optimal beam-
alignment policy and the beam index for communication A4 so as to maximize the probability
of correct alignment. The first problem can be solved efficiently by maximizing (4.8). In the
sequel, we consider the latter problem.

Let by[r]2P(X = x|Hy, by) be the belief over X=x given the history of actions and
feedback and prior belief by. It serves as a sufficient statistic for optimal control for problem
P1. In the following lemma, we present an equivalent simplified sufficient statistic along

with its dynamics.

Lemma 4.1. Let mo[z]=Inbg[x] denote the prior preference of X = x. Given the action

and feedback pair (Ay,Yy), the belief at k + 1 is updated as

exp{mp41[7]}

benlr] = & el Y 9
where
mps|z] = mulz) + J(Yi)6[Ap, 2], Yz € T, (4.10)
and we have defined
Jy) = (1 —v)y+Inv. (4.11)
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Proof. Given the belief by and (A, Yy) = (as, y), we have

biifa] & P(X = 2 Hipn)
R PV = yIX =, Ay = ag. Hy) P(X = 2| Ay = az, Hy)

9 F(Vi = yIX = 2, Ay = ag)bia]

d Qs ,T —o0|ag,T
< [ exp {—wy} [exp{—y}] -0y ]

9 exp {—y + J (y)d]as, 2]} bela], (4.12)

where (a) follows from the definition of belief; (b) follows from Bayes’ rule and o denotes
proportionality up to a normalization factor independent of x; (c) follows from the facts that
Y}, is independent of history Hy, given (X, Ag), and X is independent of action Ay given Hy,
and by the definition of belief by; (d-e) follow by substitution of the pdf of Y given in (4.5)
and by definition of J(y). We prove the lemma using induction. The lemma holds for by by
definition of my. Let 0 < k < L —1 and b be given by (4.9), then using (4.12)(e) normalized

to sum to one, we get

exp {J(y)das, x]} exp(my[x]}

bry1|x| =
H  5  oxp ()0l 1} exp i)
— exp{mk"l‘l[x]} , (413)
ez exp{mi I}
where my1[z] is given by (4.10). O
Let my;, = [mg[1],...m[|Z|]. Then, the previous lemma demonstrates that m; is a

sufficient statistic for control decisions, since it is sufficient for computing the belief b, at
time k. Therefore, u can be expressed as Ay = ug(my), Y0 < k < L, which maps the
current preference vector my, to beam index A; € Z. This result makes it possible to achieve
an efficient implementation, since the belief can be updated according to simple preference
update rules as in (4.10), rather than via complex Bayesian belief updates. In the subsequent

analysis, we will use my, rather than b, as the state.
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4.2.1 MDP Formulation

Thanks to the identification of the sufficient statistic my, we model the optimization
problem P1 as a Markov decision process (MDP) and optimize the decision variables to
maximize the alignment probability in the data-communication phase. The MPD is a 5-
tuple (T, S,Z, f(my.1|my, ag), ri.(my, a), YE€T), with elements described as follows.
Time Horizon: given as T={0,1,..., L} where Tga=T \{L} denote the slot indices asso-
ciated with the beam-alignment phase, whereas at k=L, the communication parameters are
selected and used until the end of the frame.

State space: given as S = Rl i.e., all possible values of preference vectors my,.
Action space: the set containing all the beam indices, Z.
State transition distribution: Given state m; = m and action A; = as used in the kth

stage of the beam-alignment phase, the feedback Y, = y is generated with pdf

Flm,a) 2 Y F(Ye = 41X = 2, Ay = an)bela] (4.14)
_ewfmla) L, [, el |,
= Saeoml) T S eatmi)] ¢

leading to the new state

M1 = m + J(y)d[ag, (4.15)

where 6[as|=[0[as, x]|vzer is the vector with entries d]as, z].
Reward function: the reward is the probability of choosing a beam index such that Aq = X

in the data communication phase, so that correct alignment is achieved, yielding

0, k € Ta,
rr(m,a) = . (4.16)
exp{m|a _
S ewimi P D

We now formulate the value function iteration for the MDP.
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4.2.2 Value Function

The value function under the optimal policy is given as
Vi'(m) = max g (m, a;), (4.17)

where g, is the Q-function under the state-action pair (m, a), defined recursively as

gr(m, Ag) = ri(m, Ag) = ziffiﬂfﬁﬁ]}a

and for k € Tga, using (4.14),

qr(m, as)= . Vi (m) f(my=m/|my=m, Ay=a)dm’

= [ Vi m e+ J@)olad) fyim, a.)dy. (418)

This yields the optimal value function in the data communication phase, by choosing the

beam index with maximum preference Aq" = arg maxa,ez m[Aq),

exp{m[Aq"]}
ez exp{ml[l]} .

Vi(m) = max qr(m, Aq) = (4.19)

In the beam-alignment phase (k € Tga), combining (4.17) and (4.18), we obtain itera-
tively the value function as

Vi (m) = max [V (m + J(y)3la]) f(yim, a.)dy.

as€L

In the following theorem, whose proof is provided in the Appendix, we unveil structural
properties of V;*(m). We find a lower-bound and an upper-bound to the Q-function and
show that these bounds are optimized by a policy which, in each stage of the beam-alignment
phase, selects the beam index with the second-best preference. This result will be the basis

for our proposed policy evaluated numerically in Sec. 4.3.
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Theorem 4.1. For k € Tpa, the Q-function is bounded as

1
a(m, as)>qt? (m, ag)2 l as; m 4.20
Wiy, 2, M[2;| —vm[z;] g(v)=lgw)]"*
1 J h/
onp { e e
[+ )
(M, a5)<q; " (m, a,)= E(as;m), 4.21
k’( ) k ( ) ZleIeXp{mm} ( ) ( )
where we have defined
exp{mlas|}, if maxs., ml[a]—mlas]<Inv,
E(ag;m) = exp{maxgzq, mal} (4.22)
+h(v) exp {m[as]_VTﬁd#as m[a]} , otherwise,
where
h(v) = exp { . i In u} — exp { 1111_1/1/} >0, (4.23)
Inv 1 Inv
= — : 4.24
o) 2exp {2 |- ] (124
Let xpy, xp), ..., 271 be an ordering of beam indices in decreasing order of preference,
i.e., mlxpy] > mlxy] > - - mlayzy], then the optimal value function is bounded as

Vi (m) > max ;" (m, a0) = ¢,” (m, 2pz), VhETpa, (4.25)
Vii(m) < max g P (m,as) = ¢/ % (m, x)), VkETpa, (4.26)

with the mazimizer of q7% and qtP given by the second-best beam index T

Proof. The proof is provided in the Appendix 8.F. m

As a result of this Theorem, both the upper and lower bounds of the Q-function are

maximized by the second-best beam index policy, which selects the beam index with the
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Figure 4.2. Alignment Probability vs A; L = 32 (beam-alignment takes 16%
of frame duration).

second-best preference during the beam-alignment phase. This policy will be evaluated

numerically in the next section, against other MAB-based schemes proposed in the literature.

4.3 Numerical Results

In this section, we evaluate the performance of the second-best beam index selection
scheme (as=xz[y) with analog beamforming, and compare it with three other schemes. The
first one is based on LTS, a popular MAB scheme [35]. In LTS, at each slot the ac-
tion is chosen according to the belief distribution, i.e., as~b[z]. The second scheme is
based on scanning the most-likely beam index (as=xp)) as proposed in [34] (first-best).
The third scheme is based on UCB as proposed in [33]. We evaluate the performance
of these three schemes in terms of the probability of alignment and spectral efficiency
using Monte-Carlo simulation with 10° iterations for each simulated point, with parame-
ters as follows: M;=128, M,=1, Ny=—174dBm/Hz, W,,=200MHz, T;,=20ms, T,=0.1ms,
fe=30GHz, d=10m, [path loss exponent|=2. The BS uses M;=128 antennas and partitions
the AoD space into 32 sectors, each with a beamwidth of 7/32rad and with uniform prior
bolx] = 1/32, Vax € Z; the UE is isotropic, hence it uses M,=1 antenna with a single

sector. We use the beamforming design proposed in [27] for ULAs with antenna spacing
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Figure 4.3. Spectral efficiency vs fraction of Ty used for BA LT/ T,.

dy=\/2. With this configuration, the main-lobe and side-lobe gains are best approximated
by G ~ 14dB, g ~ —11dB.

In Fig. 4.2, we depict the probability of alignment achieved by the aforementioned schemes
versus the pre-beamforming SNR A. It can be observed that second-best has better per-
formance than the other three schemes, with up to 7%, 10%, and 30% performance gains
compared to first-best, LTS-based and UCB-based schemes. The performance gain of second-
best is attributed to a better exploration-exploitation trade-off. The first-best scheme suffers
from poor exploration since it "greedily” chooses the beam index most likely to succeed, but
fails to test other beams that may be under-explored, and is thus prone to make alignment
errors. On the other hand, LTS-based scheme suffers from poor exploitation since it may scan
least likely beams. The proposed second-best scheme, on the other hand, strikes a favorable
trade-off between exploration and exploitation: instead of greedily choosing the most likely
beam, it chooses the second most likely one, leading to better exploration than first-best;
simultaneously, by not choosing beam pairs that are unlikely to succeed, it leads to a bet-
ter exploitation compared to the LTS-based and UCB-based schemes. Finally, compared to
UCB, second-best is better tailored to the structure of the model, since it aims to maximize
the alignment probability at the end of the beam-alignment phase (see (4.16)), rather than

the surrogate metric of UCB — the cumulative SNR accrued during beam-alignment.
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In Fig. 4.3, we depict the spectral efficiency against the fraction of Ty used for BA
LT,/T,. We fix the SNR for beam-alignment as A = 0dB and the data-communication
power as P;=22dBm. Similar to Fig. 4.2, second-best outperforms the three other schemes,
owing to improved alignment. The spectral efficiency is maximized at a unique maximizer
L*: it increases initially with L<L* as the beam-alignment probability improves with L.
However, as L increases beyond L*, this gain is offset by the increased overhead and reduced

duration of the data communication phase.
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5. MOBILITY AND BLOCKAGE-AWARE
COMMUNICATIONS IN MILLIMETER-WAVE VEHICULAR
NETWORKS

Mobility may degrade the performance of next-generation vehicular networks operating at
the millimeter-wave spectrum: frequent mis-alignment and blockages require repeated beam-
training and handover, with enormous overhead. Nevertheless, mobility induces temporal
correlations in the communication beams and in blockage events. In this chapter, an adaptive
design is proposed, that learns and exploits these temporal correlations to reduce the beam-
training overhead and make handover decisions. At each time-slot, the serving base station
(BS) decides to perform either beam-training, data communication, or handover, under
uncertainty in the system state. The decision problem is cast as a partially observable Markov
decision process, with the goal to maximize the throughput delivered to the user, under an
average power constraint. To address the high-dimensional optimization, an approximate
constrained point-based value iteration (C-PBVI) method is developed, which simultaneously
optimizes the primal and dual functions to meet the power constraint. Numerical results
demonstrate a good match between the analysis and a simulation based on 2D mobility and
3D analog beamforming via uniform planar arrays at both BSs and UE, and reveal that
C-PBVI performs near-optimally, and outperforms a baseline scheme with periodic beam-
training by 38% in spectral efficiency. Motivated by the structure of C-PBVI, two heuristics
are proposed, that trade complexity with sub-optimality, and achieve only 4% and 15% loss
in spectral efficiency. Finally, the effect of mobility and multiple users on blockage dynamics

is evaluated numerically, demonstrating superior performance over the baseline scheme.

5.1 System Model

We consider the scenario of Fig. 5.1, where multiple base stations (BSs) serve user equip-
ments (UEs) moving along a road. At any time, each UE is associated with one BS —

the serving BS. Each UE and the serving BS use beamforming with large antenna arrays

1A version of this chapter was previously published by IEEE Transactions on Vehicular Technology [7], [67]
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Figure 5.1. A cell deployment with BSs on both side of the road.

to achieve directional data transmission (DT); they use beam-training (BT) to maintain
alignment. The communication links are subject to time-varying blockages, which cause the
signal quality to drop abruptly and DT to fail. As soon as the serving BS detects blockage,
it may decide to perform handover (HO) to the BS on the other side of the road, which then
continues the process of BT /DT /HO, until either another blockage event is detected, or the
UE exits the coverage area of the two BSs.

In this work, we focus on a specific segment of the road link covered by a pair of BSs and a
single UE,! as depicted in the framed area of Fig. 5.1. Within this segment, the BT/DT/HO
process continues until the UE exits the coverage region of the two BSs, denoted by the area
X C R2 In this context, we investigate the design of the BT/DT/HO strategy during a
transmission episode, defined as the time interval between the two instants when the UE
enters and exits the coverage area of the two BSs. The goal is to maximize the average
throughput delivered to the UE subject to an average power constraint. Note that, when
the episode terminates, the UE enters the coverage area of another pair of BSs, and the same

analysis may be applied to each segment traversed.

1 The proposed system model and techniques can be applied to a multi-user scenario by partitioning the
BS resources using orthogonal frequency division multiple access (OFDMA) and multiple RF chains or time
division duplexing (TDD)[68].

88



Time is discretized into time-slots of duration A, corresponding to the transmission of
a beacon signal during BT or of a data fragment during DT. Next, we describe the signal,

channel and UE mobility and blockage dynamics models used throughout the paper.

5.1.1 Signal and Channel Models

Let I € {0,1} & T denote the index of the serving BS at time k. Let x,€C* be the
transmitted signal with E[||xx||3]=L, where L denotes the number of symbols transmitted.

The received signal at the UE is expressed as

Y = \/Pkfé{Hl(CI)Cka + Wi, (51)

where Py is the average transmit power of the serving BS I; ckECMé){)Xl and f,cCMmx1
are unit-norm beamforming vectors with Mt(i) and M, antenna elements at BS I and the
reference UE, respectively; H,(CI)ECM”‘XMtg) is the channel matrix; wi~CN(0,021) with
02=(1 + F)NyW, is additive white Gaussian noise, Ny is the noise power spectral den-
sity, Wit is the signal bandwidth, F' is the receiver noise figure.

In this chapter, we model Hgf) as a single line of sight (LOS) path with binary blockage
[59] and diffuse multipath [69],

H =/ M My B0 A (00 (X))dD (0D (X))

H) o
NDIF
I I I ~I
v M M) de (01 dl (5!,
0]

where B,EI)E{O, 1} denotes the binary blockage variable of BS I, equal to 1 if the LOS
path is unobstructed, equal to 0 otherwise; dEQ(gb)E(CMt(Q and d. () € CM~ are the unit-
norm array response vectors of BS [ and UE, as a function of the AoD ¢ and AoA 6
(note that these include both azimuth and elevation information for UPAs); ¢)(X}) and
6D (X},) are the AoD and AoA of the LOS path with respect to BS I and the UE in posi-
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tion X, € X;? h,(f)NCN(O,U,%J) is the complex channel gain of the LOS component, i.i.d.
over slots, with o7 ;=1/£(d;(Xy)); £(d;(Xy)) = (4md;(X))/Ac)? denotes the pathloss as func-
tion of the BS I-UE distance d;(X%); A.=c/f. is the wavelength. Finally, H,i{])DIF denotes
the channel corresponding to diffuse multipath components with coefficients ﬁk,l, AoD gg,(fl)
and AoA 5,(:[) ; we model H,(g{]))IF as zero-mean complex Gaussian, with i.i.d. entries (over
time and over antennas), each with variance O']Q)IF’I. These components have been shown
to be much weaker than the LOS path (up to 100x weaker at a BS-UE distance of only
10 meters [59]), so that ofp <o} ;. Then, letting G (cy, z)=MP|d'D (D) (2))H cx|?
and Gy (fi, 2)=M,, |doi (67 ()£ |* be the beamforming gains of the serving BS I and UE,
respectively, with respect to the LOS path, and ©,=/d'? (¢! (X)) e, + /£H du (60 (X))

be the unknown phase of the overall gain, the signal received at the UE can be expressed as

yimy/Pe | BBV GD (00, X0 G (B, X1+ | 1+ wi, (52)

where Qg) =8 7 H,(CI,])DIFC;C ~ CN(0,0pp ;) is the contribution due to the diffuse multipath

channel components. The SNR averaged over the fading coefficients is then given as

By

2
0w

(0 G (e, Xi) G (£, X0
’ ((dr (X))

SNRy=

+ O-JQDIF,I:| . (5.3)

5.1.2 Codebook Structure

Each BS has a codebook of beamformers to cover the intended coverage region X on
the road. The beamforming codebook of BS [ is denoted by Clé{cm, ...,¢rjc;/}- The UE
uses the codebook F2{fi, ... 7} Let Vi2C; x F denote the joint codebook containing
all possible beamforming codeword pairs of BS I and UE. We index these codeword pairs by
the beam pair index (BPI), with values in S; £ {1,2,...,|C/[|F|}; let (¢, £9) be the jth
such pair, with j€S;. With this definition, note that, if the UE is in position Xy=z and is

24 Note that the AoA () (X},) should also depend on the angle of rotation (azimuth and elevation) of the
antenna array of the UE; herein, we assume that it only depends on the UE position Xj. This is a good
approximation in vehicular networks, where the antenna array may be mounted on the rooftop of the vehicle;
the more general case with non-fixed array orientation can be addressed by including the angle of rotation
information in the AoA, which may be estimated using a gyroscope sensor [70].
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being served by BS I, then the maximum beamforming gain is achieved with the strongest

BPI (SBPI), which also yields the maximum SNR in (5.3), defined as

s5(z) £ argmax G (cgj), )G ( I(j), x). (5.4)
JEST

Let S; 2 {si(x):2 € X} C S; be the set of SBPIs across all possible UE positions. Note
that this set can be constructed over time utilizing the feedback from the UE and excluding
the BPIs that do not yield significant signal power [22]. It follows that the directional com-
munication between BS I and UE can be achieved by restricting the choice of beamforming
codewords to the optimal set Sy, since any other beam pair achieves lower SNR. This can
be obtained using a coordinated beamforming strategy where, before start of BT or DT, the
serving BS I and UE coordinate to select a subset of BPIs from the set S; to be scanned

synchronously during BT or used for DT, as explained in Section 5.1.5.

5.1.3 Mobility and Blockage Dynamics

Note that, to achieve directional communication, the pair of BS I and UE should detect
the SBPI s7 (X)) via beam-training — a source of severe overhead; the mobility of the UE along
the road induces temporally correlated dynamics on the SBPI s5(.X}.), which may be exploited
to reduce the training overhead via POMDPs. Similarly, the blockage state exhibits temporal
and spatial correlations, which can be exploited to efficiently detect/predict blockages and
perform HO if needed. To define such POMDP model, we now define a Markov model
on the SBPI and blockage states, induced by the UE mobility. Let S, = (s§(Xk), s7(Xk))
be the pair of SBPIs at both BSs, taking values from S £ {(s}(z),si(x)) : € X}. Let
B = (B,go), B,(Cl)) € {0,1}* be the pair of binary blockage states with B,(f) denoting the
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blockage with respect to BS I. Then, the one-step transition probability of (Sy, By) is

expressed as

Poyisp = P(Skp1 = 8, Byor = U|Si = s, B, = b) (5.5)

= ]P)(S]H_l:S/’Sk:S) P(Bk+1:b/|Bk:b, Sk:S, Sk_HIS/) .

Ss’|s Bb’|b55’

Here, it is assumed that the next SBPI Si; is independent of the current blockage state
By, given the current beam index pair Sy (indeed, the dynamics of SBPI depend solely on
UE mobility). Note that Y., Peys < 1, since the UE might exit the coverage area of
the two BSs. In practice, (5.5) can be estimated based on estimated time-series of SBPI
and blockage pairs, {(8, IA)k, Ska1, 8k+1)7 k € Tyouna}, which in turn may be acquired at times
k € Tiua Via exhaustive search beam-training methods. Based on these time-series, the

BSs can estimate the transition probabilities in (5.5) as

8y = DheTmsa X1 = 8,801 = &) (56)

ZkeT’sound X(ék = S>

kel X(86=5, Br=b, 54 11=5", By 1 =V)

> keTiwna X(3x=5, Bp=0, 8;11=5")

Bijpssr = : (5.7)
where x () is the indicator function. Note that the estimates Ss"s and Bb’|bss’ can be improved
over time as more samples of (8, Bk, Ska1, Bk:+1) become available. This approach does not
require a dedicated learning phase; instead, estimated time-series can be collected based
on beam-training and data communication feedback, so that the estimation overhead is
minimal. Following their updates, the proposed policies can be updated accordingly. As
more and more samples are collected, the estimation accuracy improves, leading to policies
that more optimally leverage the mobility and blockage dynamics within the environment,

yielding a more efficient use of resources.
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5.1.4 Sectored antenna model

In this chapter, we use the sectored antenna model to approximate the beamforming
gain, as also used in [4], [41]. As we will show in Section 5.5, when coupled with an ap-
propriate design of the BSs beamforming codebooks C;, I € Z and of the UE beamforming
codebook F [27], the sectored model provides an accurate and analytically tractable ap-
proximation of the actual beamforming gain. Consider the BPI j € S; and let GU)(j,2) &
G\ (cgj), z)GD (f}j), x) be the overall gain between BS I and UE position z, under the beam-
forming codeword pair (cgj ), fI(j )). Under the sectored model, if the UE is aligned with BS I
under the BPI j, i.e., its position z is such that the SBPI s}(x) = j, then the aligned gain
satisfies GO (j,2)>1 with gain-to-pathloss ratio G@(j,z)/(dD(z)) ~ TV Va j=s%(z).
On the other hand, if the UE is mis-aligned with BS I under the BPI j, i.e., s7(z) # j, then
the mis-aligned beamforming gain of BPI j € Sy is such that G (5, x)%gj(.l)<<1,Vx J#s7(x)
(i.e., it is small and equal to the sidelobe gain gj(»l) for all positions x such that j is not
the SBPI). Based on this model, we now derive expressions for the transmission power to
achieve a target SNR at the receiver. We denote the case with the aligned beam pair and no
blockage (j = sj(z) and by=1) as “active SBPI” and the complementary case of blockage or

UE in the sidelobe (5 # sj(x) or by=0) as “inactive SBPI”. In the case of active SBPI, from
(5.3) we have

P o2 SNR .
SNRyom 2 [0 3y | Pl TSN Bt 58)

which yields the transmission power to achieve a target SNR equal to SNR,. in case of

active SBPI. In the case of inactive SBPI, we can express the SNR in (5.3) using (5.8) as

p G0 (j, z)
SNRyop = —2— pn=Z ) o
ol [ (g () 7P

= [B(I) GO(j,x) ] SNRact

+o —_— 5.9
(i) T Y 59

Note that, to help the BS detect the inactive SBPI condition, this value of SNR should be

as small as possible; for this reason, we determine the worst case SNR under inactive SBPI
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by maximizing (5.9) over all possible blockage states BY)€{0, 1}, mis-aligned beam j and
UE position z€X, as

SNRiact
(5 N
<max max D M Thir,1 %
zeX jeS\{st(z)} g(dlw)) 7 T; )+U]231FI
£ p]SNRaCt. (510)

In other words, to achieve a target SNR,.; within the mainlobe, the BS should transmit with
power given by (5.8); however, if the signal is blocked or the UE receives on the sidelobe
(or both), the associated worst-case SNR is p;SNR,.* In this case, data transmission is
in outage since p; < 1 (numerically, we found p; = —15dB, VI based on the setup of
Section 5.5).

5.1.5 Beam-Training (BT) and Data Transmission (DT)

We now introduce the BT and DT operations.

BT phase: At the start of a BT phase, the serving BS I selects a set of BPIs SgrCS;
over which the beacons x;, are sent, and a target SNR SNRgt. The beacon transmission is
done in sequence over |Spr| time-slots, using one slot for each BPI j€SpT, with the serving
BS transmitting using the beamforming vector cgj ), and the UE synchronously receiving
using the combining vector f}j ), Therefore, the duration of the BT phase is Tgr=|Spr|4+1,
including the last slot for feedback signaling from the UE to the BS. Let ¢ € {0, ..., Tpt — 2}
be the 7th time-slot of the BT phase, and j; € Sgr be the BPI scanned by the BS I and UE
in this slot. The UE processes the received signal y;; with a matched filter,

|XkH+z‘Yk+i|2

r. & . 5.11
= TH F) NoWoor [ (5:11)

34For the sake of analytical tractability, p; (found by maximizing over j # s}(z)) is the worst case over
the BPI j € §;. The model can be generalized to express the dependence of p; on j, leading to a more
complicated BT feedback analysis, possibly not in closed form.
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Upon collecting the sequence {I';,Vj € Sgr}, the UE generates the feedback signal

A (1)
= argmaX; espr Fj? maX; espr Fj > BT

Y = (5.12)

j*
0, maXjesy, I'j < Mgt

In other words, if all the matched filter outputs are smaller than 77](3[%, Y'=0) indicates that
no beam pair is deemed sufficient for data transmission, either due to blockage (B,i”:()), or
the UE receiving on the sidelobes of the BPIs j € Sgr. Otherwise, Y=j* indicates the index
of the strongest BPI detected.

We now perform a probabilistic analysis of feedback. To this end, let S;=s}(X}) and
szB,(f) be the SBPI and blockage state under BS I at the beginning of the BT phase.
We assume that these state variables do not change during the transmission of the beacon
sequences, i.e., s7(Xy;)=5r and B,gzi:BI, Vie{0,...,Tgr—2}. This is a reasonable assump-
tion, since the duration of the BT phase (x0.1ms) is typically much shorter than the time
required by the UE to change beam (x100ms) or the time-scales of blockage (x100ms).
With this assumption, given the state (S7, By) of BS I during BT, the signal sequence
{T';,Vj€Spr} is independent across j, due to the ii.d. nature of hl(fli, Q;QZ and wy;. In
addition, in case of active SBPI (S;=j and B;=1), by using (5.2) and (5.8), I'; has expo-
nential distribution with mean 1+SNRprL, I'j~&(14+SNRprL); otherwise (inactive SBPI,
Sr#j or B;=0) I';~E(1+pSNRprL). It follows that

D
X1 £ P(Fjgn](gl%\& =jB=1)=1- eﬁ)
(1)

—n

2170 é ]P)(Fjgn](f}[’%‘sl 7éj or BI frd O):]‘_GW

Now, let us consider separately the two events {S; ¢ Sgr} U {B; = 0} (“inactive SBPI in
Spr”) and {S; € Spr} N{B; =1} (“active SBPI S; € Spr”). In case of inactive SBPI in
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Spr, the probability of generating the feedback signal Y = () (i.e., of correctly detecting
inactive SBPI within the Sgr scanned in the BT phase) is

P(Y = Qlinactive SBPI in Spr) = [[ P(I; < NS # jor By =0) = ZI}?{?Tl, (5.13)
JESBT
since Y'=() is equivalent to I'; < 77](3[%, Vj € Spr, and I'; are independent across j, conditional
on (Sr,By). Similarly, in case of active SBPI S; € Spr, the probability of incorrectly
detecting inactive SBPI is

P(Y = Qlactive SBPI S| € Sgr)

= P(T;<niplSi=j, Bi=1) [ P(T;<nip|Si#j, Bi=1)
j€SeT\{Sr}

=2 (5.14)

since St is the SBPI, implying Iy, ~ £(1 + SNRprL).
In case of inactive SBPI in Sgr, the probability of generating the feedback signal j* € Spr

(i.e., of incorrectly detecting an active SBPI) is

1-sper!
Spr|
(5.15)

1
P(Y = jf[inactive SBPL in Spr) = 1o 1-P(Y=0|inactive SBPI in Spr)|=
BT

in fact, I'; are i.i.d. across beams, conditional on inactive SBPI, so that incorrect detections
are uniform across the feedback outcomes j* € Sgr.

Instead, in case of active SBPI S} € Sgr, we need to further distinguish between the two
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cases j* = Sy (the SBPI is detected correctly) and j* € Spr\{Sr} (incorrect detection). The

probability of correctly detecting the SBPI is found as

P(Y = S;|active SBPI S; € Spr)

=P(T's, >n\4t, Ds,>T;,VieSer\{S; }active SBPI S;€Spr)

:/(1) [f(FSI = T’&CtiVe SBPI S[ — SBT) H ]P)(F] < T’SI 7é j’ BI — 1)]d7-
BT JE€SBT\{S1}

> 1 |Spr|—1
= [exp{_T} 1_eXp . T :|d7-
771(311)“ 1+ SNRprL 1+ SNRprL 1+ p[SNRBTL

S Spr =1 ) (— 1) (1=3 1) (1= 0)" 1
= Y 1+ LtSNRprl ’ (510
n=~0 n 1+prSNRpTL

where in the first step we used the definition of Y'=S5;, i.e., I's, must be greater than the
threshold 171(3[%, and all other I'; must be smaller than I'g,; in the last step, we used Newton’s

binomial theorem to solve the integral. Finally, the probability of incorrectly detecting the

SBPI, jre SBT\{S[} is

1
P(Y = j*|active SBPI S; € SBT):W [1— > P(Y=ylactive SBPI S;€Sgr)
BT[™ ye{Sr,0}

(5.17)

since, similarly to (5.15), erroneous detections are uniform across the remaining |Spr|—1
beams.

Since Y= represents the fact that the inactive SBPI condition has been detected, we
choose 77](31% so that the misdetection and false alarm probabilities are both equal to dpr,

yielding from (5.14)-(5.15) (over all j€SpT),
byt = 1-5ipr! = 5, s, (5.18)

For a given SNRpr and |Spr|, the value of n](ng) and the corresponding 5](3[% can be found
numerically using the bisection method, since the left- and right- hand sides of (5.18) are

decreasing and increasing functions of 771(3[%, respectively.
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DT phase: At the start of the DT phase, the BS I chooses a BPI j€8; used for
data transmission, along with the duration Tpr of the DT frame, the target average SNR
at the receiver SNRpr, and a target transmission rate Rpr; the last slot is used for the
feedback signal from the UE to the BS, as described below. We assume that a fixed fraction
k€(0,1) out of L symbols in each slot is used for channel estimation. Consider slot ¢ €
{k,...,k+ Tpt — 2} of data communication; then, if s5(X;)#j or BISI):(J, i.e., the selected
BPI j is inactive, then the communication is in outage; otherwise (s7(X;)=j and Bt(l)zl, ie.,
the selected BPI j is an active SBPI) assuming that channel estimation errors are negligible
compared to the noise level (achieved with a sufficiently long pilot sequence kL), from the

signal model (5.2), we find that outage occurs if (note that E[|h§1)|2€(d1(Xt))] =1)
Wiot log(1 + | |20(d;1(X;))SNRpr) < Ror, (5.19)

yielding the outage probability
2RDT/ Whot __q
SNRpr )

2RDT/Wtot -1
W}. (5-20)

Pour(Rpr, SNRDT):P(“LED 20(dr(Xy))<
=1- exp{ —

In this chapter, we design Rpr based on the notion of e—outage capacity, i.e., Rpr is the
largest rate such that POUT(RDT, SNRpr) < ¢, for a target outage probability € < 1. Impos-

ing (5.20) equal to e, this can be expressed as
Rpr=C.(SNRpr)=W,e log, (1 — SNRprIn(1 — ¢€)). (5.21)

With this choice, the transmission is successful with probability 1 — €, and the average rate

(throughput) is

T (¢,SNRpr) 2 (1 — &)(1 — €)C.(SNRp7), (5.22)
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where (1 — k) accounts for the channel estimation overhead. In what follows, we select € to
maximize the throughput, yielding the optimal ¢*(SNRpr) at a given SNR SNRpt as the
unique fixed point of d7 (¢, SNRpr)/de = 0, or equivalently,

In (1= SNRprIn(1 - €)) (1 — SNRprIn(1 — ¢)) = SNRpr.

We denote the resulting throughput maximized over € as 7*(SNRpr) £ 7 (¢*(SNRpr), SNRpT).
We envision a mechanism in which the pilot signal transmitted in the last data transmis-
sion slot (at time ¢t = k 4+ Tpt — 2) is used to generate the binary feedback signal
()

j7 L > Npr>
y — 7o T (5.23)

I
0, T; <non,

transmitted by the UE to the BS in the last slot of the DT phase (at time ¢t = k+Tpr — 1).
Asin (5.11) for the BT feedback, Y'=j denotes active SBPI detected, whereas Y = () denotes

inactive SBPI detection, due to either loss of alignment or blockage. Similarly to (5.11),

(p)H (») 2
A ‘Xk+TDT*QYk+TDT72‘

(1+ F)NoWior % 3

J

is based on the pilot signal x,(f:zTDT_Q (of duration kL) and on the corresponding signal
yi(ﬁTDT% received on the second last slot of the DT phase. The distribution of the feedback
conditional on s}(X;)=S; and BY=B; at the 2nd last slot (t=k+Tpr—2) can be computed
as a special case of (5.14) and (5.15) with |Sgr|=1 (since in the DT phase only one beam j
is used for data transmission) and kL in place of L (since only kL symbols are used as pilot

signal), yielding the probability of incorrectly detecting an active SBPI as

| . Uiosy
P(Y=j|S Br=0)= - >
( ]‘ 1 # jor By ) eXp{ 1—|-pII£SNRDTL} ’ ( )
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and that of incorrectly detecting j to be an inactive SBPI as

. T
P(Y=0|S; = j, B, = 1)=l—expd—— 2T | 2
(¥=0IS; =3, B =1) eXp{ 1+/<;SNRDTL} (5:25)

As in the BT phase, we choose n(DI% so that the probabilities of misdetection and false alarm

are both equal to 51()[%, yielding

s — ot —1- {_77”} 5.26
DT P\ 1, kSNRpr L P\ RSNRyr L (5.26)

5.2 POMDP Formulation

We now formulate the problem of optimizing the BT, DT and HO strategy as a con-
strained POMDP. In the following, we define the elements of this POMDP.
States: the state at time k is denoted by Z;. We introduce the state z to characterize the
episode termination, so that Z,=z if the UE exited the coverage area of the two BSs, i.e.,
X,¢X. Otherwise (Z,#%), we define the state as Z,=(Uy, Iy), where I,€Z is the index of
the serving BS, Up=(Sk, By) is the joint SBPI-blockage state, taking values from the set
U=85x{0,1}? Sk:(S,(qo),S,(gl))ES with S,Ei)ésj(Xk) is the SBPI at the current UE position
Xk, Bk:(B,gO), B,il)) is the blockage state of the two BSs. The overall state space, including
the absorbing Z, is then Z=(U xZ)U{z}. Note that the position of the UE and the blockage
state cannot be directly observed, thereby making the state U, unobservable. We model such
state uncertainty via a belief 5, representing the probability distribution of Uy, given the
information collected (actions selected and feedback) up to time k.
Actions: the serving BS can perform three actions: beam-training (BT), data transmission
(DT), or handover (HO). However, differently from standard POMDPs in which each action
takes one slot, in this chapter we generalize the model to actions taking multiple slots, as
explained next.

If action HO is chosen, the data plane is transferred to the other BS, which becomes the

serving one for the successive time-slots, until HO is chosen again or the episode terminates.
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HO requires Tyo time-slots to complete, due to the delay to coordinate the transfer of the
data traffic between the two BSs.

If actions BT is chosen, the serving BS I chooses the BPI set SprCS; to scan and the
target SNR SNRpr. The transmission power is then found via (5.8), and the feedback error
probability 6%} is found by solving (5.18). The action duration is Thr = |Sgr|+1: |[Sprl
slots for scanning the BPI set Spr, and one slot for the feedback back to the serving BS.

If action DT is chosen, then the serving BS I selects the BPI j€8; to perform data
communication with the UE, along with the duration Tpr>2 of the data communication
session, and the target SNR SNRpt. The transmission power is then determined via (5.8),
and the transmission rate is given by (5.21) to achieve e-outage capacity, so that the resulting
throughput (in case of LOS and correct alignment) is 7*(SNRpr). The duration of the data
communication session Tprt includes the second last slot for the feedback signal, which is
transmitted from the UE to the BS in the last slot. The feedback error probability 5](31% is
the unique fixed point of (5.26).

We represent compactly these actions as (¢, II.) € A, with action space A, where ¢ €
{BT,DT,HO} refers to the action class and II.=(S,, SNR,, T;) specifies the corresponding
parameters: S, C Sy is a subset of BPIs of serving BS I, used during the action, SNR, is
the target SNR, so that the corresponding transmission power is given by (5.8), and T, is
the action duration. For HO, we set SNRyo=0 and Spo=0.

Observations: after selecting action Ai€.A; of duration 7" in slot k and executing it in state

ur€U, the BS observes Y, . r taking value from the observation space y £ YU{z}, where
Y & SIUSU{BIU{z}. Yiir=2 denotes that Z, = Zz, so that the UE exited the coverage
area of the two BSs and the episode terminates; otherwise, Y, denotes the feedback signal
after the action is completed, as described in (5.12) and (5.23) for the BT and DT actions
(Y,=0 under the HO action).

Transition and Observation probabilities: Let P(Zy 7 = 2/, Yiir = y|Zk = 2z, Ax = a)

be the probability of moving from a non-absorbing state z = (u,I) € Z\ {z} to state 2’ € Z
and observing y € ) under action a € A; of duration T'. If the episode does not terminate
(Zpsr # Z and y # 2), let Zy . = (v, I') be the next state. Note that the new serving BS
I’ is a function I(a, I') of the chosen action: if a is the HO action then I’ = I(a,I) =1 — I,
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otherwise I'=1(a, I) = I. Using the law of conditional probability, the transition probability

is then expressed as

P(Zyyr=, 1), Yirr=y| Zr=(u, I), Ap=a) (5.27)

= P(Uk+T:U/, Yk+T:y|Uk:U, Ik:I, Ak:a)x(f/:]l(a, I)),

since (Ugyr, Yiir) is conditionally independent of I r given (U, Iy, Ax). To characterize
the first term in (5.27), under the HO action a=(HO, (), 0, Tho), of duration T=Tyo, the

observation signal is deterministically Y;.7=0, yielding
P(Uk+T:($/,b/),Yk+T:®‘Uk:(S,b),Ik:[, Ak:a) = Ps/b’\sb(T)a (528)

where Py (1) is the T' steps transition probability from Ui=(s, b) to Upyr=(s', V'), found
recursively as Py (1) = Y gn yr Py |y (T —=1)P giyr) oy With P g5 (1)=P gy In other words,
the UE moves from s to s’ and the BSs’s blockage states move from b to O/, in T slots.

Under the BT action a=(BT, Sgr, SNR, T'), of duration T'=|Sgr|+1, the observation sig-
nal is Yyor =y € Spr U {0} (see the BT signaling mechanism in Section 5.1). Therefore,

]P)<Uk+T = (8,76/)7Yk+T = y’Uk = (57 b)>[k = [7Ak = a)

= P(Yirr=y|Ser, Sy =51, By '=br, [L=I)P (T,

where P(Y:y|S,S,£[):sI,B,(f):bl,lkzl) has been defined in (5.13)-(5.17) for the cases of
active SBPI {s;€S} N {b; = 1} and inactive SBPI {s;¢S} U {b; = 0}.

Finally, under the DT action a=(DT, {;j}, SNR, T'), the observation signal is Y, 7=y €
{j,0} (see the DT signaling in Section 5.1). However, in this case the feedback signal is
generated based on the second last slot, i.e., it depends on the state Up,r_o at time k+17—2.
By marginalizing with respect to Syir_2=s" and Byir_o=b", we then obtain (5.29) given
at the top of page 103. To explain it, note that: the system moves from (S, By)=(s,b) to
(Skar—2, Brrr—2)=(s",b") in T—2 steps; then, the feedback signal Yj,r is generated with
distribution P(Yy 7=y[{j}, SngT72:SII,, B,(CQTd:b’I’, Iyr—o=I), given in (5.24), (5.25) for the
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P(Uk+T == (S/7b/),Yk+T = lek == (S,b),[k == ],Ak = a) (529)
= > P<Uk+T:(S,a V), Yesr=y, Skrr—2=8",Bryr—o=b"|Ux=(5,0), I, = I, A, = a)

$1ES ' e{0,1}2

- ¥ [PS,/b,,|Sb(T—2)P(Yk+T:y|{j},SéQT_st}’,B,(QT_Z:I)}/,IHT2:I)P8/b/|5ubu(2)]

s"7€S,b"e{0,1}2

cases of active or inactive SBPI in {j}; finally, in the remaining 2 steps ,the system moves
from (Sgy7—2, Bryr—2)=(8",b") to (Sksr, Bryr)=(5",1).

The probability of terminating the episode (z/ = z and y = Z) is equivalent to the
probability of exiting the coverage area of the two BSs within 7" steps,

]P)(Z]H_TZE, Yk+T:§|Zk = (u, I), Ak:a)zl— Z IP’(Uk+T:u', Yk—‘rT = y|Uk:U, Ik:[,Ak:a)
u'eU,yey

since it is the complement event of U.cz\(z} Uyey {Zk = 2, Yiyr = y}-

Costs and Rewards: for every state z = (u,I) € Z \ {z} and action a, we let 7(u, I, a)

and e(u, I,a) be the expected number of bits transmitted from the serving BS to the UE
and the expected energy cost, respectively. Under the HO and BT actions, we have that
r(u, I,a) = 0 (since no bits are transmitted during these actions). On the other hand, under
the DT action a = (DT, {j},SNR, Tpr) taken in slot k, the expected throughput in the ¢th
communication slot, t€{0,...,Tpr — 2}, is T*(SNR) as in (5.22), maximized over e, if the
current state is such that S,E,i)t:j and B,(fi)t =1 (i.e., j is an active SBPI); otherwise, outage

occurs and the expected throughput is zero. Therefore, we find that

T((Sa b)> Ia (DT, {]}7 SNR7 TDT))

Tor—2

—T*(SNR) Y P(St),=j, B{") =1|S,=s, By=b)
t=0
Tpr—2
t=0 (s'b')eu
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The energy cost of a HO action is e(u, I, a)=0; that of DT or BT action a=(c¢,S,SNR, T)
is found from (5.8) as (note that T=|S|+1 for a BT action and |S|=1 for a DT action)
T-1)A 2
(T= DA > = Tw____SNR. (5.31)

S| jes ‘il + U]%IF,I

e(u,I,a) =

Note that the last slot of the DT or BT phases is reserved to the feedback transmission, with
no energy cost for the BS.

Policy and Belief updates: Since the agent cannot directly observe the pairs of BPI S
and blockage B, we define the POMDP state as (3, 1), where 3 denotes the belief, i.e., the

probability distribution over U=(S, B), given the information collected so far and I is the
index of the serving BS. The belief 3 takes values from belief space B2{BeRMl : B(u) >
0 Yueld,> e f(u) = 1}. Given (B, 1), the serving BS selects an action a according to a
policy a = (3, I), that is part of our design in Section 5.3; then, after executing the action
a and receiving the feedback signal y € ), the BS I updates the belief according to Bayes’

rule as

Zueu 5(u)]}»(ul, y’ua [7 CL)

"N =P (v’ ) =
B (U) (U | y7a’5’ ) ZuEZ/{ B(u)Zu”EU P(u”,y\u,],a)’

(5.32)

with P(v/,y|u, I,a) given by (5.28)-(5.29), and the serving BS becomes I’ = I(a, ). We
denote the function that maps the belief 3, action a and observation y under the serving BS

I as ' = B;(y,a,3). Note that Y=Z indicates episode termination.

5.3 Optimization Problem

Our goal is to determine a policy 7 (a map from beliefs to actions) maximizing the
expected throughput, under an average power constraint P_’avg, starting from an initial belief
Bo=pF; and serving BS Ip=Ij. From Little’s Theorem [71], the average rate and power

consumption can be expressed as

™ & Zot pr & (5.33)
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where R, ET, are the total expected number of bits transmitted and energy cost during an
episode; Dy is the expected episode duration, which only depends on the mobility process

but is independent of the policy m. Therefore, we aim to solve
Pi1:
max R, 2E, { > (U, it atn)X(ZtﬁéZ)‘ﬁo:ﬂg, Io:féﬂ :
n=0
s.t.

E&)téE |:Z utn7?’tn7atn Zt 7&2 ‘50 60710 [*:| Emax>

where EmaXéDtotPavg; t,, is the time index of the n-th decision round, recursively computed
as tpy1=t,+T,, where T), is the duration (number of slots) of the action taken in the n-th
decision round and t,=0. We opt for a Lagrangian relaxation to handle the cost constraint,
and define L£y(u,i,a) = r(u,i,a)—Ae(u,i,a) for A>0. For a generic policy m, we define its

value function as?

V,\ (57 {Z ﬁ,\ Utn,thatn) (Ztﬂéz) \ Bo=08, Io=1

n=0

The goal is to determine the optimal policy 7* which maximizes the value function, i.e.,

The optimal dual variable is then found via the dual problem

A" = arg min V(555 15) + AEmax- (5.35)

41Note that the convergence of this series is guaranteed by the presence of the absorbing state Z.
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It is well known that the optimal value function for a given A uniquely satisfies Bellman’s

optimality equation [37] Vi* = H,[Vy], where we have defined the operator V = H,[V] as

V maXZB [ﬁ,\ u, I, a)+ Z P(u ,y|u,],a)V(BI(y,a,ﬁ),H(a,]))],V(ﬁ, IeBxZ.

ueU (w',y)eUxy

The optimal value function V¥ can be arbitrarily well approximated via the value iteration
algorithm V,, . 1=H,[V,,], where V,(5,1)=0,¥(5,1) € B x Z. Moreover, V,, is a piece-wise

linear and convex function [37] so that, at any stage of value iteration, it can be expressed

by a finite set of hyperplanes QYY) = {( a,, I e n “ e)}z | i cardinality N,
Va(B,1) = max (8,0l — APy, (5.36)
OCIEQ”

where (5, a) = ¥, f(u)a(u) denotes inner product. Each hyperplane (aY),aﬁe)) c o) is
associated with an action a,, € Ay, so that the maximizing hyperplane o} in (5.36) defines
the policy m,(58,1) = aq;- Note that a distinguishing feature of our approach compared to
[37] is that we define distinct hyperplanes aY) for the reward and a?’ for the cost; as we will
see later, this approach will be key to solving the dual optimization problem to optimize the
power constraint, since it allows to more efficiently track changes in the dual variable A, as

part of the dual problem (5.35), and to approximate the expected total reward and cost as

Ra(B,1) = (B.a{"), E,(8.1) = (8,1,

where (i, a{?") = arg ma>(<)<ﬁ at” = Al (5.37)

Oc[EQn

It can be shown (see for instance [36]) that the set of hyperplanes is updated recursively

as

o), = {(r(-,[,a),e(-,],&)) + > Pyl 1,a) (0457,“) (u'), &gf?y(u’)) :

u' €U, ycy

aeA;, I' =1(a, 1), [(af),. aff) wyeye(Q)P', (5.38)
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so that the cardinality grows as N,(Lfr)l = |Q£LI+)1 = O(]A|P") — doubly exponentially with the
number of iterations.

For this reason, computing optimal planning solutions for POMDPs is an intractable
problem for any reasonably sized task. This calls for approximate solution techniques, e.g.,
PERSEUS [37], which we introduce next.

PERSEUS [37] is an approximate PBVI algorithm for unconstrained POMDPs. Its key
idea is to define an approximate backup operator Hy[-] (in place of Hy[-]), restricted to a dis-
crete subset of POMDP states in By Ul’g’l, where B; is discrete set of POMDP states with the
serving BS I, chosen as representative of the entire belief space B; in other words, for a given
value function V,, at stage n, PERSEUS builds a value function V, ,=H [Vn] that improves
the value of all POMDP states (3, I) with 8 € B;, without regard for the POMDP states out-
side of this discrete set, f¢B;. For each I € T, the goal of the algorithm is to provide a |B;|-
dimensional set of hyperplanes a; = (ay), age)) €Q; and associated actions a,,. Given such
set, the value function at any other POMDP state, (5, I) is then approximated via (5.36) as
V(B,1)=(8, " = xa{?"), where ai=(a\"", a(*)=arg Max o) ,e)equ) (8, " =o'}, which
defines an approximately optimal policy (3, I)=aq:.

Key to the performance of PBVI is the design of B;, which should be representative of
the belief points encountered in the system dynamics. In the PBVT literature [36], most of
the strategies to design B focus on selecting reachable belief points, rather than covering
uniformly the entire belief simplex. We choose the beliefs in the following two steps. For each
I € 7, an initial belief set B}O) is selected deterministically to cover uniformly the belief space.
followed by expansion of {B§0), I € T} using the Stochastic simulation and exploratory action
(SSEA) algorithm [36] to yield the expanded belief points set {B;, I € T}. After initializing
BE,O), given B§") at iteration n, for each 8 € B}n), SSEA performs a one step forward simulation
with each action in the action set, thus producing new POMDP states {(5., I.),Va € Ar}.
At this point, it computes the L1 distance between each new 3, and its closest neighbor in
Bgl), and adds the point B, to B}Z) if minﬁeB}Zi |Bax — Blli> minﬁeBg?Hﬁa — Bll1,Ya € Ay,
so as to more widely cover the belief space. This expansion is performed multiple times to

obtain {B;, I € T}.
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The approximate backup operation of PERSEUS is given by Algorithm 1, which takes
as input the index of the serving BS I, the set of belief points B; associated with BS I,
the sets of hyperplanes {Q% i € Z} and the corresponding actions, and outputs a new
set Qﬂl along with their corresponding actions. To do so: in line 4, a belief is cho-
sen randomly from [5'1; in lines 5-7, the hyperplane associated with each action a € A
is computed; in particular, line 6 computes the hyperplane associated with the future value
function V,(B,(y,a,3),1(a,I)), for each possible observation y resulting in the belief up-
date B;(y,a,3); line 7 instead performs the backup operation to determine the new hy-
perplane of V,1(f,I) associated to action a; line 8 determines the optimal action that
maximizes the value function, so that lines 5-8 overall approximate the value iteration up-
date V,11(B, 1) = max, Eyyiag1[LA(U, I, a)+V,(B;(Y,a, 3),1(a, I))]; in lines 9-12, the new
hyperplane and the associated action is added to the set Q,(Ql, but only if it yields an im-
provement in the value function V,,(8,1)>V, (8, I); otherwise, the previous hyperplane is
used; finally, lines 13-14 update the set of un-improved POMDP states based on the newly
added hyperplane; only the belief points that have not been improved are part of the next
iterations of the algorithm, and the process continues until the set B; is empty. Overall,
the algorithm guarantees monotonic improvements of the value function in B;. Note that
PERSEUS can be executed in parallel by each serving BS, thereby reducing the computation
time.

The basic routine for C-PBVT is given in Algorithm 2. However, differently from [37], we
also embed the dual optimization (5.35) by updating the dual variable A in line 6. In line 4,
we perform one backup operation via PERSEUS (Algorithm 1); in line 5, we compute the new
value function V,,41(5, 1) (based on the new hyperplane sets Qiﬁrl); in line 6, we compute
the approximate cost FE,; starting from state (33, 1;), based on the optimal hyperplane
a; this is used in line 7 to update the dual variable A via projected subgradient descent,
with the goal to solve the dual problem (5.35) (note that .. — En4i is a subgradient
of the dual function, see [72]): as a result, )\, is decreased if the estimated cost E, ; <
Elhax, to promote throughput maximization over energy cost minimization, otherwise it is
increased; the algorithm continues until the KKT conditions are approximately satisfied [72],

i.e., maxrer maxXges, [Voy1(B, 1) — Va(B, I)|< ey (i.e., an approximately fixed point of V1 =
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Algorithm 1: function PERSEUS
input : I, By, {QW}ier, {a? ,c; € QWY Vi € T, A
1 Init: VHH(B,I): — 0,V8 € By; Br = By; Qn+1 =0
2 Vo, (B, 1) max, o (8,08 — xa!), and maximizer (oz(ﬁl,ozﬂ 1), VB € B;

s while B; # 0 do // Unimproved beliefs
4 Sample 3 from B; (e.g., uniformly)
5 for each action a do
6 I'=l(a,I); a; ,= arg max (B;(y,a,3), o\ — Ao’y vyey
7 OA‘Z:(T(U I? CL), 6('7 I? a)) + X P<ula y|'7 I? a) (OCZ,(Z;) (U’,)v O‘Zfs) (U’,))
u'y

8 Solve V,,11(8, I)=maxqec (B, @57 —Aa®)) and maximizing action a* and 4=a:.
9 if V1 (8, 1) > V,(B,1) then // & improves value
10 Q,(Ql — lel u{a}; a¥™ =a* // add & to Qiﬁl and define action

associated with @&;
11 else // keep previous hyperplane ag;
12 t a=oagp; Q0 « oM u{a); altt = an
13 | Vo (B,1) max{ (5, &M —=Xa) V... 1(5,1)}VGeB;
14 B[<—{Bez§,:\7n+1(5,1)<x7n(5, 1)} // New set of unimproved beliefs

15 return Qﬂl, {a™! Va € Qﬂl} // new hyperplanes and associated actions

H[V,] has been determined and PERSEUS converged), E,y1 < Fuax (primal feasibility

constraint satisfied) and A\,|E,;1 — Emax|< €z (complementary slackness; note that dual
feasibility A, > 0 is enforced automatically in line 7).

After returning the sets of hyperplanes {Qﬂl} rez, the associated actions {a”! Vo €

" +1} and the dual variable ),, the (approximately) optimal action to be selected when

operating under the state (3, ) can be computed as

7 (6,1) = a™t, where a* = arg max (3, — \,a'®),
o),
along with the approximate expected reward and cost via (5.37).
In Fig. 5.2, we plot a time-series of the following variables for a portion of an episode
executed under the C-PBVI policy (Algorithms 1 and 2) under the numerical setup of Sec-
tion 5.5, with simulation parameters listed in Table 5.1: serving BS index I, BPI S,g’“)
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Algorithm 2: Constrained point based value iteration (C-PBVI)

1 Init: beliefs {B;}icz; hyperplanes Q" = {(0,0)},VI € T; optimal actions
afp 0y = HO; value function V41 (8, i)=0,YB€B;, Vi € T; Ao > 0; stepsize
{7 ="/(n+1),n >0}

2 forn=0,... do
3 for each I € 7 do
4 (Q} fant! Vo € Q1)) = PERSEUS(L, B1, {Q(}rex, {al, a€ QDY M)
5 Vn-ﬁ-l(ﬁa I): max <B> O‘(T) - )\na(e)>>vﬁ € BI
O‘EQS)A
n _ * (e)* * _ * r e
6 Let E, 1 = (55, as, 1,), where af ; =arg renga(%wo’a( ) — Apa)
o n+1

7 Ant1 = max{\, + Vn(Eni1 — Emax), 0}

8 if maxrer maxg g, Vi1 (8, 1)=Vo(B,1)|< ev, Eni1<Emax and
M| Eni1—Enax|<€p then

9 t return {lel}lel'z {ag™ Va e Qﬂl}f An

and blockage state B,il’“) of the serving BS I, the action class ce{DT, BT, HO}, the BT
and DT feedbacks Yt and Ypr as defined in (5.12) and (5.23). It can be observed in the
figure that, at 0.915s, 0.985s and 1.025s, NACKSs (Ypt = )) are received after executing the
DT action. After each one of these NACKSs, the policy executes the BT action. If the BT
feedback Ypr#0, then DT is performed; otherwise, blockage is detected and the HO action
is executed.

It should be noted that, although Algorithm 2 returns an approximately optimal design,
it incurs substantial computational cost in POMDPs with large state and action spaces
(hence large number of representative belief points). To remedy this, in the subsequent
section we propose simple heuristic policies, inspired by the behavior of the C-PBVI policy
described earlier and depicted in Fig. 5.2. These policies will be shown numerically to trade

complexity with sub-optimality and achieve satisfactory performance.

5.4 Heuristic Policies

In this section, we present two heuristic policies, namely a belief-based heuristic (B-

HEU) and a finite-state-machine (FSM)-based heuristic (FSM-HEU) and present closed-form
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Figure 5.2. Execution of policy 7*.

expressions for the performance of FSM-HEU. Similarly to C-PBVI, B-HEU needs to track
the belief 5, whereas FSM-HEU is solely based on the current observation signal that defines
transitions in a FSM. For this reason, FSM-HEU has lower complexity than B-HEU, while

achieving only a small degradation in performance (see Section 5.5).

5.4.1 FSM-based Heuristic policy (FSM-HEU)

The key idea of FSM-HEU is that it selects actions based solely on a FSM, whose states
define the action to be selected, and whose transitions are defined by the observation signal,

as depicted in Fig. 5.3 and described next. In FSM-HEU, we consider the following actions:
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 the HO action Ay = (HO, 0,0, Tyo) of duration Tyo;

« the BT action Ay = (BT,Sr,SNRpr, Tpt) of duration Tpr = |S7|+1; in other words, the
serving BS performs an exhaustive search over the entire set of SBPIs, with a fixed SNR

SNRpr (determined offline), followed by feedback;

o the |S;| DT actions (DT, j, SNRp, Tpr), where j € S;; in other words, the serving BS

performs DT with fixed SNR SNRpr and duration Tpr (both determined offline).

For notational convenience, we compactly refer to these actions as HO, BT and (DT, j),j €
Sy, respectively. Let Ay € {BT,HO} U {(DT,j) : 7 € S/} be the selected action of the
serving BS I (the state of the FSM at time k), of duration T, and Yjr be the observation
signal generated by such action, as described in Section 5.2; then, the FSM moves to state
Ajyr = Ar(Ag, Yiir), which defines the next action Ag,r to be selected in the next decision
round. Note that A; defines transitions in the FSM, and the process continues until the
episode terminates.

Let us consider the transitions in the FSM, defined by the function A;, depicted in
Fig. 5.3. If A;,=BT and the observation signal is Y, 7=j€S;, then the BS detects the
strongest beam j; hence FSM-HEU switches to DT and uses the DT action Ax,r = (DT, j) =
A;(BT,j) of serving BS I in the next decision round, of duration Tpr. On the other hand,
if the observation signal is Y;, =0, the BS detects blockage and performs HO to the non-
serving BS, so that the new action is Ay, r=HO=A(BT, ) of serving BS I.

If Ay=(DT,j) of serving BS I, i.e., the DT action is executed on beam j, of duration
Tpr, and the signal Y; =7 is observed, then the BS infers that the signal is still sufficiently
strong to continue DT on the same beam, and the same action Ax.r=(DT, j)=A;((DT, j), j)
of the serving BS I is selected again. Otherwise (Yj7=0), the BS detects a loss of alignment,
hence the BT action Ay7=BT=A;((DT,),0) of the serving BS I is executed next.

Finally, if A,=HO of serving BS I (the HO action is chosen, with observation signal
Yiir=0), then the new serving BS I’ = 1 — I executes the BT action A, r=BT=A;(HO,0)

next. This procedure continues until the episode terminates.
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Figure 5.3. Evolution of the selected action Aj of the serving BS based
on the observation signal Y;,r. Black lines represent the transitions under
both FSM-HEU and baseline policies; blue lines represent transitions under
the FSM-HEU policy only; the red line represents the transition under the
baseline policy only.

The performance of FSM-HEU can be computed in closed form. In fact, Gp=(Uy, Iy, Ay),
i.e., the system state (Ug, I)) and action Ag, form a Markov chain, taking values from the

state space

G=JuUx{I} x[{BT,HO} U {(DT,j): j € S}l (5.39)

IeT
To see this, note that the observation Yj,r and next state (Uyyr, Ixr7) (where T' is the
duration of the selected action Aj) have joint distribution given by (5.27), which solely
depends on Gy; then, in view of the FSM of Fig. 5.3, Axir = A(Ag, Yror) is a deterministic
function of A, and Yj,r. The state transition probability is then obtained by computing

the marginal with respect to the observation signal Y, 7, yielding

P(Ghyr = (W, 1',d)|Gr = (u,],0))
= Y [PUgr= Yeer=y|Us=u, I = I, Ay=a) P(Ior = I'lIy = I, Ay=a)|.

yeV:Ar(a,y)=a’

= > P ylu, I, a)x(I" = I(a,I))x(d' = Ar(a,y)). (5.40)

yey
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We remind that P(u/,y|u, I, a) is given by (5.28)-(5.29). Let RESM(g) and EFSM(g) be the
total expected number of bits delivered and energy cost under FSM-HEU, starting from state
g. Then, with P(¢'|g) defined in (5.40) and g = (u, I, a),

RiM(u,00) = r(u,la)+ > P I d|uLa)RZN (W,1'a"),
(w',I',a")egG

EMuda) =e(uda)+ Y. P Idula)En" (W, I d),
(u',I',a")eG
where r(-) and e(-) are given by (5.30)-(5.31). We can solve these equations in closed form,

yielding
RIS = (1 PF)~r, BESY = (1 PPSY) e, (5.41)

where R{G =[RS (9)]geg. B =[Elgt V' (9)]geg 1=[r(9)]geq, e=[e(9)]geq, [P™*M]g 0 =P(d'l9)-
5.4.2 Belief-based Heuristic policy (B-HEU)

Unlike FSM-HEU, this policy exploits the POMDP state (S, Ix) in the decision-making
process. However, B-HEU selects actions in a heuristic fashion as described next, as opposed
to C-PBVI (Algorithm 1), which selects actions (approximately) optimally. The decision
making under B-HEU are depicted in the flow chart of Fig. 5.4. To describe this policy,
let (8,1) be the current POMDP state. Let Z;(j) be the marginal probability of the UE
occupying the jth BPI with no blockage under the serving BS I, defined as

B(s,b)

VN (s,0):(s1,b1)=(j,1)
= = . 5.42
V) SENCD o4

J'€Sr (s,b):(s1,b1)=(5",1)

Then, A; = > > B (s,b) can be interpreted as the probability of no blockage
under the serifeirsllg(sﬁ)g(sll.’bl()}:igélri these quantities, B-HEU operates as follows, with thresholds
17, N2 and 73 determined offline: if A; < ny, then blockage is detected, hence the HO action is
selected; otherwise (A; > 1), let j; = arg maxecs, Z7(j) be the most likely BPT occupied by

the UE: if Ef(jj) > 19, i.e., the serving BS I is confident that the UE belongs to BPI g eS
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Figure 5.4. Flow chart for B-HEU Policy.

and there is no blockage, then the BS performs DT over BPI j;, with SNR SNRpr and
duration Tpt determined offline. Otherwise (A; > n; and 51(31) < 1), the BS is uncertain
on the BPI of the UE, hence it performs BT over the smallest BPI set Sgr with aggregate

probability greater or equal to 73, defined as

Spr £ arg min|S| s.t.: Z Z1(j) > 3. (5.43)

By doing so, it neglects the least likely set of beams whose aggregate probability is less than
UER

After selecting the appropriate action based on the belief, the next serving BS with
index I’ = I(a, I) collects the observation Yj,r and updates its belief using (5.32). Note
that, unlike FSM-HEU which performs an exhaustive search during the BT phase, B-HEU
exploits the current belief 5 to perform BT only on the most likely beams, and therefore
reduces the BT overhead. However, it incurs higher complexity than FSM-HEU, since the
belief needs to be tracked.
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5.5 Numerical results

In this section, we perform numerical evaluations of the proposed policies. We compare
their performance with a baseline policy, which is the same as FSM-HEU except for one key
difference: after executing the DT action, it executes the BT action irrespective of the binary
feedback. In other words, A;((DT,j),Y)=BT, VY. Note that, if no blockage is detected, this
baseline mimics the periodic exhaustive search. Its performance can be analyzed in closed
form in a similar fashion as for FSM-HEU (see its FSM representation in Fig. 5.3).

The simulation parameters are listed in Table 5.1. The BSs and UE are both equipped
with uniform planar arrays (deployed in the yz-plane) with Mg) = Mt(i)z X Mt(i)y and M, =
M« » X M., antennas, respectively. The BS and UE codebooks are based on array steering
vectors, designed to provide coverage to a road segment of length 30m. For numerical
simulation, we adopt a blockage dynamic model independent of the UE location, and with
blockage states of the two BSs independent of each other. This models a worst-case scenario,
where the blockage states of two BSs are independent and they show no correlation with
the current and future UE position. In this case, the blockage transition probability can be

expressed as By/|yser = BI()Z\)bo BI()Rbl' The transition probabilities can be expressed in terms of

average blockage duration D[()I) [s] and steady state blockage probability 7T(()I) as

A DA
B = =t Bl)=_"0 _ =t (5.44
01 D(()I) 10 1 W(()I) D(()[) )

Using the throughput and power metrics defined in (5.33), the average spectral efficiency
(bps/Hz) under policy 7 is expressed as T7 /W, . We choose the initial BS 7 = 1 and the
initial belief 5 (u)=x(u=uy), where up=(sg, by) with sy denoting the first pair of BS-UE BPI
and by = (1,1) denoting absence of blockage with respect to both BSs.

We define a 2D mobility model for a two lane straight highway with lane separation of

Alne = 3.7m as depicted in Fig 5.1.° The UE position along the road (y-axis) follows a

51The proposed system model and schemes can be used for multi-lane highway with any arbitrary road
shape.
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Table 5.1. Simulation parameters.

Parameter Symbol Value
Number of BS antennas Mt(,f) 256 = (32 x 8)
Number of UE antennas Mr(,{) 32=(8x4)
Number of BS beam ICr] 8

Number of UE beams | F] 8

Slot duration Ay 100us
Distance of BS to Rd center D 22m

Lane separation Alane 3.5m

BS height hgs 10m
Bandwidth Wiot 100MHz
Carrier frequency fe 30GHz

Noise psd No —174dBm/Hz
Noise figure F 10dB
Sidelobe/mainlobe SNR ratio | p -15dB
Fraction of DT slot for

channel estimation K 0.01

HO delay Thao 1 slot

DT duration Tpr {20, 30,40, 50} slots
Steady state blockage prob. 7r(()1), 7T(()2) 0.2

Avg blockage duration D(()l), D(()Q) 200ms

UE average speed Lo 30m/s

UE speed st. dev. Oy 10

UE mobility memory param. | ~ 0.2

UE lane change prob. qi2 = q2—1 | 0.01
Accuracy for Algorithm 2 €E, €y 0.01

B-HEU thresholds (71, m2,M3) (0.1,0.8,0.60)

Gauss-Markov mobility model and it changes lanes on the road with probability ¢;_,;. The
speed Vj, and position X, of the UE along the road (y-axis) follow the dynamics

Vi = Wior + (1 = Ny + 00//T = 72Viy,
Xyr = Xyp—1+ AV,

(5.45)

where, unless otherwise stated, p, = 30m/s is the average speed; o, = 10m/s is the standard
deviation of speed; ¥ = 0.2 is the memory parameter; Vj_; ~ N(0,1), i.i.d. over slots.
Note that, under this model, the SBPI Sy = (s§(Xk), s7(Xk)) does not follow Markovian
dynamics, causing a mismatch between the analysis (based on the assumption of Markov
state dynamics) and actual state trajectories (which do not follow Markovian dynamics). In
addition, there is a mismatch between the sectored antenna model used in the analysis and

the actual beamforming gain, which depends on the beam design and the actual AoA and
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Figure 5.5. Convergence of C-PBVI Algorithm 2.

AoD associated with the current UE position X}, (see (5.2)). This mismatch might cause the
POMDP based policy to underperform. To evaluate the accuracy of our analysis under this
more realistic setting, in the simulations, we show the results corresponding to the analytical
model presented in the paper — where the transition model Sy, is estimated from simulations
of 10,000 trajectories under the Gauss-Markov model (5.45), as described in Section 5.1.3
— as well as the results obtained through Monte-Carlo simulation using the array steering
based analog beamforming and the Gauss-Markov mobility model: in this case, the position
X}, is generated as in (5.45); the beamforming gain is based on the AoA and AoD associated
with UE position X}, (see (5.2)) rather than the sectored antenna approximation used in the
analytical model (see Section 5.1.4); the UE’s feedback signal Y} is generated as in (5.12);
the belief is then updated using (5.32); actions are selected according to the policy under
consideration — either based on the belief (C-PBVI and B-HEU policies) or feedback signaling

(FSM-HEU and baseline policies). Table 5.1 summarizes the numerical parameters.
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Figure 5.6. Average spectral efficiency versus average power consumption.
The continuous lines represent the analytical curves based on the sectored
model and synthetic mobility (generated based on the beam transition proba-
bility Ssy, see Eq. (5.5)), whereas the markers represent the simulation using
analog beamforming and actual mobility.

In Fig. 5.5, we show the convergence of the C-PBVI Algorithm 2, which optimizes both
the policy m and the dual variable A to meet the power constraint P™ < Pavg. It can
be observed that the dual variable A, expected spectral efficiency R, / Diot /Wiot, average
power E,, /Dy, and Lagrangian function [V,,(8o) + Ap Fmax]/Diot /Wiet converge, and £, /Dy
converges to the desired average power constraint Pavg = 16dBm. In Fig. 5.6, we depict
the average spectral efficiency versus the average power consumption. For the heuristic
policies, we set Tpr=10 and SNRgr=SNRpr = SNRpreMt(i)er,VI € Z, where SNR,,,
representing the minimum pre-beamforming SNR, is varied from —12dB to 18dB.® The
upper-bound shown in the figure is obtained by a genie-aided policy that always executes
DT with perfect knowledge of the state (u, ). It should be noted that this upper-bound is
loose since it is found by assuming perfect state knowledge. The C-PBVI policy 7* yields the
best performance with negligible performance gap with respect to the upper-bound. It shows

a performance gain of up to 4%, 17% and 38% compared to B-HEU, FSM-HEU and baseline,

6TMt(>f )er is the peak beamforming gain for array steering based analog beamforming [73].

119



respectively. It is also observed that B-HEU shows 12% performance gain over FSM-HEU.
On the other hand, the baseline scheme yields up to 24% and 15% degraded performance
compared to B-HEU and FSM-HEU, respectively: in fact, it neglects the DT feedback and
instead performs periodic BT, thus incurring significant overhead. We also observe that
the curves, obtained through the proposed analytical model, and the markers, representing
simulation points obtained considering analog beam design and Gauss Markov mobility,
closely match, thereby demonstrating the accuracy of our analysis in realistic settings.

In Fig. 5.7, we plot the spectral efficiency versus the DT time duration Tpr used in
B-HEU, FSM-HEU and baseline schemes. As observed previously, the C-PBVI policy out-
performs B-HEU and FSM-HEU, and all of them outperform the baseline scheme. B-HEU
achieves near-optimal performance with an optimized value of Tpr~ 70[slots] followed by
FSM-HEU which performs best with Tpt>~ 40. Most remarkably, near-optimal performance
is achieved by B-HEU at a fraction of the complexity of C-PBVI. It is observed that the
spectral efficiency initially improves by increasing Tpt due to reduced overhead of BT and
feedback time. However, after achieving a maximum value at an optimal Tpr, the spectral
efficiency decreases as Tpr is further increased. This is attributed to the fact that during
very large data transmission periods, loss of alignment and blockages are more likely to occur
before the serving BS is able to react to these events. It is also observed that the baseline
scheme achieves peak performance at a much higher value of Tpr ~ 125[slots]. In fact, since
baseline performs periodic BT, it incurs severe overhead, hence there is a stronger incentive
to reduce the overhead by extending the duration of DT, as opposed to B-HEU and FSM-
HEU which adapt the duration of DT based on the DT feedback signal. In Fig. 5.8, we
evaluate the impact of mobility and multiple users on blockage dynamics, based on the prob-
abilistic model developed in [38]: this model defines a relationship between the dynamics of
the blockage process, the number of UEs in the coverage area and their average speed. In
fact, mobile UEs may cause time-varying obstructions of the signal (blockages) which may
severely degrade the performance of vehicular mm-wave systems, especially in dense and
highly-mobile scenarios. In the figure, we plot the total average spectral efficiency versus the
number of users and the mean UE speed. The system performance is evaluated via Monte-

Carlo simulation. Moreover, we assume that the proposed policies are executed in parallel
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Figure 5.7. Average spectral efficiency versus Tpr; SNRe = 18dB.

across multiple UEs, using OFDMA [68] to orthogonalize their transmission resources. It can
be seen that, for all policies, the spectral efficiency decreases as the mean speed increases:
in fact, at higher speed, the UEs not only experience more frequent beam mis-alignments,
but also the frequency of occurrence of blockages is exacerbated. The spectral efficiency also
degrades as the number of UEs increases: in fact, nearby UEs contribute to creating ob-
structions and more frequent blockages, as well as a reduced time duration for the unblocked
intervals. As previously noted, B-HEU achieves the best performance, followed by FSM-HEU
and baseline. Most importantly, the two heuristics B-HEU and FSM-HEU achieve 50% and
25% higher spectral efficiency than the baseline scheme, respectively, demonstrating their

robustness in mobile and dense user scenarios.
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6. LEARNING AND ADAPTATION IN MILLIMETER-WAVE
COMMUNICATIONS VIA DEEP VARIATIONAL
AUTOENCODERS AND POMDPS

Millimeter-wave vehicular networks using narrow-beam communications incur enormous
beam-training overhead. To mitigate it, this chapter proposes a learning and adaptation
framework, in which the dynamics of the communication beams are learned and then ex-
ploited to design adaptive beam-training procedures. Specifically, a dual timescale approach
is proposed: on a long timescale, a recurrent deep variational autoencoder (R-VAE) uses
noisy beam-training observations to learn a probabilistic model of beam dynamics; on a
short timescale, an adaptive beam-training procedure is formulated as a partially observ-
able (PO-) Markov decision process (MDP), and optimized using point-based value iteration
(PBVI) by leveraging beam-training feedback and a probabilistic knowledge of the strongest
beam pair provided by the R-VAE. In turn, beam-training observations are used to refine
the R-VAE via stochastic gradient descent in a continuous process of learning and adap-
tation. It is shown that the proposed R-VAE mobility learning framework learns accurate
beam dynamics: it reduces the Kullback-Leibler divergence between the ground-truth and
the learned beam dynamics model by 86%, with respect to the Baum-Welch algorithm and
by 92% with respect to a naive mobility learning approach that neglects feedback errors.
The proposed dual timescale approach yields negligible loss of spectral efficiency with re-
spect to a genie-aided scheme that operates under error-free feedback and knowledge of the
ground-truth mobility model. Finally, a low-complexity policy is proposed by reducing the
POMDP to an MDP. It is shown that the PBVI-based and MDP-based policies yield a spec-
tral efficiency gain of up to 46% and 37%, respectively, over a policy that scans exhaustively

the likely beam pairs.

TA version of this chapter is pending publication in IEEE Transactions on Vehicular Technology.
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beam projection

onto the road

Figure 6.1. A mobile millimeter wave network.

6.1 System Model

We consider a mobile millimeter-wave network scenario as depicted in Fig. 6.1. The UE
is moving on the road, covered by multiple roadside base-stations (BSs). At each time, the
UE is connected to one BS, referred to as the serving BS. The BS and UE both use 3D
beamforming with large antenna arrays to achieve highly directional communications. If the
UE exits its serving BS coverage area, a handover is performed to the next BS, at which
point the data/control planes are transferred to the next serving BS. In this chapter, we
restrict the beam alignment and communication design to the UE and its serving BS, as
depicted in the box in Fig. 6.1.

We consider a time-slotted system: frames of duration T, are divided into K slots,
each of duration Tiee £ Thame /K. We assume Thame < Tp, where T}, is the beam coherence
time, i.e., the time duration over which the BS-UE beams remain aligned. For example,
using the analysis of [58], T,~1[s] for a UE velocity of 100[km/h]. Each frame is split into a
beam-training (BT) phase of variable duration, followed by a data transmission (DT') phase
until the end of the frame, as shown in Fig. 6.2.

The mobility of the UE and of the surrounding propagation environment induce mobility
in the optimal beams that should be used at the transmitter and receiver for data commu-
nication. Since Tiame < Tp, the optimal beam pair is assumed to remain constant during
the entire frame duration, but may change across frames. The goal pursued in this chapter
is to learn these dynamics to enable predictions of the optimal beam pair and reduce the

beam-training overhead.
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Figure 6.2. Beam-training and data transmission phases. Short-timescale
interactions shown with solid arrows; long-timescale interactions are shown by
dashed arrows;

To achieve this goal, in this chapter we propose a learning and adaptation framework
based on a dual timescale approach, depicted as a block diagram in Fig. 6.2: the short
timescale is the duration of one frame Tiame; the long-timescale refers to the duration of
time during which the UE stays within the BS coverage area, of the order of several hundred
frames. In the long-timescale, the mobility learning module aims to learn the dynamics of the
optimal beam pair induced by the mobility of the UE and of the propagation environment,
based on previous interactions with the UE, and with previous UEs. In the short timescale,
the goal is to maximize the throughput within the frame duration, by optimizing the BT and
DT strategy and by exploiting beam-training feedback as well as prior statistical information
on the optimal beam pair (prior belief) provided by the mobility learning module. To
achieve the desired goals of the dual timescale strategy, we make the following design choices,

depicted in Fig. 6.2:

1. We model the dynamics of the strongest beam pair index (SBPI) as a Markov process.
The BS leverages the mobility model to provide side information at the start of each

frame, represented as a prior belief over SBPIs (a probability distribution over SBPIs).

2. We formulate a POMDP (Section 6.2) that leverages the prior belief to optimize the
decision-making process on the short-timescale, and propose a PBVI algorithm (Section

6.2.1) to find the approximately optimal policy. The policy uses the prior belief over
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the SBPI and BT feedback received within the frame to adaptively select the BT and

DT actions on the short-timescale.

3. We develop an R-VAE-based framework (Section. 6.3) to learn the Markov SBPI model,
based on SNR observations acquired during previous interactions (see Fig. 6.2) and

collected in the observation buffer.

Next, we describe the signal and channel models.

6.1.1 Channel and Signal Model

Let xeC be the transmitted signal with E[||x||3]=Lsy, where Ly, denotes the number
of symbols transmitted. The signal received at the UE in frame ¢t € N and slot k € K £

{0,1,..., K — 1} within the frame is expressed as

Yk =/ Pt,kfggHt,kCt,kx + Wik, (6.1)

where P,y is the average transmit power of the BS; ¢;,€CM=*! and f, ,eCM=>! are unit-
norm beamforming vectors at the BS and UE, with M, and M, antennas, respectively;
w;x ~ CN(0,021) is the additive white Gaussian noise (AWGN), with variance o2. In this
chapter, we adopt the diffused multipath channel model with one dominant line of sight

(LOS) path, used also in our previous work [7], expressed as

Nprir

Ht,k: \/ MtXerht,ker(et)dtx(¢t)H + Z MtxerBt,k,ldrx(ét,k,l)dtx(qgt,k,l)Hy (62)
=1

H; k,Los

H; k. pIF

where hyr ~ CN(0,0%,) is the complex gain of the LOS component, with o}, = 1/4;
Uy = [Am/A\J?d? is the path loss as a function of the UE-BS’s distance d;; 6; and ¢; are
the angle of arrival (AoA) and of departure (AoD) of the LOS path (azimuth and elevation
angles), respectively. di(¢) and d.(f) are the array response vectors of the BS and UE
antenna arrays, respectively; ilt,k,z, 9}7;@1 and gguk,l denote the complex channel gain, AoA

and AoD of the [*" diffused multipath component, respectively. Note that dy, 6; and ¢, may
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evolve across frames as a result of mobility of the UE and of the surrounding propagation
environment, however, they remain fixed during the frame duration, as subsumed by the
assumption Thame < T} discussed earlier. On the other hand, hj is i.i.d over the frame
slots. We model H,; pir as zero mean Gaussian with i.i.d entries (over slot indices and
antenna elements), each with variance o3;. Experimental studies in [59] demonstrated that
the diffused multipath components are much weaker than the LOS path (up to 100x weaker
at a BS-UE distance of only 10 meters), so that of,z<o}, ;. Let £(x), ¢(x) and 6(x) be the
pathloss, AoD and AoA of the LOS path when the UE is in position x € X within the cov-
erage are X of the BS. Let X; be the UE’s position in frame t, Gi,(c, x)=M|dix(d(z)) " c|?
and G (f, 2)=M,|d,(0(x))"f|? be the beamforming gains of the BS and UE, respectively,
with respect to the LOS path, and O, y=/d(¢(X;)) e x + thf‘,;drx(e(Xt)) be the unknown

phase of the overall gain. Then, the received signal is expressed as

Yt,k:\/Pt,k [ht,k\/Gtx(Ct,k, X)Grx (£ g, Xt)ejet’k‘i‘Qt,k Xik T Wik, (6.3)

where €, £ £ H, k piecer ~ CN(0,0fp) is the contribution due to the diffuse multipath

channel components. The SNR averaged over the fading coefficients is then given as

SNRL]C:

Pt,k Gtx(ct,kaXt)er(ft,k7Xt) +0_2
2 g(Xt) DIF | -

Ouw

6.1.2 Codebook Structure

The BS and UE both use pre-designed analog beamforming codebooks, denoted by
C={ci,... ,€jc|} and FE{f, ... 7}, respectively. Let VEC x F denote the joint code-
book containing all possible beamforming codeword pairs of the BS and UE. These are
indexed by the beam pair index (BPI), taking values from S £ {1,2,...,|C||F|}. We denote
the jth beam pair by (¢ fW)) € V. Let G(j,7) & Gu(cV), 2)G(fV), 1) be the beam-

forming gain achieved under the jth BPI with the UE in position x. Similarly to [7], we
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define the strongest BPI (SBPI) at a given UE’s position x as the one achieving maximum

beamforming gain,
s*(x) £ argmax G(j, 7). (6.5)
JjES

It follows that the optimal beam pair that should be used in the tth frame to carry out the

data communication is the one indexed by s*(X;), based on the current UE’s position X;.

6.1.3 Sectored Antenna Model

In this chapter, we use the sectored antenna model to approximate the beamforming
gain [4], [7], [41], which provides an analytically tractable yet valuable approximation of
the actual beam pattern, as demonstrated in our numerical evaluations in Section 6.4. We
partition the coverage region X into |S| regions {Xj,j € S}, where X; = {x € X' : s*(x) = j}
is the set of positions (possibly, empty) in which the SBPI is j. We denote the condition
x € Xj; as the alignment condition along BPI j; conversely, we denote the condition x ¢ X as
the misalignment condition along BPI j. Consider the BPI j. Under the alignment condition

(i.e., z € &;), we approximate the SNR as

P
Sl\“%alignza_i‘z7 |:T]+O-]%IF] (66)

w

where T; = mingex, G(j, z)/¢(z). Note that (6.6) also gives the transmit power P; required
to achieve a certain target SNR SNR,jign along the BPI j, under the alignment condition.
On the other hand, under the misalignment condition = ¢ X;, we model the mis-aligned

SNR as
SNRmisalign S pSNRaligm (67)

where p < 1 is the ratio of the worst-case misaligned SNR and aligned SNR. In this case,
data transmission is in outage since p < 1. Let S; £ s*(X;) denote the current SBPI. With

these definitions, the achieved SNR is only a function of whether the alignment is achieved
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or not with the current choice of the BPI j: if j = S, is the selected BPI, then alignment
is achieved, and the received is SNR SNRjign; in contrast, if j # S;, then misalignment is

achieved, and the received SNR is SNR isalign-

6.1.4 Strongest Beam Pair Index Dynamics

The UE mobility along the road and/or temporal environment changes induce tempo-
rally correlated dynamics on the SBPI S;, which can be exploited to reduce the training
overhead. We assume that the process {S;,t > 0} is stationary Markovian. We will demon-
strate numerically in Section 6.4 that this assumption yields a good approximation of non-
Markovian dynamics (for instance, a vehicle moving at constant speed along a road). Let
p(s'|s) 2 P(Syp1=5'|Sy=5),Vs € S,Vs' € S be the one-frame transition probability from the
current SBPI s to the next SBPI s'. Here, S £ SU{5} includes the additional state 5, which
indicates that the UE has moved out of the coverage area of the BS and can no longer be
served. In practice, the transition model p(-|-) is not known a-priori and has to be estimated
using the history of observation (BT /DT actions and their feedback) sent to the BS from the
UE. This represents a departure from our previous work [7], which assumed prior knowledge
of p(-[).

A straightforward approach to estimate p(-|-) is to use the detected SBPI obtained during
the BT procedure (e.g., exhaustive search) to generate a sequence { (8, 8;11),t € Tsouna} Of

SBPIs’ transitions recored at time frames ¢ € Tiounq. Then, p(:|-) may be estimated as

1 S p— S p— / —
p(s']s) = 2t€ Teouna 1[5t f’ Sl = O ], Vse S, s eS, (6.8)
Zte%ound 1[8t = S]

where 1[-] is the indicator function. However, transition models estimated with this approach,
which we term naive mobility learning, suffer from errors in the detected SBPI §; caused
by noise and beam imperfections. The design of estimation procedures that are robust
against measurement noise and beam imperfections is developed in Section 6.3 using a novel

technique based on recurrent variational auto-encoder (R-VAE).
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6.1.5 Beam-Training (BT) and Data Transmission (DT)

We now introduce the BT and DT operations. As shown in Fig. 6.2, each frame comprises
a BT phase of variable duration and a DT phase for the remainder of the frame. In the
following, we outline the BT and DT phases and describe the feedback model.

BT phase: Within the BT phase, the BS selects and executes a sequence of BT actions.
For each BT action, a set of BPIs SCS is first chosen; then, a sequence of beacons x are sent
in sequence over |3 | slots, using one slot for each BPI j s, during which the BS transmits
using the beamforming vector ¢V, while the UE receives synchronously using the combining
vector fU). After the sequence of beacons have been transmitted, an additional slot is used
for feedback from the UE back to the BS, so that the overall duration of the BT action S is
Lé]SA' |+1. The feedback signal is generated as follows, similarly to [7]. Letting i; be the slot
index over which BPI j € S is transmitted, the UE process the received signal y; ;. using a

matched filter as

o & X'y,
t 2 2
a2

(6.9)

which represents an estimate of the SNR when BPI j is used.
Upon collecting the sequence {ng ),‘v’j €S }, the UE detects the BPI with strongest signal

as

J* £ arg max; sg ng), max; . ¢ ng) >,

Y = (6.10)

ng) <n.

®7 ma‘X]eg —

In other words, if all the SNR estimates are smaller than a threshold 7, Y=0 indicates that
no beam pair in S is aligned. Otherwise, Y'=35* indicates the index of the SBPI detected.
The feedback signal is then sent back to the BS.

The probabilistic analysis of the BT feedback can be carried out as in [7], where closed-
form expressions of P(y|s,S) are derived. Herein, we briefly describe the BT feedback dis-
tribution, without providing explicit expressions. Let S be the BT action selected. Then,

when the BPI j € S is scanned, the corresponding matched filter output F,Ej ) has exponential
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distribution with mean 1 + SNRajign if S; = j or 1 + SNRyisatign if S¢ # j. The feedback
distribution P(Y = y|S; = s,S) can then be derived in closed form [7] for the two cases
S, € S or Sy ¢ S. In particular, for the case when S; € S , the closed-form expressions of
the probability of mis-detection P(Y = 0[S, = 5,S,5 € S) £ pma(n, |S|, SNR) and the prob-
ability of correct detection P(Y = s|S; = 5,8, s € S) £ Peorrect (1, |3|, SNR) can be derived
in closed-form, each as function of threshold 7, number of BPIs |S | and target SNR SNR.
Then, the probability of incorrect detection is computed by using the fact that incorrect

detection is i.i.d among |S|—1 BPIs in S \ {s}, as follows

é 1— pcorrect<777 ’3‘7 SNR) - Pmd(n, ’3’7 SNR)

P(Y € S\ {s}|S; = 5,8,5€S) S-1

(6.11)

On the other hand, for the mis-aligned case (S; ¢ S’), the probability of making no false-
alarm P(Y = 0|S; = 5,S,5 € S) £ 1 — pea(n, |S], SNR) can be computed in closed-form as
function of the threshold 7, number of BPIs |3 |, and target SNR SNR. Then, the probability

of making false alarm to any BPI in S is computed as

n,|S],SNR)

P(Y € 8|S, =5,8,s¢S) 2 P 3

(6.12)

For any given target SNR SNR and number of SBPI scanned |$' |, the threshold 7 is deter-
mined by enforcing the total false alarm probability equal to the total misdetection proba-

bility and solving for n, yielding
Punt (18], SNR) = puna (77, [S], SNR) = pra (17", S|, SNR), (6.13)

where 7* is solution to pma(1, |S|,SNR) = pg(n,|S|,SNR). We omit the exact analysis of
the feedback due to space constraint and can be found in [7]. In the next section, we present

the POMDP, which exploits the feedback model.

DT phase: At the start of the DT phase, the BS chooses a BPI spr. Data transmission

then occurs with a fixed rate R until the end of the frame, by having the BS transmit with
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beamforming vector ¢*v) and the UE receive with combining vector frm). If S, £ 5pr,
the selected BPI Spr is mis-aligned, resulting in communication outage; otherwise (S;=38pr,
i.e., the selected BPI §pr is aligned) from the signal model (6.3), we find that a successful

transmission occurs if
R < Wtot 1Og2(1 + |ht,k’2€(Xt)SNRalign)7 (614)

where Wi, is the bandwidth. Then, using the fact that hyp ~ CN (O,a}%,t), the success

probability

2R/Wtot -1

S NRali gn

QR/Wtot —1

IP)SHCC:IP> h 2}6 X SNRujgn
(s> SNRaign

=1—exp{ — (6.15)

and the expected throughput per slot R = P....R.

6.2 Short Timescale: Adaptive BT via Point-based Value iteration

This section introduces the POMDP and proposes an efficient PBVI algorithm to deter-
mine an approximately optimal BT and DT policy within the frame duration. The individual
components of the POMDP are defined as follows.

Time horizon: K = {0,1,..., K — 1} denotes the time horizon of the decision period,
corresponding to the frame duration (K slots per frame).

State space: the set of BPIs S; the state at frame ¢ is the unobserved SBPI S, € S,
which remains constant during the frame duration, but may change from one frame to the
next according to the transition model p(-|-) (see Sec. 6.1.4).

Prior belief 3, : the probability mass function of the SBPI S; available at the beginning
of the frame, before BT is executed, so that f;o(s) = P(S; = s). The prior belief 3 is
provided by the mobility learning module discussed in Sec. 6.3.

Action space: In slot k£ within the frame, the BS selects whether to perform BT or DT.
If DT is selected, then the BS also selects the BPI spr € S used for data communication
for the remainder of the frame; the DT action space is then Apr = S. Otherwise (BT is
selected), the BS selects a set of BPIs S to scan; since the duration of this action is LZ|S|+1,
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the selected action must be such that \3 |< K —1—k, so that the BT action space in slot k
is given by
ABT7kE{SgS:|<§|§K—1—/{:}.

Note that if a DT action is selected, it is used until the end of the frame, so that the decision
period terminates; otherwise, when a BT action of duration L is chosen at time k, the next
decision is taken in the slot k + L.

Observation model: After taking a BT action S, the BS observes the feedback signal
Y, taking value from the observation space Y 2 SU {0} as described in Section 6.1.5.

Reward: we measure the reward as the expected number of data communication bits
successfully delivered to the UE. Hence, under a BT action, no reward is accrued. On the
other hand, if the DT action Spr € S is selected in slot k € IC, with S; = s being the ground
truth SBPI, then the reward accrued is

T’k(S, §DT) = (K — k)TslotR . 1[8 = §DT]7 (616)

i.e., it is zero if the SBPI is detected incorrectly (s # Spr), otherwise it is equal to the total
expected throughput delivered during the remaining frame duration K — k.

Belief Update: Since the SBPI S € § is not observable, we use the belief 3 over S € S
as a POMDP state. The belief is the probability distribution over s € S, given the history
of actions and observations from the beginning of the current frame until the current slot.
Initially, B, is the prior belief at the beginning of the frame, provided by the mobility
learning module. Let 3, be the belief in slot £. This is updated whenever BT observations
are received. If a DT action is taken in slot k, then it is executed until the end of the frame,
so that a belief update is not required in this case and 3,0 = By, V¢ =k, ..., K. Otherwise,
consider the BT action S of duration L taken in slot k. Since the corresponding feedback

signal is received at the end of slot k+ L — 1, no belief updates occur in slots k, ..., k+ L —1,
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hence ;¢ = Biy, Y0 =k,...,k+ L — 1. Upon receiving the feedback signal Y, 1 = y at
the end of slot k£ + L — 1, the BS updates the belief in slot k£ + L based on Bayes’ rule as

Brarr—1(5)P(y]s,S)
gesﬁthrL 1() (y\j, )

6t,k+L(5) = Vs € 8, (617)
where P(y|s,S) is the feedback distribution given in Section 6.1.5. We define the belief
update via the mapping B(, y, 3), so that By xir = B(Brksrn-1, Yetr-1, 3), expressed as the
function of the previous belief 3; ;1 1—1, feedback Y411 and BT action S. At the end of the
frame, with 3, x computed with the procedure described above, the prior belief for the next

frame can be computed by the mobility learning module using the learned transition model

p(|) as

Ber1.0( ZP $)Bri(s),Vs €S, (6.18)

seS

so that the POMDP optimization can be carried out in the next frame, and so on. Estimat-
ing the transition model p(:|-) accurately is critical to achieve good performance, as shown
numerically in Section 6.4. In fact, a poor estimate of p(:|-) may lead to inaccurate predic-
tions of the SBPI, resulting in increased BT overhead and decreased spectral efficiency. To
address this challenge, in Section 6.3, we will propose a state-of-art estimation of the mobility
model based on R-VAE. Policy: a mapping from the current belief 5, to a BT or DT action.
We break the policy into two steps. First, given i, the BS decides whether to perform BT
or DT based on the policy p(5), representing the probability of choosing DT in slot k. If
DT is selected, then the BS further selects the DT action Spr € S according to a policy
Ag(Br), which is executed until the end of the frame; otherwise (BT selected, with proba-
bility 1 — p1(5k)), the BS selects a BT training set according to the policy X (8k) € Apt k.
In this case, with L = |3, (8k)|+1 being the BT action duration, the next action is chosen

in slot k£ + L, and so on until the end of the frame.
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6.2.1 Optimization Problem

In this section, we present the optimization problem and a computationally efficient value
iteration algorithm to solve the problem. We want to design a policy m = (u, A, ) which
dictates whether to perform BT or DT and, if BT is chosen, it selects the BT set, with the
goal to maximize the expected frame spectral efficiency. Let kpt € {0,1,..., K} be the slot
when the DT action Spr is selected (if no DT action is selected within the frame, we let

kpr = K). Then, the frame spectral efficiency is defined as

1 R R k .
Tfr(st) erDT<St7 SDT) = Wt . <1 — 2T> . 1[St = SDT],

where 1 — kD?T represents the loss of efficiency due to the BT overhead. The optimization

problem is then stated as
P1: max E [Tk (S)[Bro] (6.19)

where the expectation is conditional on the prior belief 3,y under the sequence of actions
dictated by policy # = (u, A, Y). This optimization can be carried out using the value
iteration algorithm [36]. We define recursively the value function in slot k& under belief 3,

and policy 7 = (i, A,X) as VZ(B) =0 and, Vk =0,..., K — 1,

Vi (B) = uk(ﬁ)véit (1 - 2) B(A(B)) (6.20)
+[1— (B Z;Sﬁ ) > P(yls, Zk(8) Vil (a1 (BB, v, Bi(B)))- (6.21)
s€ yey

In fact, if a DT action is selected, with probability px(5), then the reward is W— (1 — —)
until the end of the frame, as long as beam aligned is achieved, S; = Ax () with probability
B(Ak(B)). On the other hand, if a BT action is selected, with probability 1 — p(3), then the
BT set 34 (53) is chosen and no reward is collected; since this action has duration |Xx(3)|+1,

the future value function is taken at time k + |Xx(5)|+1, and the belief is updated based

on the observation collected using the mapping B. The optimal value function (V}}) is
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obtained by maximizing with respect to the BT and DT actions, yielding V:(3) = 0 and,
Vk=0,...,K —1,

Vk*(ﬁ):max{wf (1—2) max B(5pr), max »_ B(s) > P(y|s, S) k+|5‘+1( (ﬁ,y,g))},

tot SDT SEABT X sc5 yey

(6.22)

yielding the optimal decision between DT or BT action (maximizer of the outer max), the
optimal DT action (maximizer of the first inner max) and the optimal BT set (maximizer of
the second inner max). Since the value function is piecewise linear [36], it can be expressed

using a finite set of |S|-dimensional hyperplanes Q = {ak }M’“ C RISl of cardinality Mj:

Vi (B) = max(f, o) (6.23)

a€Qy

where (5, ) = Y5 B(s)a(s). Since VE(5) = 0, it follows that Qx = {0} with cardinality
Mg =1 and, for k =0,..., K — 1, the set of hyperplanes is recursively computed as [36]

R k S
Q= U‘SI {Wt t <1 - K) ei} U UseApr {Z Plol»5) © s 1a¥]yey € lesﬂ}

yey

(6.24)

where e; is the vector with entries equal to zero except in position ¢ where e;(s) = 1, and
c = a®b is the vector with entries c(i) = a(i)b(:), Vi. Note that in (6.24), the hyperplane

of the form

Wm (1 - ?) e; correspond to DT action ¢ € Apr. On the other hand, the
hyperplanes of form 3, P(y/-, S) ® a® correspond to BT action S € Agrt.k, where o) is
the hyperplane corresponding to the future action at the slot k£ + |5’ |+1.

Note that in exact value iteration, the cardinality of Qp, M} is shown to grow doubly
exponentially with iteration k, i.e., My = O(|Apr|+(|Asri)? "), thereby making it
computationally intractable to use for a reasonable size task. To address this computational

challenge, approximate value iteration techniques are proposed in the POMDP literature
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[36]. In the next subsection, we present one such approach, called point-based value iteration

(PBVI).

6.2.2 Point-Based Value Iteration

The key idea behind PBVT is to restrict the backup operation defined in (6.24) to a finite
set of belief points B, rather than the entire belief space, where B is chosen as representative of
the entire belief-space B.} In other words, given the Vi1, ..., Vi, the PBVI algorithm builds
an approximation V, = H[Vii1,...,Vk]. To achieve this, the PBVI algorithm recursively
constructs a set of hyperplanes Q, and the associated actions a,,Va € Q, for each k € IC
through value iteration. Starting from Qg = {0}, the set of hyperplanes is computed similar
to (6.24), with one key difference that hyperplanes are pruned since the PBVT is restricted
to the set B only. To this end, the hyperplanes which maximize the value function for 3 € B
are only included in hyperplane set Qp,Vk. Given, this set of hyperplanes Qp, the value
function V;*(5), VS € B is approximated as

Vi(B) = max (8, a), (6.25)

a€Qy
where (3,a) £ Y,cs = B(s)a(s) is the inner prod between 3 and a. The approximately
optimal policy is given as

Tr(B) = aar, o = arg max (3, a). (6.26)

a€Qy

In other words the policy 7 chooses that action a.y associated with the hyperplane oy,
which maximizes the value function in (6.25).

The back operator of the PBVI is by Algorithm 3, which takes as input £ € K and
the set of belief points B, and all previously computed sets of hyperplanes {Qks1,---, 9K}
and returns the set of hyperplane Q. and the associated actions {a* : o € Q,}. To this
end, for each belief 3 € B, a hyperplane is computed in lines 3-12. In particular, lines

4 compute hyperplane corresponding to optimal DT action A* (computed in line 3). In

148 is selected deterministically to uniformly cover the entire belief space.
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lines 5-7, the BT hyperplane corresponding to the optimal BT action is computed. In
particular, line 5 computes hyperplane for future value function for each action Se AT 1
and each possible observation y € Y; line 6 performs the backup operation to determine the
hyperplane ag for each BT action Se Apr; line 7 finds the optimal BT hyperplane apr
for the belief 5 and the associated optimal BT action ¥*. Line 8 determines the probability
of DT p* = 1[(B, apr) > (B, apr)]. In lines 9-12, depending on p*, either the optimal DT
hyperplane or the optimal BT hyperplane is added to the set of hyperplane Q. If u* =1
(DT is optimal) apr is added to Qy; otherwise apr is added to Q. Note that at most
one hyperplane, which maximizes the value function for each 8 € B is added to the set of
hyperplane Q. Therefore, unlike the exact value iteration, in the PBVI, the cardinality of a
set of hyperplanes |Qy|< |B| does not grow beyond |B|, yielding a linear-time value iteration
algorithm.

The overall PBVI algorithm is given in Algorithm 4, which takes as input the discrete set
of belief points B, frame duration K [slots]. For each k € K, it applies the backup operator
of the PBVI (Algorithm 3) to find the set of hyperplane Qy and action associated with each
hyperplane {al®) : & € Qi}. The algorithm terminates in K steps and returns the sets of

hyperplanes for each k € K and associated actions.

6.2.3 Low-Complexity Policy Design

Although the PBVI algorithm finds an approximately optimal policy, it may incur a high
computational complexity, especially for high dimensional belief spaces. In this section, we
propose an MDP policy based on the assumption of error-free feedback to overcome this
computational challenge. This case can be cast as a special case of the POMDP, where the

BT observations have distribution

. lly=s], VseS
Plyls,S) =

ly=0], Vs ¢ S.
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Algorithm 3: backup method
input : k7 B~7 {Qk+17 R QK}
init: Qk = {}

for each 5 € B do

Ju

2

3 A* = argmax;es (3, apr,i), where apr; = Wit (1 — %) e, VieS
4 apT = ADT,A*

5 O‘i‘iy = argmaxseq,, . (B(f, y,S),a),¥S € Apri,Vy € Y

6 g = ZyeyP(y]-,S)Qagy,VS S ABT,k

7 Y* = arg maXSeABT,k<5’ ag), Gpr = Q-

s | u*=1[(B,apr) > (3, anr)]
if u* =1 then
10 L Qp + QrU{apr}

11 else

12 L Qi + QrU{anr}
13 | aék) = (M*7A*7 E*)
14 return Qy, {al¥ : o € O}

©

Algorithm 4: PBVI Algorithm
input : Belief set BB, frame duration K
init: Qi = {0}
fork=K—-1,...,0do
L gk, {a® a0 € Q) = backup(ﬁ;,[;’, {Qks1,---,Qk})
Vi(8) = maxaeq, 5 -, VB € B

return {Q; : k€ K}, {{aP :a € Q,} : ke K}

W N =

(9]

The belief update in (6.17) under the BT action S of duration L = |S|+1 is then specialized

as follows: under the observation y = (),

Brrr-1(8)
Y8 Brrr-1(J)

Prir(s) = Ls ¢ S (6.27)

and for y € S as

Prir(s) = 1y = s]. (6.28)
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Since the short-timescale optimization is independent of frame index ¢, we drop the subscript
t for notational simplification. Under such belief updates, it can be shown that the belief
B is expressed as a function Iﬁ%(ﬂo,uk) of the prior belief 5y and the support Uy of 5. This

function is defined as follows

Bo(s)

Puls) = > ieu, Bo(d)

1[s € Uy],Vs € S. (6.29)

For any BT action of length L. > 2 executed in slots k, ..., k+ L —1, since the corresponding
feedback signal is received at the end of slot k£ + L — 1, no support updates occur in slots
k,....,k+ L —1, hence Uy = Uy, V¢ € {k,...,k+ L — 1}. The support is updated at the
start of slot k& + L following the rule U(Uyy1_1, S, y), defined as

. Ui \S, y=10
Uprr = U(Upir-1,8,y) = (6.30)

{S}’ Yy=s.

Given the prior belief 5y, the support Uy is sufficient statistics for the belief 5. Therefore,
we express the value function as a function of the support and the prior belief as follows.
For a given a given prior belief Sy, let Vi, ,(Us) 2 %Vk*(ﬁ(ﬁo,uk)) as the normalized
value function expressed as a function of the support .. Based on the support, the action-
space can also be refined as follows. It can be shown any BT action S ¢ U, and any DT

action Spr &€ Uy are suboptimal. Therefore, by excluding these suboptimal actions from the

action-space, we redefine the BT and DT action-spaces as follows
AprpU) ={ScU: 1< |SIKK—k—1}, Apr(U)=U (6.31)

The value iteration algorithm in (6.22) can thus be specialized to

A,

Vo e(U) = max {(K — k)

maXsz, ey 50(§DT) - (BT) 3 }
: , max Vg (U,S) ¢, 6.32
Zjeu 60 (.]) SEABT,k(u) ok ( ) ( )
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where the first term in (6.32) corresponds to reward if DT is performed and the second term
in (6.32) corresponds to expected value function if BT is performed (maximized over all BT
actions S € Apri(U)). V(BT) (U,S8) is the value function under BT action S € Aprx(U),
defined as

Vﬁ(fg)(ujg) 2E {Vﬁo,kz-i-lg\—i-l(u)luag]

-5 50() Zﬁo (Wansisa (IsH + D Bols)Va spgn U\ S| (6.33)

s€U\S

where the first and second terms in (6.33) correspond to receiving Y = s € Sand Y =0,
respectively. Note that VBO’K(L{) = 0,VU C § trivially since the frame ends at £k = K.
Moreover, for singleton support, no BT action is optimal, yielding ngk(u) =K -k VYU|=
1,Vk € K.

6.2.4 Structural Properties and Value Iteration

This section presents the structural properties for the MDP and provides an optimal
value iteration to solve the MDP. In the following theorem, we prove that the optimal BT
action should scan the most likely BPI according to the belief. This result may not hold for

the POMDP since the uncertainty cannot be completely removed after scanning a beam.

Theorem 6.1. Let By be any prior belief with support Uy C S. Then, in each state U C Uy,

the optimal BT action contains m most likely BPIs from U, given as

A

S[m] = arg chllz?f Zﬁo(s), (6.34)

where m* is selected to mazximize the BT value function, i.e.,

. ~(BT) 7, &
m _argme%%upvﬁoﬁk (U, S[m)), (6.35)

and My(U]) = {1,..., min{|U|—1, K — k — 1}} is the set of feasible number of BPIs. In
other words, the optimal BT action §* = S[m*].
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Proof. The proof is provided in Appendix 8.G. n

The above theorem implies that optimal BT is performed by scanning the m € M (|Uy]|)
most likely BPIs from the support U, based on the prior belief shape [, where the optimal
m is chosen to maximize the BT value function. Therefore, we can restrict the action-space

for a given prior belief shape and support as

A

Apt1(Bo,U) = {S[m] : S[m] =arg max Y f(s),Vm € /\/lk(\L{D} ,

SCU:|S|=m s

Apr(Bo,U) = {§DT : Spr = arg max 50(8)} (6.36)

Based upon the restricted action-space in (6.36), we can simplify the state-space. To this
end, we show that the state for a given prior belief can be represented by a 2D vector in the

following Corollary.

Corollary 6.1. Let 5y be prior belief with prior support Uy = {ug,...,ug + wy — 1} of
cardinality wy, so that Bo(ug) > Po(ug + 1) > -+ > Bo(ug +wo — 1) > 0. Then, under any
BT action BT, S[m] € Ag,x(Us), the support can be expressed as Uy = {uy, ..., up+wp —1},
where w, € Uy is the most likely BPI (ML-BPI) in Uy, and wy, = |[Uy|. After evecuting
S’[m] € Apr(Bo,U) in slots k,...,k+L—1, (u,wy) is updated upon receiving the feedback

Yiir_1 as follows:

(Wpgr—1 +m,up + Wy — Upgp—1 — M), Yiyr—1 =10
(Uk+L, wk+L) = ) (637)
(S*7 1)7 YkJrL*l =s" € S[m]v

where (ug, we) = (ug, wy), V0 € {k,...,k+ L —1}.
Proof. The proof is provided in Appendix &.H. O]

The above corollary implies that (uy,wy) are the sufficient statistics for Uy. Therefore,

the state-space can be reduced to

Z={(u,w):uy <u<uy+wy—liwe{l,up—u+wo}}, (6.38)
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and the action space can be expressed as a function of the simplified state definition, as
Apri(u,w) = {S[m] = {u,...,u+m—1} : m € My(w)}, Aprx(u, w) = {u}

Then, the value function in (6.32) can be expressed as a function of (u,w) instead of U as

‘A/Bmk(u,w) = max{(K k)“f”(lu;() 4 ]éiax w Véfg)(u,w,g[m]),} (6.39)
m BT,k

where

VAED (u, w, 8[m))

1 u+m—1 up+wo—1 R
= ST 6,() [ Z Bo(5)Vaphamer (5, 1)+ D Bo(s )Vﬂo,k+m+1(u+mauo+wo—u—m)]-
s=u-+m

(6.40)

Finally, starting from V, x (i) = 0, VU, the value function can be computed for each k using
backward induction of (6.39).

Both POMDP and MDP-based policies require the prior belief at the start of each frame
to select the first action. Until now, we assumed that an estimate of the mobility model to
compute the prior belief updates (see (6.18)) is available. In the following section, we will

propose an R-VAE-based learning framework to obtain such an estimate.

6.3 Long Timescale: Mobility Learning via Recurrent Variational Autoencoders

In this section, we present the mobility learning module, aiming to learn a mobility model
based on past sequences of observations and actions. Let Ay be a given encoded action
sequence of length T+ 1, generated by following any arbitrary policy m, and og.r be the
corresponding sequence of encoded observations. Note that A; and o; encode all the BT
actions and observations of frame ¢, respectively. Let f(0;|S;, A;) be the known observation
model; Py(so.r) = Boo(so) [Ty pu(si|si—1) be the joint probability of state sequence Sp.r,
where [ is the prior belief over Sy at ¢ = 0 and py(s’|s) is the unknown mobility model

parameterized by . Then, we aim to learn a mobility model p,(s|s), which maximizes the
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marginal likelihood of the observation and action sequences f(og.r, Ao.r|5o.0, ), as stated in

the following optimization problem:

(a)

mgx f(Oo;T7 AO:T|BD,07 lb) = mgx Em [f(OO:Ta AO:T|SO:T; 50,0)]

T
b
(Z) mwax Pw(SO:T) H f(0t|3taAt)f (At | 5070, OO:t—laAO:t—l) )

$0:T t=0

(6.41)
where the expectation in (a) is with respect to the unknown state sequence So.r ~ Py (So.7);
(b) follows from using the following

T

f (OO:T:AO:T | So:T,ﬁo,o) (é) H f (OtaAt | 50:Ta60,0700:t71>A0:t71)

=
=

f (Ot | StyAt) f (At | SO:T,ﬁo,O,OO:t—hAo:t—O

T
T £ 00 | 56 A0) £ (Ae | Boos 001, A1) (6.42)

t=0

where (c) follows from the law of conditional probability; (d) follows from the fact that given
(St, At), oy is independent of (5o, Ao:t—1,00:t—1, So:t—1); (€) follows from the fact that given
(Bo.0s 00:t—1, Aot—1), Ay is independent of so.r since A, is obtained from policy 7, which de-
termines the actions based on history of actions and observations only. Notice that the term
f(A¢ | Boo, 00:4—1, Ag:i—1) is a functional of the policy used and is independent of the mobility
model py(s|s), and can be determined in closed form. However, the marginal likelihood is
intractable in general due to the lack of closed-form. In the latent variable learning litera-
ture, several approximate learning techniques [50], [74] are proposed to overcome this chal-
lenge, where a surrogate metric is used instead of the marginal likelihood. These techniques
include the expectation-maximization (EM)-based algorithms such as the Baum-Welch algo-
rithm [50], and variational techniques such as variational autoencoders [74]. The variational
techniques jointly learn a separate posterior and prior state transition model, whereas the
EM-based techniques perform an alternating optimization of a non-convex variational ob-

jective. Therefore, due to the joint optimization procedure, the variational techniques are
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expected to perform better than the EM-based techniques and will be adopted in this chap-
ter.

The variational autoencoder is one of the most powerful tools to learn latent variable
models [74]. The VAE comprises two coupled but independently parameterized models:
the encoder or inference model and the decoder or generative model. The encoder goal
is to provide the posterior distribution over the latent state variable conditioned on the
observations associated with the latent variable; the decoder measures the representation
quality of the latent state variable produced by the encoder via the observation model and the
prior distribution over the latent variable, thereby forcing the encoder to learn a meaningful
representation of the latent variable from the observations. The R-VAE is an extension
of the VAE for temporally correlated observations, such as the one obtained through the
sampling of POMDP following a policy [49]. For this reason, we choose the R-VAE to learn
the mobility model from noisy observations.

The goal of R-VAE is to learn the SBPI transition probability p(ss;_1) = P(S, =
s¢|Si_1 = 81-1),Vs_1 € S, Vs, € S. However, since S; is not observable if S; # 5, it has to be
inferred based on the history of actions and observations up to frame ¢. Let S, denotes the
SBPI inferred from the action and observation history with its realization denoted by §, € S.
In R-VAE setting, the latent variable S, is inferred by leveraging an encoder, which provides
the posterior transition model g, (3;|3,_1, 0;, A;) = IP’(S} = §t|§t_1, O; = o4, A;), parameterized
by v. The decoder is composed of the prior transition model py(5;|5,—1), parameterized by ¢
and a known observation model f(o;|3;, A;).? The goal of the encoder is of the inferring S; € S
given S’t,l = §;_1, encoded actions A; of the current frame ¢ and their corresponding encoded
observations o;; the decoder provides the prior transition py(8:|5;—1) and measures the likeli-
hood of §; based on the a given observation o; under a given observation model f(o;|5;, A).
Let Py(30.0) 2 Boo(50) 1, p(3:|3,-1) denotes the joint probability of Sp.; based on prior

transition model py, where 3y is prior belief over So. In R-VAE settings, the posterior dis-

21The observation models can also be learned under the R-VAE framework. However, enforcing a known
accurate observation model reduces the dimensionality of the search space leading to better learning. More-
over, it leads to learning a state representation by R-VAE, which can be easily interpreted in light of the
observation model [74]. In this chapter, an accurate observation model is obtained based on the distribution
of the received signal based sectored antenna approximation.
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tribution is approximated by @, (So.7|00., Aor, Bo.0) = Bpost0(S0) TT/=1 @ (5:|51—1, 01, Ay) [49],

where Spost,0 is the posterior belief over S, after observing oy, computed as

f (00|30, Ao)Bo,0(30)
>ses f(00]3, Ag)Bo0(3)

ﬁpost,o (50) -

(6.43)

Then, the encoder and decoder are jointly designed to maximize the evidence lower bound

(ELBO) for a given sequence of observation op.r and Ag.r [74], defined as

ELBO(v, ¥, oo, Aorr) 2 Eg, llog Pw<SO:T)f<00:T7AO:T’SO:Ta60,0)]

Qu(gO:T|OO:T7 Ao.r, 50,0)
(a) ~
< log (Em {f(OO:Ta Ao.r|So.r, 50,0)}) = log (f(oo:r, A0:T|50,0> V)
(6.44)

where (a) follows by using the Jensen’s inequality and the concavity of log(-) function.
Hence, the ELBO metric provides a tractable lower-bound to the log marginal likelihood
log(f(00:1, Ao.r|Poo, 1)) (see (6.41)), which is intractable in general. Therefore, an increase in
the ELBO leads to a monotonic improvement in the marginal likelihood f(oo.r, Ao.7|50.0, %)
For gradient-based learning, the ELBO metric in (6.44) is expressed in more tractable form

as follows:

r i (5lGi o0 A
ELBO(v, 1, 000, o) = Eq, |5 log f(0r] S5, Ay) — log 255t-100 A
t=1 P¢(St|5t—1)

T
+ Zlog f (At ‘ 50,0, 00:¢t—1, AO:tfl) + log f(Oo‘ﬁo,o, A0), (6-45)

t=0

where we have used (6.42). Notice that the last term in (6.45) is equal to log f (00|00, Ao) =
log (X-sc5 f(00]8, Ap)Boo(5)). Since the last two terms in (6.45) are independent of the learn-
able parameters (v,1), we neglect these two terms in the R-VAE’s training and train the

R-VAE based on the following modified ELBO

qy(gt‘gtflaotaAt)
Py (StlSi-1)

—_— T ~
ELBO(v, ¢, 01.7, A1.r) = Eg, Zlog f(o4|Se, Ay) — log (6.46)
t=1
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The overall design of the R-VAE is carried out by the maximization of the ELBO averaged

over N > 1 episodes of form (0.7, Ag.r, T') as follows:

— 1 &N —
max ELBO(v, ¢) = max N > ELBO(v, %, o™ ., A

v Vb 1:7(n)> 1:T(”)) (647)

n=1

We now provide the concrete details of the R-VAE framework.

6.3.1 R-VAE framework

Actions encoding and observation model: We now describe the how the observa-

tions and actions are encoded. For each BPI j € § and for each frame ¢, let {ngl) ey Fij )(t)}
7nj
(t)

be the sequence of SNR measurements collected after execution all BT actions, where n;” is
total number of times BPI j is scanned during all BT actions in frame ¢. Then, the BT ac-

tions of the frame t are encoded as tuple A, = (ngt), . n|(f9)|) containing the number of times

each beam is scanned during all BT actions in the frame ¢, which is a sufficient statistics for

the BT actions. For each frame ¢, the observation is denoted by o, £ (ogt), e 70|(;))’ where
og.t) is the average SNR measurement corresponding BPI j, defined as
U N N
) ® >il1 Ft,i y Ty >1

0, ngt) =0.

If 5, # s, the observation og-t) has the following distribution
F(o) = 0j]8 = 5,0\ = ny) = - (6.49)

where Erlang(:|)) is the probability density function (pdf) of the Erlang distribution with

rate parameter

1

Asi = T SNRpIFAT

(6.50)

147



St Delay peoooooooo oo :
. Py (5¢[81-1)
[0 AS—— ~ S
Ajt ql,('|§t_1,0t,At) g(rt,QU("St—laot,At)) :
Encoder or —b  f(o4|31, Ar)
Af,_i'
e~ f o T Decoder

Figure 6.3. VAE training framework.

where SNR is the target SNR Since {0§~t) }jes are conditionally independent given S; and Ay,

the overall distribution of o; is given as

f <0t = (01, - ,0|3‘)|5’t =5, A, = (ngt), . ,n‘%)'))
— H f(og.t) = 0j|§t = s,n§t) =n;), (6.51)
jeSin;>1

On the other hand if the UE exits the coverage area of the BS, o, = 5 and A; = 0 (since no
BT is performed), we enforce f(o, = §|3; = §,A;) = 1.
Decoder: The decoder (generative model) models the observation distributions f(o;|3;, A;)
and the transition distribution py(5;]8:—1), parametrized by 1. Since neural networks are
universal function approximators and are well suited for gradient-based learning, we choose
Py (5¢|5:-1) to be a feedforward neural network with learnable parameters .
Encoder: Like previous works [49], we choose ¢, (5¢|5;—1, 0t A¢) to be a recurrent neural
network with weights and biases denoted by v. The output of the neural network is produced
by the softmax activation. The encoder models the posterior transition from §;_; to §;
after observing o, corresponding to A;. Note that, if o, = s (the UE has exited the BS’s
coverage), we enforce q,(5; = §|5;_1,0, = §,A;)=1. On the other hand, if 0,#s, we enforce

ql/<§t:§|§t—17 04=S5, At):O,

6.3.2 Optimization Algorithm

The VAE auto-encoder is trained using episodes, each of form ené(oé@(n),Aé@(n),T(")),

where T > 1 denotes the total number of frames associated with the partial episode e,,.
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The calculation of gradient of the ELBO objective in (6.46) with respect to (v,1) is not
tractable since the expectation therein is taken over the latent variables Sp.r ~ Q,, whose
joint distribution depends on v. In the VAE literature, latent variable reparameterization
techniques are proposed to overcome this problem, where a stochastic gradient estimate of
the ELBO [74] is calculated. This is achieved by choosing a random variable R, ~ fr and
a differentialble function g(-, ¢, (-|3_1, 0¢, Ay)) so that g(Ry, ¢, (-|5.—1, 01, Ay)) = S;. Then, ex-
pectation in (6.45) can be taken with respect to R; instead of S,, which enables tractable
estimation of stochastic gradient estimates of the ELBO. We use Gumbel-softmax reparame-
terization technique (proposed in [75] for the non-recurrent VAE) to sample S;. To the best of
our knowledge, this is the first paper to adopt the Gumbel-softmax reparameterization with
R-VAE. The Gumbel-softmax provides a simple yet efficient way to draw samples from any
categorical distribution. We are interested in drawing samples from categorical distribution
qv- To this end, for each t < T', we first draw 7, 2 (r;),c5, where r;; ~ Gumbel(0,1),Vi € S,
where Gumbel(0, 1) is standard Gumbel’s distribution. Given (5;_1, 0¢, A;) and 7y, the next

S is generated as

A

5¢ = arg meagx [Tt,i + log ql/(gt = ﬂgtfla O¢, At)] 9(7’:5, QI/<'|§t717 O¢, At))y (652)

However, arg max in (6.52) is not differentiable, thereby making it unsuitable for gradient-
based learning. Similar to [75], we adopt a hybrid strategy, where for forward-propagation,
we generate §; based on (6.52) and for gradient calcuation via back-propagation, we use a
differentiable approximation of (6.52) through the softmax function.

The overall training of R-VAE is shown in Fig. 6.3. The algorithm to train the VAE is
given in Algorithm 5. It takes as input the encoder g, and transition model p, and batch

of episodes & = {en = (oé?%(n),Aé?%(n),Tn) n=1,2,..., |5\}; the algorithm returns the
encoder and transition model trained on the batch £. For each partial episode e, € £, Ny
trajectories of 5).,m)_; are generated. Final gradient estimate is obtained by averaging over
|€| episodes and Ny, trajectories of 5y, for each episodes. For each episode e,, and each

trajectory £, in lines 4, the §, is generated based on posterior belief over §,. Then, §; is

sequentially generated in lines 6-7 by drawing r;; ~ Gumbel(0, 1)Vi € S: in line 7 in line 6,
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Algorithm 5: train-vae

input :q,, py, € = {( OT(")’AOT(")’T ):in= 1,2,...,|5|}
1 for each episode e, € £ do

2 compute [y using (0(()”), A(()n))

3 for { =1,..., Ny, do

4 Sample 55" ~ Boost.o

5 fort=1,2,...,T do

6 Sample i.i.d r = (1) es ~ Gumbel(0, 1)

7 Generate one hot representation of .§§n) as .§( "= = g(re, g (- |st 15 og ), Ai")))

_ ()0 A o, WO 150" A)

8 Zn,0t (V) = log f(o;[5;, Ay™) — log oG

o | | ELBO.«(r#) = XI5 znee(vi¥)
10 compute sample gradient VVWELBOM(V, 1) by back-propagation through

time

11 Compute batch gradient g(v, 1)) = Zlgl ZN“g V”bELBOM( v, 1)

) |E| Nerg
12 (v, 9) < (v,9) +18(v,¥)
13 return gq,,py,

N

followed by using (6.52) in 7. In line 8, we compute the partial ELBO for n'® partial episode,
(" trajectory and t*™ frame; in line 9, we compute the ELBO for n'* partial episode and
(*" trajectory; in line 10, the gradient is calculated by using back propagation through time
(BPTT) for each e, and ¢. After traversing through each episode e € £ and Ny, trajectories
for each partial episode, in line 11, the expected gradient estimate is obtained by averaging
over all partial episodes e € £ and NV, trajectories for each episode. Finally, the stochastic
gradient ascent with step-size +, is performed in line 12.

We can use the learned mobility model to perform the prior belief updates as follows.
Let (v*,1*) denote the parameters of the encoder and decoder, respectively, after the ELBO

has converged. Then, the prior belief is computed as follows:

Be1,0( Z Py (5]5) Br ik (5), (6.53)

seS

where f; i (s) is the posterior belief at the end of the frame t.
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Table 6.1. Simulation parameters.

Parameter Symbol Value
Number of BS antennas My 128 = (16 x 8)
Number of UE antennas Mr(,{) 32=(8x4)
Number of BS beam IC] 32

Number of UE beams | F| 16

Slot duration Tiiot 400us
Frame duration K 50 [slots]
Distance of BS to Rd center D 22m

Lane separation Alane 3.7m

BS height hps 10m
Bandwidth Whot 100MHz
Carrier frequency f 30GHz
Noise psd No —174dBm/Hz
Noise figure F 10dB
Sidelobe/mainlobe SNR ratio | p -10dB
Fraction of DT slot for

channel estimation K 0.01

UE average speed e 30m/s

UE speed st. dev. oy 10

UE mobility memory param. | y 0.2

UE lane change prob. q1—2 = q2—1 | 0.01

6.4 Numerical Results

In this section, we present the numerical results illustrating the performance of the two
proposed policies, namely PBVI policy and MDP-based policy. The simulation setup is

described as follows.

6.4.1 Simulation Setup

We consider 2D mobility for a two-lane straight highway, similar to the one depicted in
Fig. 6.1. The two-lane are separated by 3.7m. The UE changes the lanes with probability
¢i—; = 0.01. The UE position along y-axis (along the direction of the road) evolves according
to a Gauss-Markov mobility process. The speed V), and position X, ; of the UE along the

road (y-axis) evolves as follows

Vi= Vi1 + (1 =) + 00T =72V,
Xy,t = Xy,tfl + Tframe‘/;‘,fla

(6.54)
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where, unless otherwise stated, p, = 30m/s is the average speed; o, = 10m/s is the standard
deviation of speed; v = 0.2 is the memory parameter; V,_; ~ N(0,1), i.i.d. over slots.

The BS and UE use uniform planar arrays with analog 3D beamforming using codebooks
C and F, respectively with |C|= 32 and |F|= 16.

The encoder g, and decoder p, are both neural networks. In particular, the encoder is a
recurrent neural network with one fully-connected hidden layer having 100 units, each with
the relu (max(0, x)) activation function. A softmax layer produces the encoder’s output with
|S| output units. Similarly, the decoder is a fully-connected feed-forward neural network with
two hidden layers, each with 100 units and relu activation. Similar to the encoder, a softmax
layer produces the output of the decoder with |S| output units. We use the KL divergence
between the ground truth mobility model p*(s’|s) (learned via error-free feedback) and the
learned mobility model p(s'|s) to measure the accuracy of the learned model. In particular,

we use KL divergence averaged over current SBPI s, defined as

p*(s']s)
KL(p"[p) £ p*(s']s) log === (6.55)

ZZ AT
We compare the two proposed policies (PBVI and MDP-based policies) with an exhaustive
search restricted to SBPIs (EXOS) [16]. We evaluate the performance of the policies through
the average spectral efficiency T77, [bp/s]. Using Little’s law, the average spectral under a
policy 7 is expressed as a function of the average number of bits successfully delivered to

the UE B’Tt and the average duration of UE stay in the BS coverage Dtot[ | as

YIS
T o Btot

™

T == 6.56
ot DtotWtot ( )

The Dy is independent of policy and is a function of the ground truth mobility model p*.

BT is expressed as

Bﬂ-t = E ZT'fr St St 7& S ‘BOO - ﬁlmt‘| WtotTframe7 (657)
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Figure 6.4. The training progress of R-VAE; SNR = 20dB, p = —10dB.

where expectation is with respect to the ground truth mobility model p*(s’|s) and B (s) =
1[s = sinit) 18 a given prior belief at the start of frame ¢; s;,; is initial state at ¢ = 0. For the

simulations, we use the system parameters values given in Table 6.1 unless stated otherwise.
6.4.2 Performance Evaluation

In Fig. 6.4, we show the training progress of R-VAE in terms of the average ELBO,
accuracy of the learned mobility model in terms of average KL divergence KL(p*||p) between
the ground truth mobility model p*(s’|s) and the learned p(s'|s). We measure the overall
performance via the average spectral efficiency 7™ and average BT overhead (percentage of
frame duration used for BT). We compare the accuracy of the mobility model learned using
the R-VAE with the accuracy of the mobility models learned using the naive approach (see
(6.8)) and the Baum-Welch algorithm. The actions and observations are obtained following
the PBVI-based policy (Algorithm 4). It can be seen that as training of R-VAE progresses,
the ELBO increases and KL(p*||p) decreases simultaneously, indicating an improvement in
the accuracy of the learned mobility model. Moreover, as the KL(p*||p) decreases, the
average spectral efficiency achieved under R-VAE increases and the BT overhead reduces.
The Baum-Welch and the naive approach converge faster than the R-VAE. However, despite
a more gradual initial decline in KL(p*||) of the R-VAE compared to that of the other two

techniques, the R-VAE outperforms the other two techniques after the convergence. For
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Figure 6.5. Average spectral efficiency versus SNR; p = —10dB. Solid lines
correspond to the sectored antenna and Markovian mobility; markers corre-
spond to the simulation with the 3D analog beam-forming and the 2D Gauss-
Markov mobility.

instance, we can see that the R-VAE offers 92% and 86% reduction in KL(p*||p) compared
to the naive approach and the Baul-Welch algorithm, respectively. The improved accuracy
of mobility learning by R-VAE translates to spectral efficiency gain and reduction of the
BT overhead, as depicted in the figure. In particular, after the convergence, the R-VAE
outperforms the Baum-Welch algorithm and the naive approach with a spectral efficiency
gain of 8% and 12.6%, respectively. Similarly, after convergence, the R-VAE yields 43% and
60% reduced BT overhead compared to the Baum-Welch algorithm and the naive approach,
respectively. However, before the ELBO converges, the Baum-Welch performs the best,
followed by the naive approach. So, to achieve the best performance, we propose a hybrid
approach, where before the convergence of the ELBO for the R-VAE, Baum-Welch is used,
and the R-VAE is used after the ELBO has converged. Such a scheme is possible due to the
decoupling of policy design and mobility learning via the dual timescale approach. Because
of such a design, we can train multiple mobility models simultaneously and use prior belief

based on any one of the mobility models. The performance of the hybrid scheme is shown
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Figure 6.6. Average spectral efficiency versus p.

in the figure with the markers, where we depict its fastest convergence as well as its best
performance among all schemes.

In Fig. 6.5, the spectral efficiency of the proposed policies is depicted. We also show
a spectral efficiency upper-bound, attained by a gene-aided policy using the error-free BT
feedback and the ground-truth mobility model. Note that this upper-bound is not attain-
able in practice because the feedback is erroneous due to noise and beam imperfections.
The solid lines represent the performance using the analytical model based on the sector
antenna gain and Markovian approximation of the non-Markovian Gauss-Markov mobility
of UE. The markers represent the performance evaluated using Monte-Carlo simulation with
the analog beamforming, and the non-Markovian Gauss-Markov mobility of the UE, where
each simulated point is obtained by the sample mean of 10° episodes. It can be seen that
both the analytical and simulated spectral efficiency values match, thereby verifying the ac-
curacy of the sectored antenna-based gain approximation and the Markovian approximation
of the Gauss-Markov mobility. For both PBVI and MDP-based policies, the R-VAE pro-
vides performance very close to the ground-truth mobility model. It can be observed that

the PBVI policy coupled with R-VAE yields the best performance very close to gene-aided
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Figure 6.7. Throughput vs the mean speed p,; SNR = 20dB, p = —10dB.

upper-bound. The PBVI policy outperforms the MDP-based policy (coupled with the R-
VAE) and EXOS policy, with spectral efficiency gains of up to 16% and 46%, respectively.
This is attributed to the enhanced robustness of the PBVI policy, incorporated via the BT
feedback distribution. On the other hand, the MDP-based policy shows a spectral efficiency
gain of 37% over the EXOS policy. This performance gain is because the MDP-based policy
can reduce the BT overhead by adaptively scanning a few most likely beam pairs based on
each frame’s prior belief and feedback.

In Fig. 6.6, we depict the behavior of spectral efficiency as the aligned SNR-to-misaligned
SNR ratio p is varied. It can be noticed that the performance of the three policies degrades as
p increases since the errors in feedback become more frequent at higher p. Notably, the PBVI
policy’s performance degrades the least by an increase in p, whereas the EXOS’s performance
degrades the most by an increase in p. Moreover, at lower values of p, the MDP-based policy
performs very close to the PBVI policy. Furthermore, the total optimization and execution
time of MDP-based policy is 4.7 times smaller than the PBVI policy. Therefore, the MDP-
based policy offers a low-complexity alternative for the PBVI, having negligible performance

degradation when p is small.
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In Fig. 6.7, we depict the average total data delivered to the UE successfully as a function
of mean speed pu,. The total data delivered follows a monotonically decreasing trend with
the mean speed p,,. This trend is attributed to the shorter average episode duration at the
higher speed and the exacerbated overhead of beam-training since SBPI prediction become
less and less accurate at higher speeds. As observed before, the PBVI policy outperforms

the MDP-based policy, and MDP policy outperforms the EXOS policy.
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7. CONCLUSION

Millimeter wave communications use large antenna arrays with narrow beams to overcome
the huge frequency-dependent path loss. However, the use of large antenna arrays with
beamforming demands precise beam-alignment between transmitter and receiver, and may
entail huge overhead, especially in highly mobile environments. This thesis addresses the
challenges in the design of beam-alignment and data transmission by proposing various
schemes that exploit different timescales.

In Chapter 2, we have designed an optimal interactive beam-alignment scheme, with
the goal of minimizing power consumption under a rate constraint. For the case of per-
fect detection and uniform prior on AoD/AoA, we proved that the optimal beam-alignment
protocol has fixed beam-alignment duration, and that a decoupled fractional search method
is optimal. Inspired by this scheme, we have proposed a heuristic policy for the case of a
non-uniform prior, and showed that the uniform prior is the worst-case scenario. Further-
more, we have investigated the impact of beam-alignment errors on the average throughput
and power consumption. The numerical results depicted the superior performance of our
proposed scheme, with up to 4dB, 7.5dB, and 14dB gain compared to a state-of-the-art
bisection search, conventional exhaustive search and interactive exhaustive search policies,
respectively, and robustness against multi-cluster channels.

In Chapter 3, we have designed a coded energy-efficient beam-alignment. The scheme
minimizes power consumption and uses an error correction code to recover from detection
errors introduced during beam-alignment. We compare our proposed scheme with energy-
efficient uncoded beam-alignment and exhaustive search, demonstrating its superior perfor-
mance.

In Chapter 4, we have formulated the beam-alignment problem as a Bayesian multiarm
bandits problem. For the optimal control design, we have identified a simplified sufficient
statistic referred to as the preference of beam pairs. Based on the preference and bounding
of the value function, we have proposed a heuristic policy, which selects the beam pair with

the second best-preference to scan. We have shown numerically that the proposed scheme
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outperforms the first-best, linear Thompson samping, and upper confidence bound based
beam-alignment schemes proposed in the literature.

In Chapter 5, we have investigated the design of beam-training/data-transmission/handover
strategies for mm-wave vehicular networks. The mobility and blockage dynamics have been
leveraged to obtain the approximately optimal policy via a partially observable Markov
decision process (POMDP) formulation and its solution via a point-based value iteration
(PBVI) algorithm based on PERSEUS [8]. Moreover, we have proposed two heuristic poli-
cies, namely adaptive heuristic (A-HEU) and belief-based heuristic (B-HEU), which provide
low computational alternatives to PBVI and exhibit performance comparable to the optimal
policy obtained via PBVI. We have also compared the performance of the proposed policies
to a baseline algorithm with periodic beam training. Our numerical results demonstrate
the importance of an adaptive design to tackle the highly dynamic environments caused by
mobility and blockages in vehicular networks. This is demonstrated by the superiority of the
PERSEUS-based and heuristic schemes compared to a baseline scheme with periodic beam
training (up to 2Xx improvement in spectral efficiency). Additionally, our results depict a
complexity-performance tradeoff: while the PERSEUS-based policy achieves near-optimal
performance, the heuristic schemes A-HEU and B-HEU achieve a small performance degra-
dation (~ 10%), at a fraction of the computational cost of PERSEUS-based.

In Chapter 6, we have proposed a dual timescale approach, which exploits mobility
dynamics to mitigate the beam-training overhead. We have developed a POMDP framework
for the short-timescale to design an approximately optimal policy. We have also designed
a recurrent variational autoencoder-based mobility learning framework, which uses noisy
observations collected under the policy to learn the Markovian dynamics of the UE mobility.
Our performance evaluation have demonstrated that the proposed policy, coupled with the
mobility learning framework, yields approximately optimal performance, showing spectral
efficiency gain of up to 46%, compared to an exhaustive search variant. We have also
demonstrated the superior learning performance of the mobility learning framework, yielding
spectral efficiency gains of 8% and 12.6%, compared to the Baum-Welch algorithm and a

naive mobility learning approach.
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8. APPENDICES

8.A Proof of Lemma 2.1

Proof. We need the following lemma.

Lemma 8.1. Given fi,ay, C, the belief fri1 is computed as

_ x50 ¢ (g keI, Cp = ACK
J"kak(g)dgfk( >’ sy 'k )
fr41(0) = %h(g), ke T, C, = NACK, (8.1)
By,
1x(0), k € I,,C, = NULL.

Proof. We denote AoD/AoA random variables pair by ® £ (©,,0,) and its realization by
0 = (0,,0,). First note that for 0 <k < N — 1, we have

fen(8) = f(© = 8]a",C*, Gy = )
@  P(C, = | AF,CF1.© = 0)f(© = 8|a*, C*)
T T P(Cy = | AR, CF1, 0 = ) f(© = Bak, CF1)d0
®  P(Cr = crlar, ©® = 0) f(0)
T P(Cy, = cilag, © = 0) f(6)d6

(8.2)

where we have used Bayes’ rule in step (a); (b) is obtained by using the fact that, given
O = 0, C}, is a deterministic function of (a;, ) , independent of a*~!, C*¥~1; additionally, we
used the fact that fx(0) = f(© = 8|a*, C*~1) since O is independent of a;, given (a;_1, C*!)
. Now consider the case k € Z, i.e., & = 1 and Cy, = ACK. Then, we can use (8.2) to get

P(Cy = ACK|By, Be i, & = 1,0 = 0) £1.(0)

PO = 7 B(C = ACK[Bus Buss s — 1,0 = 0)£1(0)d0
x5, (0)
= = (6 '
I Y

where By, = B;, x B,. Similarly, for k € Z, and Cy, = NACK, (8.2) can be used to get

1w
1 — [5, fr(0)d0

fr11(0) f1(0). (8.4)
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For k € Z,, P(Cy, = NULL|B k, By, & = 0,© = 0) = 1. Therefore, we use (8.2) to get

fer1(0) = [i(0). (8.5)

Thus we have proved the Lemma. O

We prove the lemma by induction. The hypothesis holds trivially for £ = 0. Let us
assume that it holds in slot £ > 0, we show that it holds in slot £ + 1 as well. First, let
us consider the case when k € Z; and Cy, = ACK. By using (8.1) along with the induction
hypothesis, we get

fo(9) =Xt (6)- (8.6)

fieO) = e (0)1o(6)d0

By substituting Uy, = Ui N By, we get (2.31).
Next, we focus on the case when k € Z; and Cy, = NACK. In this case, (8.1) yields
fo(6)

1 Qt,Hr - =~ =~ = 1\ B 9 y .
it (B, ) 1™ s, (0)fo(6)d0 e () (87)

where we used the fact that x_r-24(z) = 1 — xa(z). By observing that U1 = U \ By,
we get the expression for fz11(0), as given in (2.31).

Finally, for k € Z,, (8.1) yields fr+1(60) = fx(0). Therefore, from the induction hypothesis
it follows that fr,1(0) is given by (2.31) with U1 = Uy. Hence, the lemma is proved. [

8.B Supplementary Lemma 8.2

Lemma 8.2. The optimal 2D beam satisfies

Bk C Uk,Vk‘ €1
(8.8)

B C le,Vk € ly.

Proof. We prove this lemma by contradiction. First, we consider the beam-alignment action

a, = (1,B,0) such that B, \ Uy # 0, i.e., By has non-empty support outside of Uy. Let
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a, = (1, Bk, 0) be new beam-alignment action such that Bk =U,NDBy, ie., B, is constructed

by restricting By, within the belief support Uy. Using (2.37) , we get

Vk(ak;uk, Dk) :gbs |Bk| + ]P)(Ok = ACK|Z/[}C7 Bk)Vk*+1(uk N Bk, Dk)
+ P(Cr = NACK|Uy, Bi) Vi (Ui \ Br, Dy). (8.9)

Using the fact that By = Uy, N By, hence U, \ By = Z/{k\l’;’k, it follows that P(Cy = c|Uy, By) =
P(Cy = c|Uy, By), Ve € {ACK,NACK}. Therefore, we rewrite (8.9) as

Vie(ag; Us, Dy,) = b5

Bk’ + s Uy \ Byl
—+ P(Ck = ACKV/{k, Bk)vk*Jrl (Bk, Dk) -+ P(Ck = NACKV/{k, Bk)Vk*H (Z/{k \ [;)k, Dk)
> Vk(ék,uk, Dk), (810)

where we have used |Uy \ Bx| > 0. Thus a; is suboptimal, implying that optimal beam-
alignment beam satisfy B, C U,. Now, let B, = Uy, and consider a new action with beam
B, = . Using a similar approach, it can be shown that Bj, = U, is suboptimal with respect
to Z’S’k, hence we must have By, C U;,.

To prove the lemma for & € Z,, consider the action a;, = (0, By, Ry,) such that By, \ Uy # ().
Now consider a new action a; = (0, By, R;) such that B, = B, NUy. It can be observed that
P(0 € By|Uy) = P(0 € Bi|U),). The cost-to-function for the action ay is given as

~ R N
Vk(ak;b{k, Dk) = = wd( k) |Bk| + Vk*+1(l/{k, D, — TRk)
F’Y ( 9€Bk\uk)’ )
R - N
> ValFe) Bi| + Vi (U, Dy — TRy,)

W_ ( eesk\uk)| )
= Vi(ay; Uy, D),

hence we must have By, C U,. The lemma is thus proved. ]
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8.C Proof of Theorem 2.1

Proof. For a data communication action a;€Ae (U, D), the state transition is independent
of By, since Uy 1=Uy and Dy, 1=Dy—R;T. Hence, the optimal beam given R} is obtained by
minimizing c(ay; U, D) in (2.36), yielding

c(ag; Uy, Dy) = & Ya(Rr) = ’Fi’uk
F’Y ( |Br| ol )
®) 1
> Ya(By) (1 — €) [Un| ——=—— (8.11)
S o))
where (a) follows from P(BEBka,ak):'u—l‘, with ¢=(1—¢) ‘lg’“|‘<1 to enforce the e-outage

constraint; (b) follows by maximizing qF,y Y(q|%) over g€[l1—¢,1]. Equality holds in (b) if
|Bi| =0 [Uy|, with 9=(1—¢)/q¢* and ¢* as in the statement. The theorem is thus proved. [

8.D Proof of Theorem 2.4

Proof. Note that, if this policy satisfies By=B; x B, x CU, = supp(fi), along with the ap-
propriate fractional values |Bg| /|Uyx|, then it is optimal since it satisfies all the conditions of
Theorems 2.1 and 2.3. We now verify these conditions. Since By C U, and B, C U, , it
is sufficient to prove that U; , X Uy, = Uy, Vk. Indeed, Uy = Uy o X Uy . By induction, assume
that Uy = Uy X Uy . Then, for §;, = 1 (a similar result holds for §; = 2), using (2.32) we
get

(Z/[mk N Bt,k) X uhk” if Ok = ACK,
Uiy = (8.12)

(Ut,k \ Bt,k’) X L{r,k, if Ck = NACK.

By letting Z/{r’kE rk—15 Z/{t,kEuth_lﬂBth_l if Ck:ACK and ut7kEut7k_1\Bt,k_1 if Ck:NACK,
we obtain Up=U; ; xU, ;. This policy is then optimal. Finally, (2.65) is obtained by using
the relation between power consumption and value function. Thus, we have proved the

theorem. O
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8.E Proof of Theorem 2.6

Proof. We prove it by induction using the DP updates. Let Ty (U, ex,) be the throughput-to-go
function from state (U, ex) in slot k < L*. We prove by induction that

Tk(uk, €k> :(1 — ek)(l — E)Rmin

L -1
H [(1 - Pk) (1 - pfa) + Pk(l - pmd)] . (813)
j=k
Then, (2.77) follows from T,.=Ty(Up,0). The induction hypothesis holds at k=L*, since
Tr-(Up-,er+) = (1—ep+)(1—€)Rupn, see (2.76). Now, assume it holds for some k+1 < L*.
Using the transition probabilities from state (U, 1) and the induction hypothesis, we obtain

T(Uy, 1) = 0. Instead, from state (U, 0) we obtain

T3 (U, 0) = pi(1 — pma) Tis1(Br, 0)
+ (1 = pr) (1 = pra) Tis1 (U, \ By, 0)

= 1_6 mln]:[{ ]-_pk ]-_pfa)—l—pk(]-_pmd)})

which readily follows by applying the induction hypothesis. The induction step is thus
proved.

Let Ej(Us, ex) be the energy-to-go from state (U, ex) in slot k<L*. We prove that
Ep(Up,er) = [0 +h 1—en)| U 8.14
k(U ex) = o7+ b+ (1 — ex) | U] (8.14)

Then, (2.77) follows from P.., = %EO(L{O,O), and by noticing that v§""” /Ty is the power
consumption in the error-free case, given in Theorem 2.4. The induction hypothesis holds

at k=L*, since Ep-(Up-,ep+)=(N — L*)¢q (%, e) U] = 035 + b+ ug-(1—ep-), with
(L

Vps ") given by (2.58), hp« = up = 0, see (2.76). Now, assume it holds for some k + 1 < L*.
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Using the transition probabilities from state (Uy, e ), the induction hypothesis, and the fact
that |Bi| = pr [Uy| and [Uy \ Be| = (1 — px) [Uk|, we obtain

Ey(Uy, 1) = ¢spr [Us| + pra i1 (Br, 1) + (1 — pra) g1 (U, \ B, 1)

:{¢spk+ (Uz(j_*l)‘i‘hk—l-l) [Praprt+(1 — pra) (1 — ,Ok)]} Uil :

Ep(Uy, 0) =d.pi |Ui| + pr(1 — pma) Eri1(Bk, 0) + (1 — pr) prabops1 (B, 1)

+ (1= pr) (1 = pra) Ex1 Uy, \ B, 0) + prpma B (U \ Br, 1)

:{Qbspk + (Ul(ci-*l) + hk—H + Uk:—H) [pi(l - pmd) + (1 - pk)z (1 - pfa)}
+ (Ul(cﬁ-*l)—'—hk-l-l) o (1 — pr) (pfa+pmd)} U] -

The induction step Ej(Us,er) = U,E;L*) + h + ug(l — eg)) |Ux| can be finally proved by
1
2

expressing U](CL*) = gx(pr) and py, = 4@‘5’72*) using (2.62), and using (2.79)-(2.80). O
k+1

8.F Proof of Theorem 4.1
Proof. We prove the theorem using induction. Notice that from the definition of Q-function
(4.18) and the optimal value function expression (4.19) for k = L , we get

e ] emaxd m/[dlmvas:y]

(y|m, as)dy,

QL—l(ma aS) - 0 ZZEI e [l|m,as,y] f

where we have defined the preference update (4.15) as
m/[zlm, a5, y] = mlz] + J(y)dlas, z].

Moreover, using (4.14) and (4.11) we note that

Z e llmyas,y] Z em[lHJ(y)‘s[“S’l]:eyf(y|m,as)z el (8.15)

lex leT leT
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This yields

emasa mlal+J()dlas.al v gy

1
ez eml /0
a4 7[”5((18; m) (816)

where (b) follows by evaluating the integral in (a) for the two cases in (4.22), and noting that
it is given by £(as; m). Using Lemma 8.3 and (8.16)(b), the optimal value function becomes

1

B > ez emll

m[z[Q]]—um[z[l]]

Vi (m) emlel 4 h(v)e ™

Thus, the theorem statement holds for k=L — 1 with equality. Assume it holds for k+1.

Using Lemma 8.3, we can bound

max &(&; m'[n|m, as, y]) > exp{max m/[a|m,as, y]}

; / /
H““mi;émj m'[z;|m,as,yl—vm'[z;|m,as,y]

+h(v)e v

Using (4.18), the induction hypothesis (4.25) for k41 and the above bound, we obtain

ka(ma as)

s ! /
min m/[z;|m,as,y]—vm’ [z |m,as,y]

Vs 7:17£r]
—Jo ZlGI @m/[llmvas#/] ZlEI em/[llmvasﬂ}
1—[g(v)]" " }
x h(v flylm,as) dy. 8.17
) 2 . (8.17)

Moreover, we note that

min m'[z;|m, as, y] — vm/[z;|m, as, Y]
T, FT;

> min [m[x;]—vmz;]]+ min J(y){d]as, ;] —vd[as, x;]}

T AT T AT
= min [l — vl + min{ (o), () (3.18)
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By substituting (8.18) and (8.15) into (8.17), yields

ST

gk (m, as) 1 [/ooemaxd m[&]+J(y)5[as,@]e,ydy
0
leZ

minmi#zj m[a:i]fum[xj] O min{J(y),—vJ(y)}

+e 1-v / e v e Vdy
0

< h(v) =l (”)]L_H]. (8.19)

1—g(v)

The first integral in (8.19) is equal to (as; m) and the second integral is found to be equal

to

°© min{J().—viw} _, nv 1 Inv
e 1—v [ dy fry 61—1/
0

Upon substituting these integrals into (8.19) yields the following lower-bound to the Q-

function,

minwi #wjm[zb] —vm [zJ]

v)—|g(v L—-k

Slagm)be T h(y) Ll

Qk<m7 G/S)Z Z em[l] 9
leT

which proves the induction step (4.20), and whose maximization (see Lemma 8.3) yields
(4.25).
Similarly, using the induction hypothesis (4.26) for £+ 1 and the upper-bound

max &(a; m/[m, ag,y]) < (1 + h(v) exp{max m'[alm.a, .
we obtain the following upper-bound to the Q-function,

qk(m7 CLS)S

L—k-1
[14+h(v)] ; /emaxam[d]JrJ(y)é[aSvd]e*ydy_
e e™ 0

The integral above is equal to &(ag;m), which proves the induction step (4.21), hence

() [Q+h@) 5L
Vi(m)= max ax(m, as)ﬁm 1('—22%(5(%7 m). (8.20)
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Noting that max,, {(as;m) = {(xz; m) (see Lemma 8.3), and upon substitution in (8.20)

yields (4.26). O
Lemma 8.3. We have that argmax, ez §(as; m) = g and

m[:cp]]fum[z[l]]
max & (as; m)=e"Pul pp(v)e = (8.21)
as€

Proof. To show that argmax,,ez&(as;m) = xj9, we proceed as follows. Clearly, if a5 €

{wp23), - ., 2z}, then maxg,, mla]—mlas] = m[zp]—mlas] > 0 > In(v), hence

m[as]—l/m[.’z[l]]

E(ag;m)=emFl L (v)e T

maximized at as=xy. Therefore, we restrict as € {xp], 1y} without loss in performance.
Next, we show that &(zp;m) > &(zp;m). Let AZmlzp]—mlzy). If A>—Inv, then

E(zp;m) = el and €(x;m) > £(zp);m). Otherwise,

——h(v) = u(Av).

Note that u(A, v) is decreasing in A€(0, — Inv],Vre(0, 1), minimized at A= —Inv, yielding,

after algebraic steps,

h(v
§(wy; m)—E(apy; m)ocu(A, v) > _1+(1n)yl
e 1-v _

> 0.

In both cases, max,, {(as) = £(x[z). Upon substitution of a; = xpy in (4.22), yields (8.21).
[l
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8.G Proof of Theorem 6.1

Proof. We will prove the theorem using induction. It can be easily verified that BT is
suboptimal for k € {K — 1, K — 2} with the optimal value function given under DT action,

given as

maXgp,rei 50(§DT)

Zjeu 50(])

Vi) = (K — k) Vke{K-1,K—-2,UCS (8.22)

For k = K — 3, |S|> 2 is suboptimal since the VBBT) ,U,S) = 0,¥|S|> 2. The BT value

function under the only feasible BT action S = {3} is given as

A 1
Vﬂ(f};)_g(% {s}) = S Bli) Bo(8) + o max Bo(SpT) (8.23)
M
YieuBold) (8.24)

with equality if § = argmaxgey [o(s), i.e., S* = SW. Let the induction hypothesis hold
forall k € {K —1,K —2,... ko + 1}, then we will show that it holds for ky > 0. To this
end, we will use a contradiction argument. Without loss of generality, let m € M, (|U])
be a constant and let I be ordered as U = {s1, 52, ..., 5}, so that Sy(s1) > Bo(smg1) >
Bo(Smt2) = -+ > Po(su) and Bo(s2), .., Bo(sm) can follow any arbitrary order. Consider
two BT actions Sy = {s1,52,83,...,8m} CU and S, = {52,583, -+, Sm, Sm+1} C U. Note that
S, is obtained by replacing the least likely BPI in S (Sm41) with the most likely beam in
U\ Si(s1). Let 6y 2 K — ko be the number of remaining slots in the frame. Then, the BT

value function under the BT action S is given as

VP WU, So)
— # Zﬁo 31 50 — ) + max{(50 - m — 1)50(3m+1>7

]eu 60( )
m+4m/

max (bo—m—m'—=2) > Bo(s;) +

m/€EMpq+m+1({U|—m) i=m+1

&l

Z 50(&')

i=m+m/+1

a—

(8.25)
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where we have used the induction hypothesis for k = kg + m + 1 and value function update
(6.32) and (6.33) and U[m'] & {m +m' + 1,...,|U|} is support after performing the next
BT round with BPI &, (m] = {Sm+1,- - Smam  and under Y = ). Under action 5’1, the BT

value function is given as
VP WU, 8)

= eulﬁo( ) [mz Bo(si)(6g —m — 1) + max{(50 —m —1)Bo(s1),

m+m’ |Z/I|
max (50 m—m/=2) | Bo(s1)+ > Bolsi) |+ D Bols D1/ r— +2(u[m/DH )
m/€E Mg +mi1([U|—m i=m42 i=m+m/+1

(8.26)

where we have used the induction hypothesis for k = kg +m+ 1, where the BPIs in &;[m/] =

{81, Sm12, -+ Smim } are scanned in the next action if BT is selected. Using the above two

BT value functions, we get

Vack U, So) = V2 (U, 8y)

m+m’
o maxy 0, max )(6o—m—m'—2)—(m'+1 Sim,
{0 s g 2 Pl o= )= (m'+1)o(5m41)
u )
!
+ 0 ) a2 Um) |
i=m+m’+1
m+m’
— max+ 0, max )(6g—m—m'—2)—(m/+1 S
{ " ! € Mg st (U]~ m)z%f‘) o J=(m+1)bls1)
4 )
!
F % ) a2}
i=m+m’+1

>0, (8.27)
since Bo(s1) > Bo(Sm1). Therefore, the BT value function improves by using S, instead of
S, ie., BT value function improves by replacing the least likely BPI from S with most-
likely BPI from remaining beam indices, U \ S Therefore, we can use the same argument

recursively to improve the value function by replacing least likely BPI in any BT BPI set S
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until no BPI is more-likely in U \ S than any BPI in S. Finally, the optimal m can be found
by solving

. S (BT) 8
m —argmerjl\q/letﬁm) 5ok (U, S[m]) (8.28)

8.H Proof of Corollary 6.1

Proof. We prove the Corollary by induction. The statement of Corollary holds for £ = 0 by
definition of U,. Let the statement hold for £ > 0; then we will show that statement holds
for k + L. Since the statement holds for k + L — 1, the support is either Uy 1 = {upsrr—1}
or Uy, = {ugir_1,-..,ug+wo—1} with ug 1 < ug+wo—1. In the case Uy 1 = {upsrr_1}
(singleton support), no BT action is feasible. In the second case, if (non-singleton Uy 1),
let S [m] € Agy x(Uk+r—1) be any BT action selected. Then, the support is updated following
(6.30), yielding

{whrrr+m, .. ug+wy—1}, Y =10
Upir = (8.29)

{s*}, Y, = 5* € Si[m]

By letting upyr = ugir—1 +m and wiir = ug + wo — upyp if Y = 0 and upp = s* and

wryp =1if Y, =s" € S [m], we have shown the statement to hold for k + L. O
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