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Abstract

The growing adoption of millimeter wave (mmWave) turns efficient beamforming and beam
management procedures into key enablers for 5th Generation (5G) and Beyond 5G (B5G)
mobile networks. Recent research has sought to optimize beam management in modern
Radio Access Network (RAN) architectures, where open, virtualized, disaggregated and
multi-vendor environments are considered, and management platforms allow the use of
Artificial Intelligence (AI) and Machine Learning (ML)-based solutions. Moreover, beam
management represents some fundamental use cases defined by Open RAN Alliance (O-
RAN). This work analyses beam management strategies in Open RAN and proposes so-
lutions for codebook-based mmWave systems inspired by two use cases from O-RAN: the
Grid of Beams (GoB) Optimization and the AI/ML-assisted Beam Selection.

For the GoB Optimization use case, a scenario subject to constraints on the use of
the full GoB due to overhead during beam selection is considered. An Advantage Ac-
tor Critic (A2C) learning-based framework is proposed to optimize the GoB, as well as
the transmission power in a mmWave network. The proposed technique improves En-
ergy Efficiency (EE) and ensures fair coverage is maintained. The simulations show that
A2C-based joint optimization of GoB and transmission power is more effective than using
Equally Spaced Beams (ESB) and fixed power, or the optimization of GoB and transmis-
sion power disjointly. Compared to the ESB and fixed transmission power strategy, the
proposed approach achieves more than twice the average EE in the scenarios under test,
and it is closer to the maximum theoretical EE.

In the case of the AI/ML-assisted Beam Selection use case, the overhead during beam
selection is addressed by a multi-modal sensing-aided ML-based method. When using sens-
ing information sources external to the RAN in a multi-vendor disaggregated environment,
such methods must account for privacy and data ownership issues. A Distributed Ma-
chine Learning (DML) strategy based on Split Learning (SL) is proposed to this end. The
solution can cope with deployment challenges in novel RAN architectures and is applied
to single and multi-level beam selection decisions, where the latter considers hierarchi-
cal codebook structures. With the proposed approach, accuracy levels above 90% can be
achieved, while overhead decreases by 85% or more. SL achieves performance comparable
to the centralized learning-based strategies, with the added value of accounting for privacy
and data ownership issues.
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Chapter 1

Introduction

Having the enhanced-Mobile Broadband (eMBB) as one of its main verticals, 5th Gen-
eration (5G) wireless networks have sought to account for the ever-increasing demand
for mobile data, and have found in higher slices of the electromagnetic spectrum some
technology enablers for that. As a result, 3rd Generation Partnership Project (3GPP)
standardized new bands for 5G New Radio (NR) in its Frequency Range 2 (FR2), which
spans from 24.25 GHz to 71 GHz, covering the millimeter wave (mmWave) spectrum. In
such frequency bands, the defined channel bandwidth can reach 2000 MHz [22], against
100 MHz in Frequency Range 1 (FR1) [23]. On the other hand, mmWave frequencies
are subject to high path loss and attenuation effects from blockages. These propagation
conditions make it better suitable for high-capacity small cells, causing increased network
densification (hence, high infrastructure costs) and making the Hierarchical Cell Structure
(HCS) areality. Even for short-range scenarios, the propagation challenges in the mmWave
spectrum can only be overlaid by using beamforming.

Since the short wavelength in mmWave allows for antenna miniaturization, Multiple-
Input and Multiple-Output (MIMO) systems can use antenna arrays with a large number
of elements for such frequencies. Moreover, through the use of massive MIMO (mMIMO),
when the number of antenna elements significantly exceeds the number of users in the sys-
tem, fine and dynamic control of highly directional propagation patterns (beams) can be
implemented, compensating for the attenuation effects in mmWave, and increasing spec-
trum efficiency through spatial multiplexing. However, this paradigm brings new challenges
to wireless networks. As different beams can be used by the Base Station (BS) to serve a
User Equipment (UE), the initial access and mobility procedures now need to account for
beam selection and tracking. The system’s performance is highly dependent on the beam
choice, and beam management procedures are in focus for network optimization.



Meanwhile, as the Radio Access Network (RAN) evolved towards disaggregation and
virtualization, the telecommunications industry found a solution for more cost-effective in-
frastructure through the path to open and interoperable software, hardware, and interfaces,
an initiative known as Open RAN. Open RAN has intelligent operation in its core and is
designed to accommodate new Artificial Intelligence (Al)-enabled wireless network opti-
mization solutions. More recently, Al techniques have also been applied to beamforming
and beam management, supporting new challenges in mmWave networks.

1.1 Motivations

The recent advances and rapid development of Al and wireless networks favored the con-
fluence of these two areas [271|. Traditional wireless networks are optimized for distinct
scenarios based on standardized parameters and experts’ knowledge on the field, target-
ing to improve specific Key Performance Indicators (KPI). The growing complexity of
networks, the surge of new use cases, and the search for cost-effective solutions that can
extract the maximum value from wireless resources raised the need for intelligent network
optimization. Moreover, the availability of operational data on the network side favors the
use of data-driven approaches that could benefit from it. Al techniques, especially Ma-
chine Learning (ML) algorithms, appear as a natural solution to this end. ML algorithms
can infer from data to support network decisions on complex problems, finding hidden
patterns that would take significant effort to be analytically defined. As wireless scenar-
ios are subject to continuous change over time, ML can offer dynamic optimization via
learning processes based on new data. Due to the ability to deal with complex problems,
heterogeneous information, and intricate goals, ML promises to enable intelligent network
optimization and improve the performance of modern wireless systems.

The possible benefits brought by Al to wireless networks raised attention from stan-
dardization bodies. 3GPP Release 18 specifies a study item on AI/ML for the NR air
interface [25]. It defines beam management as a target use case, envisioning overhead and
latency reduction, as well as improved accuracy. Similarly, Open RAN Alliance (O-RAN)
defines a set of mMIMO-related use cases that foresees the use of AI and ML solutions to
optimize mmWave networks operating over its RAN framework [19]. The convergence of
Al-enabled mobile networks, beam management optimization, and Open RAN unite some
solutions with high potential to be in the basis of Beyond 5G (B5G).



1.2 Objectives

This work aims to further the research in the intersection of Al-enabled wireless networks,
beam management optimization, and Open RAN, through the study, design, and evaluation
of novel ML-based beam management strategies for the mMIMO-related use cases defined

by O-RAN [19].

Codebook-based mmWave systems need to implement efficient beam management strate-
gies to select and keep track of an optimal beam. It is traditionally done by sending pilot
signals from each candidate beam (beam sweeping) to a reception point, which evaluates
it and reports the one that could provide the best performance. Although reliable on a
small scale, this approach is time-consuming and a source of signaling overhead in the sys-
tem when many beam options are available, an issue described in details in Chapter 2.1.3.
The overhead consumes channel utilization time and constitutes a bottleneck in mmWave
systems applied to highly-changing scenarios.

The strategies proposed in this thesis aim to specifically optimize codebook-based
mmWave systems subject to high overhead, reducing its impacts during beam selection.
The literature review shows that solutions leveraging sensing information describing the
environment, as in Integrated Sensing and Communications (ISAC), have a high potential
to address this problem (Chapters 2.1.4 and 3.2). Hence, this work also targets the deploy-
ment challenges of accommodating multi-modal sensing data in modern RAN architectures,
accounting for the interactions between multiple vendors.

1.3 Thesis Contributions

Two of the mMIMO-related use cases defined by O-RAN [19] are effectively addressed
in this thesis: the Grid of Beams (GoB) Optimization and the AI/ML-assisted Beam
Selection.

For the GoB Optimization use case, a Reinforcement Learning (RL) approach based
on the Advantage Actor Critic (A2C) framework is designed to target scenarios with con-
straints on the maximum number of beams and improve Energy Efficiency (EE) through
the joint optimization of GoB and transmission power. The proposed solution is designed
to balance EE and coverage awareness based on internal parametrization. Information in-
trinsic to the network is leveraged, and new interfaces are not required for its deployment
in O-RAN. This solution is described in Chapter 4, and the following are derived from this
work:



e Paper: Y. Dantas, P. Iturria-Rivera, H. Zhou, M. Bavand, M. Elsayed, R. Gaigalas,
M. Erol-Kantarci, “Beam Selection for Energy-Efficient mmWave Network
Using Advantage Actor Critic Learning,” accepted to IEEFE International Con-
ference on Communications (ICC), May 2023.

e US Provisional Patent: Y. Dantas, P. Iturria-Rivera, H. Zhou, M. Bavand, M. El-
sayed, R. Gaigalas, M. Erol-Kantarci, “Grid-of-Beams Optimization for Energy-
Efficient mmWave Communications”, filed on 01 November 2022.

For the Al/ML-assisted Beam Selection use case, an MIL-based multi-modal sensing-
aided strategy is designed to diminish overhead during beam selection, while accounting for
deployment challenges in multi-vendor RAN environments. Distributed Machine Learning
(DML) is implemented through Split Learning (SL) to promote privacy and data ownership
guarantees. The proposed solution is applied to single and multi-level beam selection
decisions, accounting for hierarchical codebooks. This solution is described in Chapter 5,
and the following are derived from this work:

e Paper: Y. Dantas, P. E. Iturria Rivera, H. Zhou, Y. Ozcan, M. Bavand, M. Elsayed,
R. Gaigalas, M. Erol-Kantarci, “Split Learning for Sensing-Aided Single and
Multi-Level Beam Selection in Multi-Vendor RAN”, accepted to IEEE Global
Communications Conference (GLOBECOM), December 2023.

e US Provisional Patent: Y. Dantas, P. E. Iturria Rivera, H. Zhou, Y. Ozcan, M.
Bavand, M. Elsayed, R. Gaigalas, M. Erol-Kantarci, “Split Learning for Sensing-
Aided Beam Selection”, filed on 29 April 2023.

1.4 Thesis Outline

The remaining chapters of this thesis are organized as follows. Chapter 2 documents the
fundamental background information required to understand mMIMO, beamforming and
beam management challenges in 5G and B5G, the RAN evolution in mobile networks
and the path towards Open RAN, and the ML techniques used in the novel solutions
presented in this thesis. Chapter 3 shows recent research published in the areas of Al-
enabled beamforming and beam management, its use in Open RAN, as well as other topics
related to the proposed solutions, as sensing-aided and DML-based beam management. In
Chapters 4 and 5, the design and evaluation of the solutions proposed to address the GoB
Optimization and the AI/ML-assisted Beam Selection use cases are documented, with focus
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on the problem statement, methodology, discussion of simulation results and integration
to O-RAN. Finally, Chapter 6 summarizes the conclusions and points to future directions
related to this work.



Chapter 2

Background Theory

Upon the remaining challenges in optimizing millimeter wave (mmWave) systems, which
are a central part of 5th Generation (5G) and Beyond 5G (B5G) wireless networks, Arti-
ficial Intelligence (AI) and Machine Learning (ML) techniques have been applied to beam
management optimization. Moreover, especially in the case of data-driven approaches,
beam management can be assisted by sensing information describing the scenario, likely
benefiting from the Integrated Sensing and Communications (ISAC) paradigm expected
for 6th Generation (6G) wireless networks.

Open RAN Alliance (O-RAN) has defined beam management use cases that can benefit
from its reference architecture. Such use cases represent the convergence of mmWave sys-
tems for 5G and B5G, Open RAN and Al-enabled wireless network optimization. Two new
solutions targeting Al-enabled beam management in Open RAN are designed and evaluated
on this thesis. Therefore, this chapter aims to review the background theory supporting
the proposed schemes. Section 2.1 introduces massive MIMO (mMIMO), beamforming and
beam management in 5G and B5G, describing open challenges in the area, and present-
ing ISAC systems and sensing-aided beam management. Section 2.2 describes the recent
Radio Access Network (RAN) evolution towards Open RAN. Finally, section 2.3 explains
the ML techniques in use, with a focus on the Reinforcement Learning (RL) framework
Advantage Actor Critic (A2C), and the Distributed Machine Learning (DML) technique
Split Learning (SL).



2.1 mMIMO, Beamforming and Beam Management

Multi-antenna communications experienced tremendous advances in the last 25 years, when
it evolved to meet the needs of modern wireless systems by leveraging three main benefits:
spatial diversity, spatial multiplexing, and beamforming [26]. When implemented in a mo-
bile communication system, any of these benefits can improve spectral efficiency, optimizing
the use of an expensive and scarce resource. For instance, in traditional Multiple-Input
and Multiple-Output (MIMO) systems, transmitting diversity is a way to diminish the
symbol error rate and improve link reliability. For spatial multiplexing, the multipath
in non-correlated channels is explored. In such conditions, MIMO systems can multiplex
different signal streams, which can be used to improve a user throughput in Single-User
MIMO (SU-MIMO), or to serve multiple users in a Multi-User MIMO (MU-MIMO) set-
ting. Finally, beamforming can leverage the electromagnetic waves superposition effect on
arrays with multiple antenna elements to create highly directional propagation patterns
that serve specific users with improved gain and minimal interference.

When large antenna arrays are applied (arrays with more elements than users in the
system), the mMIMO paradigm is realized [27] [28]. mMIMO became a reality for mobile
communication systems with the use of mmWave frequency bands. Since the antenna size is
usually proportional to the wavelength, mmWave allows antenna miniaturization and more
elements in an array. Moreover, communication on the mmWave channel is highly subject
to interference. It can only be feasible with the gains of beamforming, which can be enabled
by the large antenna arrays of mMIMO. The number of elements in an antenna array
directly affects the shape of a beam, in a way that more phase-controlled elements allow
for narrower and more directional beams. When highly directional propagation patterns
(beams) are used in mobile networks, multiple users can be served simultaneously at the
same frequency, relying on the low interference achieved with beamforming. The mMIMO
paradigm represents relevant changes in mobile networks, especially in user-Base Station
(BS) association and mobility management. The concept of cell may not be necessary
if coordination between multiple BSs is achieved, and coverage is planned based on the
combined beamforming capabilities, taking the beam as the fundamental coverage unit in
the RAN. Beam-centered network design is known as cell-free mMIMO. Fig. 2.1 illustrates
the concepts of MU-MIMO, mMIMO and cell-free MIMO.

A basic, yet non-exhaustive, taxonomy for beamforming can classify it according to
three criteria: the dimensional capability for beam steering, the Radio Frequency (RF)
chain architecture, and the method to define how to steer the beams. Regarding the first,
the phase-shifting of a linear antenna array input allows controlling the propagation pattern
in a direction perpendicular to the elements. The set of possible beams describes a two
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Figure 2.1: Multi User-MIMO, massive MIMO and cell-free MIMO |2].

dimensional (2D) plane. Thus, it is called 2D beamforming. Uniform Linear Arrays (ULA)
are commonly used to achieve 2D beamforming. If planar controllable antenna arrays are
in use, the azimuth and elevation angles of beams can be adjusted, and it can vary its
steering angles in the three dimensional (3D) space. Uniform Planar Arrays (UPA) are
usually applied to achieve 3D beamforming. In this case, the beam can be identified by
the elevation and azimuth angles of its maximum gain.

Beyond the shape of antenna arrays, the RF chain architecture also affects the capacities
of beamforming. Traditional beamforming applies controllable analog phase shifters to the
antenna elements, which are fed by a single RF chain. The adjustment of the phase shifters
allows for dynamic beamforming, but a single signal input source is available. To serve
multiple users with different beams, time multiplexing is required, where different phase
shift configurations are applied to create different beams at each time. This method is
known as analog beamforming. The first alternative to analog beamforming is digital
beamforming. Digital beamforming applies an RF chain to each antenna element in the
array. Therefore, it can use a digital precoder to phase shift the signal in baseband.
Moreover, the precoder can use multi-stream signal processing, where a subset of antenna
elements is used to steer a beam in a given direction for one signal stream, and another
subset can create a beam in a new direction to transmit a different signal stream. Thus, it
allows different beams to simultaneously serve multiple users with different signal streams.
Although its performance levels are superior, the cost of hardware implementation and
energy consumption in fully digital beamforming is still a bottleneck. Hybrid beamforming
represents a more cost-effective solution. A hybrid architecture applies RF chains to subsets
of the antenna elements in the array, known as subarrays. Hybrid beamforming allows for
as many simultaneous beams and signal streams as the number of RF chains in the system.



Fig. 2.2 depicts the RF chain architectures of analog, digital, and hybrid beamforming.
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Figure 2.2: Analog (a), digital (b), and hybrid (c) beamforming architectures [3].

Finally, a mobile communication system using highly directional propagation patterns
will need to determine the angle(s) of a beam to be used in the BS-user connection. The
way adopted to do so has a high impact on the beam management tasks in the system. Two
main classes of solutions have been proposed to this end (Fig. 2.3). The first is applied
in codebook-based beamforming and considers a predefined set of beam patterns. This
predefined set of beams composes a grid. The BS sends pilot signals in downlink (DL)
through each of the beams in the grid, in a process known as beam sweeping. After evalu-
ating the beam-pilot signals, the user selects and reports the one with better performance.
This method is known as Grid of Beams (GoB), and its main limitation relies on the time
and overhead required to perform beam sweeping, especially for a huge set of beams. In
this case, beam sweeping and selection are required not only for initial access, but also in
the face of changes in the communication channel due to mobility or modifications in the
scenario. The second is known as reciprocity-based or adaptive beamforming. In this case,
the users send pilot signals in the uplink (UL) direction. Based on the pilot signals received
in each of its antenna elements, the BS can perform accurate channel estimation and deter-
mine the appropriate angle(s) for beamforming. Reciprocity-based beamforming is limited
to Time Division Duplex (TDD) systems, where the frequency channel is the same for DL
and UL, and the channel estimations using pilot signals in UL enable beamforming in both
directions.



a) Grid-of-Beams b) Recriprocity-based

0 0

Figure 2.3: How to define the beam for communication: a) Beamforming based on Grid-of-
Beams and downlink pilot signals; b) Beamforming based on accurate channel estimation
from uplink pilot signals, exploring channel reciprocity in TDD. [4].

2.1.1 Traditional Beam Selection Strategies

As discussed, GoB beamforming relies on a pre-defined set of antenna propagation pat-
terns. Different configurations on the antenna control elements, such as the phase-shifters
in analog beamforming or the digital baseband phase control in digital beamforming, are
responsible for each propagation pattern. Each valid configuration is named a codeword,
and results in a different beam, or a new angle for the maximum gain in the highly di-
rectional antenna propagation. The set of valid codewords forms the codebook. In GoB
beamforming, specific beams from the codebook compose a grid, which is used during the
beam selection process. It means a communication link established between BS and User
Equipment (UE) will select from one of the available beams in the GoB. The process to
search for an optimal beam needs to be performed not only during the initial access proce-
dure, but also frequently to keep track of an optimal beam after mobility or communication
channel changes.

The most traditional approach for beam selection in GoB beamforming is named ex-
haustive or coercive search. It relies on pilot signals sent by the BS in DL for each beam in
its GoB, a process known as beam sweeping (also referred to as beam training). The UE
must assess the performance provided by each beam based on the pilot signals, and report
to the BS in UL the most promising one. The complete process may be time-consuming if
a large GoB is in place, harnessing latency-sensitive applications.

The main alternative to the exhaustive search is organizing the beams in multi-resolution
codebooks. A multi-level iterative search (also referred to as hierarchical search) employs
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a multi-level beam selection decision, applying a different GoB to each level [29] [30]. The
control over the number of antenna elements used for beamforming allows for adjusting
the beam width from wider to narrower beams. Therefore, a multi-level approach usually
applies a few wide beams in the first level, and narrower beams in the subsequent levels,
grouped under the coverage area of each wider beam in the previous level. The search for
the optimal beam is then performed in multiple phases, corresponding to the number of
levels in the hierarchical codebook. The search in each level is usually performed using the
exhaustive search strategy. In practice, grouping Ng beams in a two-level iterative search
with Ny in the first and Ny beams in the second level, so as Ng = N; + N, can potentially

diminish the required beam sweeping efforts to the ratio of %

2" phase

Figure 2.4: Traditional beam selection strategies: Exhaustive (a) and two-level iterative
search (b).

2.1.2 Beam Management in 5G NR

In 5G New Radio (NR) systems, beam management is defined by 3rd Generation Partner-
ship Project (3GPP) as "a set of Layer 1/Layer 2 procedures to acquire and maintain a set
of Transmission-Reception Point (TRP) and/or UE beams that can be used for DL and
UL transmission/reception" [31]. As per 3GPP specifications, it should include at least
(but is not limited to) the beam sweeping, measurement, determination, and reporting
phases [31]. The standard must be flexible in a way that allows vendor-specific beamform-
ing implementations. For that purpose, 3GPP defines the procedures P-1 (beam selection),
P-2 (beam refinement at gNB), and P-3 (beam refinement at UE), illustrated in Fig. 2.5
as depicted by [5].
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Figure 2.5: Beam management procedures defined by 3GPP [7].

P-1 refers to beam selection, where beam sweeping is performed at gNB and UE sides.
Usually, it is related to the initial access procedure, where wide beams are used for better
coverage. In P-1, the gNB and UE perform beam sweeping. UE uses each of its reception
beams to evaluate the beams transmitted by the gNB. The best beam pair is chosen and
reported. P-2 covers the beam refinement at gNB. After initial access, gNB can apply P-2
to perform beam sweeping over a set of narrow beams grouped under the coverage area of
the wide beam chosen in P-1. P-2 considers a fixed beam at the UE. Finally, P-3 refers to
beam sweeping at the UE side. After the selection and refinement of an optimal beam at
the gNB, P-3 covers the case of re-selecting the beam at the UE if it uses beamforming.
The implementation of these procedures is not mandatory, and they aim to define a general

framework to serve as the basis for vendor-specific methods.
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3GPP also specifies reference signals to support beamforming and beam management
in 5G NR. For systems based in GoB, Synchronization Signal Block (SSB) and Channel
State Information (CSI)-Reference Signal (RS) are used. SSB is sent through the Physical
Downlink Shared Channel (PDSCH) as part of the initial access procedure in 5G. Within
a periodical time interval (Tss = {5, 10, 20, 40,80, 160} ms), a 5 ms Synchronization Signal
(SS)-Burst containing up to 8 SSB in Frequency Range 1 (FR1) or up to 64 in Frequency
Range 2 (FR2), is sent through the PDSCH. Commonly, if GoB is in use, a different beam in
the grid sends each SSB, as shown in Fig. 2.6. Therefore, 8 (FR1) and 64 (FR2) are limits to
the number of beams in the GoB during initial access. Moreover, gNB associates a different
Random Access Channel (RACH) preamble to each SSB (or beam). Upon receiving the
SS-Burst, UE can measure the Signal-to-Interference-Plus-Noise Ratio (SINR) value for
each SSB. In practice, it will report its choice for the best DL beam based on the RACH
preamble it chooses to access the Physical Random Access Channel (PRACH).

4——— SSBurst Periodicity: Tgs ——p

<4— 5Sms —p <«— S5ms —p
SS Burst SS Burst

| Half frame T Half frame

i SSBs T

((ve2)

Figure 2.6: Synchronization Signal Burst and Synchronization Signal Blocks (SSB) sup-
porting beam selection in 5G [6].

After the initial access, CSI-RS can be used as the leading DL pilot signal in connected
mode. CSI-RS allows for more flexible configuration and can impact channel estimation.
For instance, while SSB can span up to 20 resource blocks, which covers only part of the
bandwidth, CSI-RS can be configured to any desired frequency range [32]. In 5G NR,
the gNB can associate different beams to different CSI-RS and configure the measurement
report messages to be sent by the UE with the beam identification, not only the cell
identification. Results of SSB and CSI-based measurements can also be combined for better
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performance estimations [33]. CSI-RS is commonly used for beam refinement. From the
3GPP beam management procedures depicted earlier, P-1 is usually performed based on
SSB, while P-2 commonly uses CSI-RS. When a two-level iterative beam selection scheme
is applied to 5G NR systems, the first level choice can be performed under P-1, and the
second under P-2. Wide beams in the first level are usually referred to as SSB beams,
while narrow beams in a second level are referred to as CSI beams, although the beam
width and hierarchical structure of the codebook are not a requirement in 3GPP.

Reciprocity-based beamforming is possible in 5G NR systems with the use of Sound-
ing Reference Signal (SRS). While SSB and CSI are sent in the DL direction, SRS is
transmitted by the UE in the UL, in a schedule defined by the gNB. As stated before,
reciprocity-based beamforming leverages the advanced channel estimation capabilities of
the BS in TDD systems. Since the frequency band is the same for both UL and DL in
TDD, the channel estimation for UL via SRS can be used to guide the beamforming in
DL. Therefore, 3GPP specified all the frequency bands in NR FR2 as TDD [22]. It does
not mean that SRS and reciprocity-based beamforming must be used in this case, but the
network will have the flexibility to make a choice.

2.1.3 Challenges in Beam Selection

As discussed, pilot signals associated with different beams in the grid are scheduled to be
sent regularly in GoB-based beamforming, in a process known as beam sweeping. Upon
receiving the pilot signals corresponding to each beam, UE can measure and determine
the beam that provides better performance. For a large GoB, beam sweeping can occupy
the whole channel coherence time, leading to a new beam selection needed right after the
last one. On the other hand, if the GoB does not utilize enough beams, coverage will be
compromised, and UE could be misdetected in the scenario. Even for limited-size GoB,
beam sweeping can be time-consuming, and pilot signals introduce system overhead. The
delay and overhead during beam selection for GoB beamforming are known challenges in
beam management.

[1] evaluates the trade-offs during the initial access for two different traditional beam
selection strategies for GoB-based analog beamforming: an exhaustive (coercive) search,
and a two-level iterative search. For exhaustive search, consider a BS with N5° beams,
and a UE with N5% in its GoB. A pilot signal from each BS beam is transmitted N§*
times, allowing reception on each available UE direction. After receiving the first BS pilot
signal through its whole set of beams, the UE transmits the information about its reception
beam with the best Signal-to-Noise Ratio (SNR) in the link with the corresponding BS
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transmission beam. The process is repeated N5° times. Ng represents the number of DL
and UL slots required to transmit pilot signals and inform about SNR conditions during
beam selection. For this scheme, Ng = N5° x (N5¥ + 1). For two-level iterative search,
consider a BS hierarchical codebook, where N5Y beams compose the first level GoB, and
NE5 the second level, for a BS with N5 = NES x NEY beams in total. In this case, the
beam selection occurs in two phases, and the first follows the exhaustive search procedure
over the first-level BS GoB, requiring Ng; = N5P x (NS¥ + 1) slots. During the second
phase, UE will use only the best reception beam chosen in the first phase. For each pilot
signal transmitted from the BS on the second phase, UE will transmit the information
about the perceived SNR, what requires Ngy = NZJ + NY¥ slots. Therefore, the two-level
iterative search method demands Ng = Ng; + Ngy = (N55 x (NYE + 1)) + (NEJ + N5E).

In the simulation setup from [!], the BS is equipped with a 64-element UPA (8 x 8),
which can steer beams in N5J° = 16 directions, and the iterative search uses N5 = 4 and
NES = 4. Two different GoB are applied at the UE side, according to the antenna array
configuration. For a 4-element UPA (2 x 2), 4 wide reception beams are formed at the UE,
while for a 16-element UPA (4 x 4), the UE GoB contains 8 narrower beams. The results
for number of slots and delay are summarized in Table 2.1.

Table 2.1: Comparison of beam selection strategies and initial access delay [1].

TX RX

Procedure Ns Delay
antennas antennas
Exh. 64 x 4 64 4 80 16 ms
Exh. 64 x 16 64 16 144 28.8 ms
4 in 1°¢ phase
It. 64 x 4 64 in 27 phase 28 5.6 ms
: st
It 64 x 16 1" phase 16 44 8.8 ms

64 in 2"¢ phase

The authors of [1] also evaluated the UE misdetection probability for each beam se-
lection strategy. The misdetection probability is defined based on the ratio of UE in the
scenario with SNR below a given threshold. The misdetection probability tends to be pro-
portional to the BS - UE distance due to pathloss, and the authors evaluate such hypothesis
in the results summarized in Fig. 2.7.
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Figure 2.7: Comparison of beam selection strategies and misdetection probability and
misdetection probability for a SNR threshold of —5 dB [1].

Under the same BS - UE distance (consider 50 m, for reference), the iterative search
with NYZ = 4 (It. 64 x 4), for which the delay is the lowest in Table 2.1 (5.6 ms), has
a higher misdetection probability compared to the iterative case with more extensive UE
GoB (It. 64 x 16), where NY¥ = 8 and a delay of 8.8 ms is verified. The two versions
of UE GoB affect the exhaustive search cases in a similar way. Additionally, while the
exhaustive search can diminish misdetection probability compared to the iterative search,
it will require higher initial access delay, as shown in Table 2.1. The above results show
that, for any beam selection strategy evaluated, a more extensive GoB leads to lower UE
misdetection probability, but at the cost of higher delay. The iterative search can diminish
delay compared to the exhaustive search, but at the cost of higher misdetection probability.
In practice, the GoB configuration involves exploring this trade-off if traditional beam
selection techniques are applied. A large GoB favors communication when the link is in
place, but demands extra effort to establish and keep track of an optimal link.
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2.1.4 Integrated Sensing and Communication (ISAC)

The traditional beam selection strategies presented in Chapter 2.1.1 adopt a sensing before
communicating approach, a concept well-known and widely adopted in wireless networks.
Each pilot signal provides SINR estimations for the beam under test, contributing to model
the electromagnetic channel in the scenario. As mmWave consolidates its presence in 5G,
and even terahertz (THz) frequency bands are considered for B5G, new applications are en-
visioned for mobile networks. Some consider expanding its sensing capabilities beyond the
electromagnetic channel to actual descriptions of physical scenarios and objects. Sensing
through wireless communication links is one of the main drivers in 6G development [34].
Moreover, 6G must coincide with the evolution of recent trends in mixed and augmented
reality. Going beyond the traditional 5G use cases, 6G may enable immersive experiences
in digital twin worlds facilitated by multi-modal, high-capacity, and ubiquitous sensors
intrinsically connected with the communication networks [35]. Therefore, the sensing and
communication tasks may be intrinsically related in the next generation of communication
systems, and ISAC is proposed to this end.

ISAC methods aim to benefit from the gains of sharing wireless resources for sensing
and communication. The ultimate level of integration can be achieved if radio signals
applied to transmit data can be leveraged to extract sensing information based on the
scattered echoes [36]. Additionally to the integration gains, ISAC systems are to promote
coordination gains through mutual assistance among the communication and sensing tasks.
In [7], coordination gains are described in two forms: communication-assisted sensing, and
sensing-assisted communication. The first leads to the concept of Perceptive Mobile Net-
works (PMN), where ubiquitous communication networks will support sensing operations
in use cases such as environment monitoring, autonomous driving, remote sensing, human
interaction and gesture recognition [7].

In sensing-assisted communication, coordination gain is achieved by the use of sensing
information (either acquired by ISAC systems or independent sensor networks) to support
communication tasks. Such sensing capabilities can be valuable for mmWave systems,
which rely on highly directional propagation and are subject to influence from user position
and objects in the scenario. Even the effects of wind sway in antenna poles can affect beam
alignment and degrade the performance in mmWave [37]. As discussed, mmWave networks
spend significant resources on beam management procedures. Having a clear sense of user
position and the objects in the scene can enable mmWave systems to apply directional
beamforming with less resources consumed by beam selection. In [7], an ISAC system is
designed to apply the sensing information acquired during data transmission to support
directional beamforming to a mobile UE. Information from external sensor networks can
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also be applied to support mmWave systems. In this case, coordination gains are achieved
by lowering the integration gain in the system [7].

Beam Tracking and

Prediction at the RSU

ISAC RSU

Figure 2.8: Conceptual design of an ISAC beamforming system leveraging the sensing
capability to support the beam selection decision |7].

2.2 RAN Evolution and Open RAN

4th Generation (4G) Long Term Evolution (LTE) introduced the concept of Centralized
RAN (C-RAN) by enabling an architecture that deploys the Baseband Unit (BBU) at
centralized hubs that can serve more than one Radio Unit (RU) linked by a fronthaul
fiber connection. Previously, the BBU was deployed close to the RU at the gNB, in an
architecture now known as LTE Distributed RAN (D-RAN). The BBU hub in C-RAN
allows resource sharing and enables new inter-BBU coordination functions in the network.
Moreover, it facilitates the virtualization of BBU functions in cloud deployments using
virtual machines or containers on top of Commercial Off-the-Shelf (COTS) hardware in

Cloud RAN.
5G NR introduced RAN split by disaggregating the RAN functions previously assigned
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to the BBU into two components: the Central Unit (CU) and the Distributed Unit (DU).
To the DU, the Physical (PHY), Medium Access Control (MAC), and Radio Link Control
(RLC) layers were assigned, which are more delay-sensitive and have low latency require-
ments. The CU processes the Radio Resource Control (RRC) and Packet Data Convergence
Protocol (PDCP) layers. A midhaul fiber connection was added to link the CU and the
DU. Both CU and DU support cloud-based deployments. Commonly, CU is placed in a
centralized cloud, while DU is at the edge cloud. However, deployment options can vary
depending on use case requirements, as this flexibility is the main advantage introduced
by RAN split.

4G Distributed RAN Centralized RAN 5G Split RAN
> - = - =
—~ —~ —~ —~ —~
RU RU RU RU RU

BBU hub:
Multiple gNB Split:
centralized CU and DU
BBUs
Core Core
Network Network

Figure 2.9: RAN evolution to 5G: Distributed RAN (D-RAN), Centralized RAN (C-RAN),
and 5G Split RAN with Centralized Unit (CU) and Distributed Units (DU) [?].

Core
Network

The evolution from 4G to 5G shed light on two trends for modern RAN architectures:
disaggregation and virtualization. Both are central parts of more flexible and cost-effective
deployments. However, operators were still tied to vendor-specific solutions. The fact
that multi-vendor integration within the RAN was not a reality limited the operators’
infrastructure options. It adds to the need to keep up with new capacity requirements
and use cases. Moreover, the support for intelligent management and automation to deal
with increasing network complexity is another claim. Operators found in Open RAN a
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possible solution to some of these challenges. Open RAN promotes open interfaces and
software-based components to control RAN functions. It also envisions the use of COTS
hardware and service virtualization. In practice, it opens the possibility for a multi-vendor
RAN and brings new stakeholders to support the development of RAN solutions, such as
public cloud providers and software development companies. O-RAN was created as an
industry organization of operators, vendors, and research units working to apply Open
RAN principles to LTE and NR RAN architectures [9].

2.2.1 O-RAN Reference Architecture

O-RAN defines its reference architecture considering 3GPP NR split option 7.2 [9]. For the
CU, DU, and RU, open counter parts are proposed: Open CU (O-CU), Open DU (O-DU),
and Open RU (O-RU). R1, O1, Al, E2, Open FH M-Plane, and Open FH CUS-Plane are
open interfaces introduced by O-RAN. Fig. 2.10 details O-RAN architecture as depicted
in [8]. Beyond the open interfaces, the main novelties in O-RAN reference architecture are
the Service Management and Orchestration (SMO), the Non-Real Time RAN Intelligent
Controller (Non-RT RIC), and the near-Real Time RAN Intelligent Controller (near-RT
RIC).

Service Management and Orchestration Framework

Typical Ranges

Legend

—— 3GPP interfaces
—— O-RAN interfaces

Non-Real Time RIC 01

(Non-RT
control loops

{} Mon-Real Time control loops
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Figure 2.10: O-RAN reference architecture and control loops [].
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The Service Management and Orchestration (SMO) Platform

SMO is proposed as a management platform for the network. It can work as an automa-
tion layer and hosts the Non-RT RIC. Beyond that, SMO can perform data management
functions to enable ML applications at the Non-RT RIC and the near-RT RIC. SMO is
equipped with connection terminations to the RAN entities and external data sources that
can be leveraged by data-driven applications within the RAN (e.g. user location informa-
tion). The introduction of SMO has been well accepted by industry incumbents, who see it
as a replacement for traditional Self-Organizing Networks (SON) functions. Moreover, due
to the ability to deal with multi-vendor deployments, its adoption is considered in Cloud
RAN, Open RAN and purpose-built network environments [38] [39].

The Non-Real Time RAN Intelligent Controller (Non-RT RIC) and rApps

The flexibility of the SMO extends to the Non-RT RIC. Non-RT RIC enable applications
to control RAN functions in control loops greater than 1 s. An Non-RT RIC application
is named rApp in O-RAN. Multiple applications can be executed parallelly at the Non-
RT RIC to control different RAN functions. Moreover, as multi-vendor deployments are
envisioned, such applications can be developed by equipment vendors, network operators,
or third-party software companies. Introducing modular and software-based optimization
is one of the approaches chosen by O-RAN to feed innovation and build an innovation-
driven development ecosystem around the RAN.

The near-Real Time RAN Intelligent Controller (near-RT RIC) and xApps

For RAN applications close to real-time (control loops between 10 ms and 1 s), O-RAN
designed the near-RT RIC. Applications for the near-RT RIC are named xApps in O-RAN.
As in the case of Non-RT RIC, a modular, software-based, and multi-vendor environment is
envisioned for the near-RT RIC. As multiple xApps can work in parallel and sometimes try

to address the same network functions, conflict mitigation is an open challenge in O-RAN
near-RT RIC.
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Figure 2.11: The Service Management and Orchestration Platform (SMO) and the Non-
Real Time RAN Intelligent Controller (N-RT RIC) [9].
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2.2.2 O-RAN Use Cases

To highlight the advantages of its proposed architecture for practical network applications,
and address the priorities defined by operators and vendors, O-RAN specified a set of
target use cases [10]. Congestion prediction, mobility management, traffic steering, and
MIMO are some of the classic mobile network use cases addressed by O-RAN, with a focus
on intelligent applications that can leverage Al techniques for performance optimization.
New mobile network applications are also envisioned, as in Unnamed Aerial Vehicle (UAV)
scenarios and local indoor positioning. It also targets the challenges in multi-vendor deploy-
ments, such as dynamic spectrum sharing, RAN sharing, RAN slicing, and multi-vendor
slicing.

O-RAN mMIMO Use Cases

In the face of the recent advances in mmWave communications and its adoption on 5G,
O-RAN specified mMIMO related use cases for network optimization in its reference ar-
chitecture [19]. It aims to leverage O-RAN flexible architecture and the capabilities of
SMO and RAN Intelligent Controller (RIC) applications to empower Al-enabled solutions
for mMIMO, beamforming and beam management. For instance, for GoB beamforming,
O-RAN specifies GoB Optimization, Beam-based Mobility Robustness Optimization, and
Al/ML-based Initial Access Configuration Optimization as target solutions. In a control
loop close to real-time, the Al/ML-assisted Beam Selection Optimization solution is pro-
posed for Layer 1/Layer 2. Recently, practical implementations of beam management
optimization solutions in O-RAN architecture leveraging ML, methods were announced in
the industry [41] [12].

2.3 Machine Learning Algorithms

As discussed in Chapter 1.1, ML algorithms represent promising alternatives to enable
intelligent network optimization. Literature shows that ML can address a wide range of
wireless network use cases, including beamforming and beam management (more in Chap-
ter 3). The challenges in dealing with beam selection in mmWave systems, discussed in
Chapters 1.2 and 2.1.3, and the capabilities of supporting data-driven approaches brought
by O-RAN architecture, discussed in Chapter 2.2, motivated the design of the ML-based
beam management solutions documented in this thesis. Classic ML taxonomy comprehends
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three classes of problems and algorithms to solve them: Supervised Learning, Unsuper-
vised Learning, and Reinforcement Learning (RL). Following are revised two algorithms
used in the solutions proposed here, and that follow in two of these classes: the Actor
Critic framework for RL, and Split Learning (SL), a Distributed Machine Learning (DML)
technique applied to Supervised Learning problems.

2.3.1 Reinforcement Learning (RL) and Actor Critic Methods

RL comprises a set of ML methods designed to employ an agent with the capacity to learn
from sequential interactions with an environment. Each interaction episode includes the
environment state observation, an action taken by the agent, and a reward received upon
this action. The foundational goal in RL is to learn a policy based on the sequential actions
and environment states that maximize the cumulative future reward. If an action has a
high expected reward, it should be given a higher probability of selection for an observed
state. A Markov Decision Process (MDP) m can formally describe an RL algorithm by:

m =[S, A, P(s|s,a), R(s,a,s")|. (2.1)

S represents the state space, or the set of states in an environment. A represents the
action space, or the set of actions available for the algorithm to take at each episode.
P(s'|s,a) denotes the transition probability of a state s to a new state s, given an action
a. R(s,s") is the reward received upon transitioning from s to s'.

There are two main approaches for solving RL problems: policy-based and value-based
methods. Policy-based methods aim to directly estimate an optimal policy to define the
next action, mapping states into action selection. Value-based methods aim to define a
value function to estimate the rewards obtained at each state, mapping states into expected
cumulative rewards. In Deep Reinforcement Learning (DRL), deep learning methods can
be used as an approximator for both policy-based and value-based methods. Actor-Critic
models combine the strategy of policy-based and value-based methods to solve RL prob-
lems. In the Actor-Critic framework, described in Fig. 2.13, the agent is enabled with
two entities: an Actor and a Critic. The Actor works as a policy-based method, selecting
a new action upon receiving information about the current state. The Critic works as a
value-based method. The value function estimated at the critic is sent to the Actor, which
can use it to optimize the action selection.
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Figure 2.13: The high-level design of Actor-Critic framework.

2.3.2 Distributed Machine Learning (DML) and Split Learning
(SL)

ML model architectures evolved to support the requirements of target deployments in the
ever-increasing set of applications and ML use cases. Some of these requirements involve
complexity, latency, security, and even the capacity to explain the model’s decisions. When
dealing with privacy-sensitive data in a distributed setting, local model training can be
accepted, but the sharing of raw data between entities is prohibited. It prevents data
aggregation and the training of a single and more capable model on the whole dataset.
Many ML use cases share these characteristics. For instance, models applied to patient
records from multiple hospitals must deal with the fact that such information cannot
leave the hospital domain. However, training only on local data may not be enough for
reasonable generalization performance. Similar scenarios can be found for ML use cases in
finance [1 1], edge computing [43], and wireless networks [14]. Distributed Machine Learning
(DML) techniques have been applied to comply with the requirements of distributed and
privacy-sensitive use cases.

DML enables private-guaranteed models to train on distributed entities and leverage
the capabilities of the data available in all of them, without the need to aggregate or
share raw information. The characteristics of the data distribution among the entities
significantly affect the DML framework choice and model performance. For instance, it
must consider whether the data is Independent and Identically Distributed (IID) or non-
IID. The data partitioning setting is another relevant aspect. Fig. 2.14 depicts horizontal
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and vertical data partitioning schemes for a relational database. In the case of horizontal
data partitioning, different entities share the same features, but for different entry keys.
There is an intersection on column identification, but the samples represented in each row
refer to different key elements. Horizontal data partitioning is in place, for instance, when
two clinics hold medical data from the same type (e.g. X-ray images) for different sets of
patients. In vertical data partitioning, different entities hold different features, but for the
same entry keys. Thus, there is an intersection in row identification. It is the case, for
instance, when a set of patients has two types of medical records, each held by a different
specialized clinic (e.g. X-ray images at the first clinic and Magnetic Resonance Imaging at
the second). Vertical data partitioning is also observed in the case of heterogeneous-modal
data collected by multiple sensors in the same time intervals. In this case, the timestamps
could represent row keys, and each sensor database would store a different feature.

a) Horizontal Data Partitioning b) Vertical Data Partitioning
# Feature A FeatureB Entity 1 Entity 2
1 # Feature A # FeatureB
. 2
Entity 1 1 1
3 2 2
4 3 3
5 4 4
# Feature A FeatureB 5 5
6 6 6
. 7 7 7
Entity 2
ye g 8 8
9 9 ¢
10 10 10

Figure 2.14: Horizontal (a) and vertical (b) data partitioning schemes.

Federated Learning (FL) comprises the class of methods that received most attention
within DML [43]. The basic FL framework involves local models deployed at distributed
entities and a global model located at a central server. Considering Deep Neural Networks
(DNN)-based models sharing the same architecture, a comparison among the local model
parameters allows for evaluating the characteristics of the learning process in each dis-
tributed agent. More importantly, parameter aggregation is feasible. During the training,
each distributed entity follows a regular learning process for a batch (or mini-batch) of
local data. The local models are shared with a parameter aggregation server, which can
apply different methods to add and mix the information conveyed by each local model. Af-
ter parameter aggregation, local models are updated with the latest version of the global
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model and can start a new training turn based on its local data. Therefore, the entities
take turns in local model training with local data, global model updates based on pa-
rameter aggregation from local models, and local model updates based on the updated
global model. A global model built from the aggregated local model parameters tends to
have superior generalization performance than the local models alone. This framework has
been largely applied to horizontal data partitioning settings (horizontal FL). However, it
is not well suited for vertical data partitioning cases. If each distributed entity holds a
different type of data, the parameters in each local model will not refer to similar feature
attributes, lacking compatibility even if the same architecture is applied. Vertical FL is
still a challenge.

Model split has been proposed to address vertical data partitioning cases [10]. In Split
Learning (SL), instead of deploying the same model architecture in distributed entities,
different portions of the Neural Network (NN) composing the ML model are split among
them. In practice, each entity holds a set of layers from the model. Data holders are named
clients in SL. In the basic SL framework (Fig. 2.15), labels must be available at a server,
which also holds a portion of the NN model. SL enables the backpropagation algorithm
by layer output sharing in the forward pass and gradient sharing in the backward pass.

The original SL algorithm proposed in [10] considers a sequential client parameter
update schedule. The forward and backward steps in the NN training must be completed
in a client-server pair before the schedule of a new client. Consider a set of clients C, a
server S, and a NN model f(.) composed by L layers. The model segment in each client
comprehends L¢ layers, where Lo < L. The LY layer at the client side is named cut
layer in SL. The parameters at the i client, i € [1,|C|], are represented by ¢;, while the
parameters at the server are represented by ®. Moreover, the parameter set at a client is
composed by the aggregated parameters of its layers, so as for the server: ¢; = [¢}, ..., gzﬁiLc]
and ® = [®Letl . ®F]. An adapted version of the backpropagation algorithm is applied
in SL. During the forward step, the i** client selects a batch (or mini-batch) of data inputs
AX; for which the server knows the set of labels B;. Forwarding AX; through ¢; and ®
produces the predictions 3, = f(X;, ¢;, ), based on which the server can compute the
loss I(y;,B;). The server starts the backward step by updating the model parameters at
the L layer: ®L < ®F — aVgil(y,,B;), where a is the chosen learning rate. After
computing the gradient at the L '+, layer, the server sends it to the i'" client, which can
start backpropagation at its side to update ¢;. In the sequential SL scheme, the updated
local model segment parameters at the i** client are uploaded to a new client 7 + 1, which
starts a new iteration.
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Figure 2.15: Split Learning for distributed Neural Network training [10].

In [11], parallel client training is proposed. In this case, each client can start the forward
step in its portion of the NN model independently. The outputs of the NN up to the cut
layer in each client are aggregated by intermediate feature mapping and fed into the NN
portion at the server side, as shown in Fig. 2.16. After the loss computation at the server,
gradients are shared in the backward direction. |1 1] evaluates five options for parameter
aggregation: concatenation, max pooling, average pooling, sum, and element-wise product.
Such a scheme is ideal for hetero-modal vertically partitioned data, since the entities do
not need to share the same architecture in their portions of the NN.
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Figure 2.16: Parallel Split Learning architecture |1 1].
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Chapter 3

Literature Review

Machine Learning (ML) models have been widely applied to wireless networks, especially
on the optimization of resource allocation tasks [15]. For the physical layer, deep learning-
based solutions have shown the potential to optimize the traditional design of communi-
cation systems [10], and an Artificial Intelligence (Al)-native air interface has been en-
visioned for 6th Generation (6G) [17]. Furthermore, Al-enabled beamforming and beam
management have been the subject of promising solutions, and the topic has garnered great
attention from the research community [3].

This chapter presents the recent literature on Al-enabled beamforming and beam man-
agement. Section 3.1 presents a general overview of the solutions proposed in this area, and
some recently published applications leveraging different ML algorithms. In section 3.2,
following the recent advances on Integrated Sensing and Communications (ISAC) sys-
tems, works on the convergence of ISAC and beamforming are explored, and ML-based
sensing-aided solutions are depicted. Moreover, as distributed learning has been studied
and applied to wireless networks [11], section 3.2 analyzes solutions that apply Distributed
Machine Learning (DML) to a multi-modal sensing-aided beam management setting. Fi-
nally, section 3.3 analyzes recent beamforming and beam management applications in Open
RAN, and section 3.4 summarizes the findings from this review and the so far unexplored
areas that this thesis aims to address.
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3.1 Al-Enabled Beamforming and Beam Management

Al-enabled beamforming and beam management are the subject of extensive surveys

in [48], [19] and [3]. [48] highlights that beam management based on deep learning can
benefit from adaptive feature extraction and end-to-end learning without prior assump-
tions. [18] categorizes deep learning-based beam management applications into two major

groups. The first focuses on learning non-linearities associated with beam management
procedures, as in the cases of super-resolution techniques applied to beam selection with
limited Channel State Information (CSI) feedback, and Recurrent Neural Network (RNN)
applied to beam prediction in mobility scenarios. The second focuses on learning the en-
vironment, as in the cases of ML-enabled side information-aided and Deep Reinforcement
Learning (DRL)-assisted adaptive beamforming. Al-enabled beam management applica-
tions for terahertz (THz) communications are the focus of [19]. In [3], the security of Al
and ML models used for beam management tasks is presented as an open issue and future
research direction in the area.

Literature review shows that various ML frameworks have been applied to beam man-
agement problems in different scenarios. For instance, the inter-beam inter-cell interference
problem is approached in [50]. An millimeter wave (mmWave) and Non-Orthogonal Multi-
ple Access (NOMA) network is considered, and an Reinforcement Learning (RL) solution
is designed to perform joint user-cell association and inter-beam power allocation. The
combination of beam management and resource allocation tasks is studied in [51], where
a clustering solution is used to handle user-beam association, and an Long-Short Term
Memory (LSTM)-based DRL scheme performs resource block allocation. The knowledge
from previous tasks is leveraged through transfer learning in [52]. An expert gNB is defined
to collect data and set a knowledge base, and a Transfer Q-Learning (TQL) scheme proves
its advantage over a simple Q-Learning (QL).

Beamforming codebook design based on clustering algorithms and RL methods through
a Wolpertinger-variant architecture is the focus of [53]. The generated codebook can pro-
vide superior performance with fewer beams, improving the average beamforming gain
and addressing the problem of overhead during beam selection. In [54], a Deep Q-Network
(DQN) is applied to jointly optimize beamforming, power control, and interference coordi-
nation. The solution is evaluated for voice and bearer services in sub-6 GHz and mmWave
environments, and is proven efficient in optimizing the system’s Signal-to-Interference-Plus-
Noise Ratio (SINR) and sum rate.
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3.2 Sensing-Aided Beamforming and Beam Management

As discussed in Chapter 2.1.4, the integration of sensing and communication and the avail-
ability of sensing information on the wireless network, especially through ISAC systems,
represents a new opportunity to support beamforming and beam management optimiza-
tion. For instance, in |7], the user location information obtained by the sensing capabilities
of an ISAC system is leveraged to improve beamforming. In [55], a cell-free massive MIMO
(mMIMO) ISAC system is designed, and beamforming is applied to perform sensing and
communication tasks. The trade-offs of prioritizing each of the tasks are analyzed, and
the joint optimization of communication and sensing can achieve performance close to the
priority-based for both. Beamforming for ISAC networks is also studied in [56], where a
full-duplex system is designed, and [57], where a multi-user solution is depicted. [58] studies
the case of communication and sensing in THz frequencies and proposes a solution that
leverages Al to improve user experience.

While fully ISAC systems become reality, wireless networks can benefit from coordi-
nation gains achieved through the use of additional hardware and signaling applied to
perform the sensing operation, at the cost of complexity added to the system integra-
tion |7]. Literature shows that beamforming and beam management can benefit from the
use of sensor data in wireless environments. In practice, sensing-aided (also referred to
as side/contextual information-aided) beamforming and beam management translates on
the use of data collected from sensors, most of the time at sources external to the Radio
Access Network (RAN), in a single or multi-modal setting, to describe the characteristics of
the environment that can affect the mmWave channel. Global Positioning System (GPS),
Light Detection and Ranging (LiDAR), radar, camera, and satellite images are some of
the data types applied to this task. ML methods can be used to map those sensor data in-
puts to beam management decisions. For instance, in [59], GPS data is used in supervised
Neural Network (NN) models targeting the beam selection task in multiple scenarios. The
proposed solution can provide high accuracy on the target task, while promoting overhead
reduction. Considering the cases where user-beam association is supported by cluster-
ing algorithms and location information, [60] proposes the use of uncertainty K-Means to
account for the inherent errors from GPS data.

LiDAR, traditionally applied to object detection, is used for user localization in [61],
providing information that could support beamforming and beam management. Exploiting
similar environment-sensing capabilities, [62] proposes the use of data from a LiDAR sensor
mounted at the Base Station (BS) and LSTM models for beam selection and prediction
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tasks. In [63], LIDAR data from sensors at the mobile User Equipment (UE) in a Vehicle-to-
Infrastructure (V2I) scenario is studied to support beam selection. It proposes to aggregate
LiDAR information to user position data to feed a supervised learning model in Line-of-
Sight (LOS) scenarios. Radars are used to support the beam selection procedure in [64],
where ML models leverage the collected data on range-angle and range-velocity maps to
define an optimal set of beams.

In [65], the integrated sensing and communication paradigm is extended into a vision-
aided approach. [65] applies high-level semantic extraction from satellite images to em-
power beam management procedures, improving the accuracy in beam selection achieved
by cluster-based methods supported by location information only. Environment semantics
are also explored in [66], which applies pre-trained object recognition models to identify
target users in camera images. In [07], target-based semantic extraction is applied to
optimize image-based beam selection.

The case of multi-modal sensor data applied to the beam selection task is also explored
in the literature, most of the time by the combination of user location and one or more
of the sensor modalities listed above. For instance, a multi-modal ML-based approach is
presented in [08], which considers user location and camera images as model inputs for
beam selection in a V2I scenario. The multi-modal fusion is efficient on the beam selection
task, achieving higher accuracy than a single modal approach that leverages only camera
images or GPS data. In [09], multi-modal sensor fusion is applied to beam prediction.
It considers a fusion-based deep learning approach to combine latent embeddings from
user position, LIDAR, and camera image models in top-k beam prediction decisions. The
authors of |70] propose the use of Large Language Models (LLM) to handle the complexity
of multi-modal sensor data inputs in the optimal beam selection task.

As documented in [71], the main multi-modal beamforming and beam management-
related datasets to date are the Raymobtime |72, the FLASH [12]/e-FLASH |73], and the
DeepSense6G [20]. The three datasets focus on vehicle-based mobility scenarios, aiming to
explore the sensor capabilities of modern vehicles, which are also connected entities in cur-
rent mobile networks. Raymobtime uses a vehicle traffic simulator to model UE mobility
and sensors, and a ray tracing simulator to model the mmWave channel. The simulation
incorporates LiDAR, cameras, and location information from the users (vehicles). FLASH
aims to collect data in a similar V2I and multi-modal setting, but from real-world mea-
surements. It comprises data collected in the field from vehicles equipped with mmWave
connection, GPS, LiDAR, and a camera. Its extended version, e-FLASH, uses an addi-
tional LiDAR sensor and an additional camera for side view. DeepSense6G presents a
collection of datasets from multiple scenarios in real-world measurement campaigns de-
signed for the tasks of beam selection and blockage prediction. Besides mmWave, the data
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collection includes information from GPS, LiDAR, radar, and camera. Most scenarios
in DeepSense6G describe a V2I setting, but information for fixed transmission-reception,
indoor communication, and drone campaigns is also available.
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Figure 3.1: The Federated Learning for Automated Selection of High-band (FLASH)
mmWave sectors proposed in [12].

The availability of multi-modal data in mmWave scenarios, or single-modal data col-
lected by multiple distributed entities, motivated the study of DML techniques, especially
Federated Learning (FL) and Split Learning (SL), applied to the beamforming and beam
management tasks. For this class of problems, DML offers a solution for communication,
privacy, and security issues. DML exempts the system from transferring training data
between nodes. Moreover, it dismisses the need for central applications to access raw data
collected at the edge, guaranteeing privacy and improving the system’s security.

For instance, using the Raymobtime dataset, an FL. model is proposed to address the
beam selection problem based on the vehicular LiDAR information in [74]. The authors
have shown that a collaborative learning process improves performance on throughput
and best beam pair detection compared to baselines trained on local data only. FL is
also applied in 3.1, which aggregates user position, LiDAR, and camera images from the
FLASH dataset to perform mmWave sector prediction using local models updated at the
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edge and a global model spread to the network. Fig. 3.1 depicts the data collection and
federated training scheme proposed in [12].

SL is also used as an alternative for privacy-guaranteed distributed learning. Similar
to [74], [13] uses LIDAR data from Raymobtime to apply SL to the beam selection task.
Multiple users are considered distributed private data sources to feed the model in a scheme
depicted in Fig. 3.2. In [14], SL is applied in a multi-modal setting that combines external
information sources in a privacy-guaranteed model to enable power prediction in mmWave
systems. mmWave received power and UE camera images are used as private datasets.
A Convolutional Neural Network (CNN) architecture is applied, using mmWave power
samples converted into images, as shown in Fig. 3.3.
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Figure 3.2: Split Learning applied to beam selection considering user-specific private
datasets in [13].

Privacy and security are important motivations for the use of DML in beamforming and
beam management tasks. Recent literature has also addressed the reliability of Al-enabled
beam management solutions against poisoning and backdoor attacks to the ML models.
For instance, the authors of [15] design a backdoor attack in a LiDAR-based FL model
for beam selection, which is depicted in Fig. 3.4. A solution to identify backdoor-enabled
models is also proposed in [15]. In [75], a data poisoning attack against sensing-aided
beam selection is designed. It evaluates the impact of data poisoning samples on the
model trained for beam selection purposes, and proposes the use of Machine Unlearning
to detoxify the training process from poisoned data. Defensive distillation and adversarial
retraining are proposed to mitigate security issues in [76]. More security challenges in
Al-enabled beam selection are discussed in [77] and [75].
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3.3 mMIMO, Beamforming and Beam Management in
Open RAN

More recently, facing the development in Open RAN Alliance (O-RAN) specifications and
the definition of new use cases [10], research focusing on Al-enabled beamforming and beam
management strategies for Open RAN has been published. [79] analyzes beamforming in
O-RAN, with a focus on the required interfaces and RAN split options. It also models
and evaluates the implementation of Zero-Force beamforming in O-RAN, and presents the
method as a candidate solution to achieve flexibility and reduce interference at the Radio

Unit (RU).

In [16], a beam management technique supported by a Radio Environment Map (REM)
is developed to operate in O-RAN architecture (Fig. 3.5). It considers that knowledge
about the previous states of the radio environment can be valuable to beam management
decisions, especially under mobility conditions. User location information and received
power data are used to create a REM that enables an RL model to perform accurate
user-beam associations and avoid radio link failures.
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E2 Control Localization

Beam Selection

|

Beam Failures

External
Al ML Model
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Location

Information RSRP Maps

UE Mobility
Pattern Map

Figure 3.5: The ML-based beam management solution for O-RAN (a) and the Radio
Environment Map (REM) model (b) proposed in [10].

Recent advances on cell-free mMIMO also motivated the research on cell-free RAN
architectures and their integration to O-RAN. By definition, in a cell-free RAN architec-
ture, UE can be served by RUs connected to different Distributed Unit (DU)s. Moreover,
inter-DU cooperation and beam management procedures coordinated among different DUs
are some challenges faced in this type of deployment. Fig. 3.6 depicts a cell-free mMIMO
O-RAN architecture, as suggested in [17]. In [80], a decentralized pilot assignment method
for cell-free mMIMO in O-RAN is designed. A multi-agent DRL algorithm is implemented
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to diminish pilot contamination, and codebook optimization is performed considering the
decentralized characteristics of the proposed architecture. The signaling required in cell-
free O-RAN architecture is also the subject of [$1]. [17] analyzes the main physical layer
requirements for cell-free mMIMO in O-RAN. In [32], user clustering and mobility man-
agement schemes are proposed for the cell-free O-RAN.

Near-RT .
control loop Inter-O-DU \\EZ2 interface
(10ms-1s) cooperation

7-2 split fronthaul
(oRU| [oRU] [0O-RU] [ORU]

\A\A \A \A \A \A \A \A Antennas

Figure 3.6: Cell-free mMIMO concept applied to O-RAN;, as designed in [17].

The network’s Energy Efficiency (EE) is considered in [33], where an energy-aware
scheme for joint orchestration of cloud, fronthaul, and radio resources is designed for cell-
free mMIMO in O-RAN. Finally, [15] evaluates architecture design and challenges for a
cell-free RAN with practical implementation and experimental results collected in a testbed
depicted in Fig. 3.7.

PRES=

Figure 3.7: Cell-free RAN testbed implemented in [18]
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3.4 Overview

A rich literature on ML-based beamforming and beam management has been published in
recent years, potentialized by the availability of multi-modal sensing and mmWave datasets
designed for the beam selection task. DML solutions have also been addressed, as well as
the security aspects involved in applying data-driven methods to such tasks. ML-based
solutions for beamforming in Open RAN also received research attention, although the use
cases specified by O-RAN are yet to be explored in more detail, which is the main focus
of this thesis. In the subsequent chapters, solutions leveraging ML for the Grid of Beams
(GoB) Optimization and Al/ML-assisted Beam Selection O-RAN use cases are proposed.
Different than in existing works, a coverage-aware intelligent beam selection method ad-
dresses the GoB Optimization use case to improve EE in mmWave networks. The proposed
method considers the trade-off between EE and mmWave coverage. For the Al/ML-assisted
Beam Selection use case, the SL model enabled by multi-modal sensing datasets proposed
in this thesis envisions its deployment in novel RAN architectures. Unlike previous works,
it considers the vertically partitioned multi-modal data sources (GPS, LiDAR, and camera
images) as distributed clients, and aims to optimize the beam selection task in single and
multi-level settings.
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Chapter 4

An Energy-Efficient Solution for Grid of
Beams Optimization Using Advantage
Actor Critic Learning

Many millimeter wave (mmWave) systems rely on beam selection from a Grid of Beams
(GoB) to handle user-beam association, especially when using Frequency Division Duplex
(FDD). When that is the case, each Transmission-Reception Point (TRP) selects the ap-
propriate beam based on a pre-defined set of beams from the codebook, and each candidate
beam is evaluated using pilot signals (beam sweeping). The correct configuration of the
GoB determines the available options for beam selection, which significantly interferes with
the network performance. Furthermore, Open RAN Alliance (O-RAN) establishes the GoB
Optimization as one of its main use cases for massive MIMO (mMIMO) [19], foreseeing
the use of Machine Learning (ML)-based solutions to this end. In this context, ML can
be used to implement intelligent control, allowing a flexible and dynamic optimization of
GoB parameters.

This chapter describes the design and evaluation of a coverage-aware Advantage Ac-
tor Critic (A2C)-based GoB optimization method for energy-efficient mmWave networks.
Having the GoB Optimization use case in mind, the integration of the proposed algorithm
into O-RAN reference architecture is also studied.
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4.1 Problem Statement and Proposed Value

mMIMO systems with codebook-based beamforming rely on a GoB to define the set of
candidate propagation patterns for beam selection. The GoB configuration is directly
related to the system’s performance. It is usually performed based on domain experts’
knowledge and empirical testing [19]. However, suboptimal GoB configuration can lead to
high interference, poor mobility performance, and unbalanced traffic [19]. Furthermore,
the exhaustive search over the full GoB to perform beam selection may not be efficient
in some cases, as in high mobility scenarios. The overhead in this process can consume a
significant fraction of the channel coherence interval and leave little time for utilization [34].
Different solutions have been applied to address this problem, such as the use of out-of-band
information [84], hierarchical codebooks [29], and data-driven methods based on context
data [72].

A possible solution is the intelligent optimization of the GoB for cases where constraints
on the maximum number of beams are imposed. It has a higher success potential if
related parameters, such as the gNB transmission power, are considered. An intelligent
approach to power allocation in modern wireless systems must consider the system’s Energy
Efficiency (EE) while guaranteeing fair cell coverage. Next Generation Mobile Networks
pointed out that EE is a key factor in minimizing the Total Cost of Ownership (TCO)
and the environmental footprint of the network infrastructure [385]. The commitment to
EE improvement goals tends to stay on focus for Beyond 5G (B5G). In addition, O-RAN
signatory operators have recently released their technical priorities about EE [36]. Not
only are efficient hardware and software designs targeted, but there is also a focus on EE
performance indicators to be reported at different system levels, and on taking advantage
of ML algorithms to automate its improvement.

The solution proposed in this chapter builds upon the idea of local feature optimization
to contribute to a global goal. Based on the GoB optimization use case, an Reinforcement
Learning (RL) solution is proposed to select the best beam subsets and reduce the overhead
of the beam selection process. The A2C framework is then applied to perform the joint
optimization of beam selection and gNB transmission power, targeting to improve EE
without producing coverage roles.

The solution proposed in this chapter follows the design guidelines presented for A2C in
Chapter 2.3.1. A2C is a well-established framework for RL, with extensive documentation
and applications in different areas [37|. However, its use to optimize the GoB for beam
selection is yet to be explored. Beyond that, the approach proposed in this chapter offers
an energy-efficient and coverage-aware solution, and analyzes its integration to O-RAN
architecture.
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The proposed algorithm acts over the GoB and power configurations according to an
objective function designed to reward EE and penalize coverage holes. In particular, intrin-
sic information from the network (User Equipment (UE) Signal-to-Interference-Plus-Noise
Ratio (SINR) levels) is leveraged to feed the RL algorithm, and no external information
is required to support the optimization. In this scenario, the use of an ML model can
provide flexible design, improved performance, and feasible implementation at the Service
Management and Orchestration (SMO) if O-RAN architecture is in place.

4.2 Methodology

This section describes the methodology to address the GoB Optimization use case for
scenarios with constraints on the maximum number of beams, designing and setting up
the evaluation environment for an energy-efficient and coverage-aware solution.

4.2.1 System Model

The network configuration used in this work consists of a three dimensional (3D) beamform-
ing capable gNB and Ny g stationary UE in a 5th Generation (5G) New Radio (NR) system.
Analog beamforming is considered, and the UE can experience Line-of-Sight (LOS) or Non
Line-of-Sight (NLOS) propagation conditions. Finally, User Datagram Protocol (UDP)
transmissions in downlink (DL) model the data traffic.

The 3D beamforming capability is represented by a regular GoB that can be de-
scribed through the set of its elevation angles © = {6;,6,,...,0y,} and azimuth angles
O = {¢1,09,...,0n, - 0 and ¢ are, respectively, the elevation and azimuth angles of
the maximum gain in a beam. Each beam is then described by the pair (6;, ¢;), where
i € [1,Ng] and j € [1,Ng]. Ng and Ng are the number of values that 6 and ¢ could
assume in the GoB. The maximum number of beams available to the system, here defined
as Ng, is Ng = Ng - Ng. The full GoB, named T, is obtained in terms of © and .

IfYT =06 x ®, then:

(01, 01)  (01,02) ... (01, 0n,)

(02, 1)  (02,02) ... (02, 0n,)

T= (4.1)

(91\7@.? ¢1) (9N9.7 ¢2) : (QN@ 7. ¢N<1>)
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The 3D GoB beamforming model is depicted in Fig. 4.1. When GoB is used, the
overhead in the beam selection process derives from the requirement to exchange pilot
signals and evaluate the quality of each gNB-UE beam pair. When frequent changes are
observed in the channel, as in high mobility scenarios, this overhead could impact the
initial access and mobility procedures and consume channel utilization time.

Due to the overhead, constraints on using Ng beams during the beam selection could
be imposed. A subset of the GoB composed of K beams, where Kz < Npg, must be
defined for beam selection in some cases. Kp represents the maximum number of beams
for which the beam selection procedure is feasible in a given scenario.

The constraint can be attended if the number of elevation and azimuth angle options
are limited to a subset of © and ®. ©" and ®’, where © C © and &' C P, are subsets of
the original elevation and azimuth angle sets. Consider that Kg = K¢ - K¢, where Kg and
K are, respectively, the number of options that each beam elevation angle # and azimuth
angle ¢ could assume after the constraint, so as Kg = |0'| and K¢ = ||

Figure 4.1: Conceptual design of the 3D Grid-of-Beams beamforming model.

When there is no overhead constraint (the full GoB could be used), K¢ and K¢ may
assume the same values of Ng and Ng, so as © = © and ¢’ = ®. For the case of
Ko < Ng and K¢ < Ng, ©' and &’ should be determined. One solution is to sample ©
and ® according to Kg and K4, and consider equally spaced values for ¢; and ¢; within
its ranges. This approach, named Equally Spaced Beams (ESB), chooses ©' and @ to
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provide fair spatial coverage for the network area. Another option is to determine ©’
and @’ according to the characteristics of the scenario. Moreover, a dynamic choice over
the subset of ® and ® could be more efficient. Other network attributes may have a
critical influence in determining such configurations, such as the gNB power level. Fig. 4.2
illustrates different ways to determine GoB subsets.

—~
7

<

N,=5
K, =3

'

Figure 4.2: Conceptual azimuth view of Grid of Beams (GoB) subsets. a) K¢ = Ng, then
®’ = ®: the full GoB is in use; b) K¢ < Ng: @' is chosen from Equally Spaced Beams
(ESB) to provide fair coverage; ¢) K¢ < Ng: @' is chosen from the beams that could
provide the best service for the User Equipment (UE) in this scenario.

4.2.2 Proposed Approach and Markov Decision Process (MDP)
Formulation

This work proposes joint optimization of the GoB used for beam selection and gNB trans-
mission power, driven by EE and coverage awareness. The aim is to optimize the GoB
configuration, considering overhead constraints in the beam selection process in mmWave
networks. It focuses on optimizing one of the network’s global Key Performance Indicators
(KPI), the EE, and takes into account coverage capacity.

The optimization of beam selection and transmission power is done using the RL frame-
work A2C. As shown in Section 2.3.1, an RL algorithm relies on the formulation of an
Markov Decision Process (MDP). The MDP for this solution is formally defined as follows:
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State Space

The proposed environment is the network model described in Section 4.2.1 and presented
to the algorithm through the state space. s; consists of the SINR values I' observed for
each UE, quantized and truncated over the range [0, 10] dB, here represented as T'.

For each UE,
0, for I'; <=0
[y =< [Iy], for 0 < T; < 10 (4.2)
10, for I'; >= 10

Thus, the state space is formulated as:

St = [flana---nyUE]- (43)

Action Space

Following the GoB model described in Section 4.2.1, the action space is here defined as

ay = [ ;, q);n, (Sn], (44)

where ©) C © and !, C ®. | and m are subset indexes, so as [ € [1,L] and m € [1, M],
where L and M represent the number of different subset options from © and ® that account
for Kg and Kg constraints. Here, L and M are defined as: L = (N@) and M = (Nq’).

Ko Kg
Consider that 61 = (I?@) and ®M = (I?;)’ so ©F and ®M could represent the sets of
subsets from © and ® that account for Ko and Kg constraints. Hence, ©) € ©F and
¢’ € dM. §, accounts for a power level change over the baseline power level Pp, chosen
from the set of power level change options A. n is a change index, so as n € [1, Np|, and

Np = |A].

Reward Function

The reward function is proposed to reinforce the learning towards the best achievable EE
and to avoid coverage holes in the scenario. It is defined as follows:

3

Ty = —we - p. (4.5)

EMAX
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e represents the EE in terms of gNB throughput (7) and transmission power (P), so as
e = &. Here, epax is the maximum theoretical EE, derived from the data rate provided by
the server application in the system (7j4x ), and the minimum amount of power available

to be selected (Pyrn), i.e., Epax = %. Furthermore, p determines the UE outage ratio

based on an SINR threshold i p = %’ where nyg is the number of UE served by

the gNB with I <= fT. Since the second term in the reward function determines the
penalties according to the UE outage ratio, w¢ is used as an out-of-coverage density factor
weight, customizable to tune the severity of the penalty and balance the two goals within
the reward function: EE and coverage awareness. In summary, r; is proportional to EE,
and it seeks to maintain more UE above the SINR threshold.

4.2.3 Baselines

Two other versions of the MDP described above are evaluated as baselines. The first
one, named A2C-P, intends to cover the case where the algorithm conducts only power
optimization. In this case, ESB is used to define the constrained GoB. It uses the same
state space and reward function presented above, but the action space is defined as:

al = [0,). (4.6)

A second variant named A2C-B is proposed with the intent to cover the case where
only beam selection optimization is conducted. In this case, the baseline power level is
used. As A2C-P, it uses the same state space and reward function as A2C, but the action
space is defined as:

ay =10}, ,]. (4.7)

Finally, ESB and fixed transmission power are considered in a third baseline, covering
the case of no dynamic optimization.

4.2.4 Simulation Setup and Settings

The network environment is implemented using the 5G LENA module for ns-3 [38|. The
main network parameters are summarized in Table 4.1.
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Table 4.1: System Parameters

Parameter Value

Simulation Area 50 m x 50 m

gNB Antenna Array 4x32

Number of gNB 1

Number of UE {5, 10, 15, 20}

Carrier Frequency 28 GHz

Bandwidth 100 MHz

Numerology 2

Component Carriers 1

Propagation Model 3GPP TR 38.900 Urban Macro
gNB TX Power {32, 33.5, 35, 36.5, 38} dBm
UE TX Power 10 dBm

Traffic Type DL UDP

Packet Size 400 KB

Data Rate (User Application) 1 Mbps

Each simulation is set to last 150 ms, where only 100 ms are used for data traffic pur-
poses. Different scenarios are set according to the number of UE, so Ny = {5, 10, 15,20}.
UE are randomly distributed in the 50 m x 50 m scenario, where the gNB occupies the
center of the lower border (in a 2D grid map: x=25, y=0). The results shown in Section
4.3 refer to the average value and confidence interval of 40 different seed runs for each
scenario configuration. New channel parameters and UE distribution are set in each run.

Beam angles are set to reach the entire scenario according to the gNB position. From an
azimuthal perspective, it means ¢ € [0°,180°]. In the elevation domain, 6 € [—75°, —15°]
can guarantee a good reach within the scenario. A regular GoB where Ng = 3 and Ng = 5,
so as N = 15, is considered here. The set of available angles for each axis is the following:
© = {—15°,—45° —75°} and ® = {0°,45°,90°, 135°,180°}.

Ko = 1 and K¢ = 3 are defined considering a constraint of Kg = 3. For the A2C-based
approach, consider L = 3 and M = 10. ©] and ¢/ within the action space are chosen from
3 and 10 options, respectively. The following are two examples of valid selection options
for ©) and @/ ,: ©] = {—15°}, which consists in one of the three possible subsets of © when
Ko = 1, and @} = {0°,45°,90°}, which consists in one of the ten possible subsets of ®
when K¢ = 3. For the ESB strategy with Kp = 3, © = {—45°} and &' = {0°,90°,180°}
are considered. Both ESB strategies use the baseline power level (Pg), so as A2C-B. Py
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is set as 35 dBm. Five power level change options d are defined, so as Np = 5. The set of
power level change options is the following: A = {—3,—1.5,0,+1.5,+3} dB.

A2C implementation is done using the Python package Stable Baselines 3 [$9]. The
main hyper-parameters settled for the algorithm in use are listed in Table 4.2.

Table 4.2: A2C Hyper-parameters

General Parameters

Learning Rate 0.0007
Gamma (Discount Factor) 0.99
Policy Type Fully Connected Network

Actor Network

Number of Layers 2
Number of Neurons per Layer 64

Critic Network

Number of Layers 2
Number of Neurons per Layer 64

Fig. 4.3 shows the software tools, modules, and data flow to integrate information in the
simulation environment used in this work. The simulation orchestrator consists of Python
software developed for this work. The ns-3 simulator, which required no changes, provides
the support to physical layer and core network functions. The 5G LENA module provides
the support to 5G protocol stack and beamforming implementation. Changes were made
to the beamforming algorithms from 5G LENA in order to apply the GoB configurations
under optimization. Lastly, a custom Open Gym RL environment was developed to enable
the interactions between the agent, implemented using Stables Baselines 3, and the network
environment.

A simulation orchestration script was created to interface the RL algorithm and the
ns-3 network environment. Each A2C episode corresponds to a new simulation round in
ns-3, fed with the action set by A2C. A simulation round returns the states and reward
values needed to feed the RL algorithm’s next iteration.

The modular characteristic of the platform in use provides flexibility and possibility for
future reuse, beyond continuous development. For instance, other RL-based frameworks
can be used in the orchestrator, instead of A2C. Although designed to enable a proof of
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Figure 4.3: Main software tools and modules used in the simulation environment.

concept, this platform offers application design guidelines that can be applied to final de-
ployments. The same A2C environment can be adapted to run with Open RAN compliant
software in test beds or real world implementations.

The convergence curves for the reward values obtained by A2C are depicted in Figs. 4.4
- 4.7. As the number of UE grows, the average reward value decreases in the simulations.
It happens due to the gNB throughput saturation, and the penalties introduced by more
out-of-coverage UE, as per the design of the reward function in use (Eq. 4.5).
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4.3 Analysis of Simulation Results

Fig. 4.8 shows the EE values obtained for the proposed approach (A2C) compared to the
ESB for Kg = 3 and Nyg = 5,10,15,20. The cases with only the power or beam subset
optimization (A2C-P and A2C-B) are also shown. Kp = 15 represents the case where
T’ = 7T, and the beam search over the full GoB is performed. The results show that A2C
outperforms ESB for the same number of beams regarding EE. More importantly, it can
improve EE against the cases of no power optimization, even compared to Kz = 15. In
Fig. 4.8, EE increases with the number of UE due to the increased gNB throughput to
serve more users (close to saturation at Nyg = 20), since ¢ = 5. When the constraint
Kp = 3 is applied, the A2C-based approach achieves more than twice the absolute EE
value verified for the ESB strategy in any scenario under test.

The ratio of maximum theoretical EE achieved in each case (-—=—) is summarized

in Table 4.3. For Kp = 3, the A2C-based approach achieves, in average, 56% of the
maximum theoretical EE, while the ESB strategy accomplishes 27%. The individual A2C
optimization of power and beam subset, A2C-P and A2C-B, are more energy-efficient than
ESB for Kp = 3, and present 38% and 33% of the maximum theoretical EE. Still, both
solutions under perform the joint optimization of power and beam subset in terms of EE.
For Kz = 15, ESB with fixed power is more energy-efficient than the baselines, but does not
account for the Kp constraint defined for the problem. However, the fact that it achieves
lower EE than the A2C-based approach (40% of the maximum theoretical EE, against
56% of A2C), signalizes possible gains with intelligent transmission power allocation in
the scenario. It could be applied independently when the full GoB is accepted and no
constraint is in place.
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Figure 4.8: gNB Energy Efficiency. Kp is the number of beams in the grid. § is the power
level change from the baseline power level.

Table 4.3: Max Energy Efficiency Ratio

£/emax
Nug
Algorithm 5 10 15 20 Avg.
A2C (Kp=3,0=4¢,) 074 0.55 0.50 0.43 0.56
A2C-P (Kg=3,06=4¢,) 051 0.36 032 032 0.38
A2C-B (Kp=3,0=0) 042 034 031 0.27 0.33
ESB (K5 =3,6=0) 0.33 0.28 0.24 0.23 0.27
ESB (Kp =15, =0) 044 042 0.39 0.35 0.40

For the same number of beams, the use of A2C does not have a significant impact on
throughput, as shown in Fig. 4.9. The results for the full GoB (Kp = 15) represent an
upper bound reference, since it achieves higher values due to the gains in SINR derived
from the availability of more beams, but it is not compliant with the constraints defined in
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this problem (K5 = 3). As shown in Section 4.2.2, A2C-based solutions proposed here are
designed to optimize EE, which can be done by maximizing gNB throughput or minimizing
gNB transmission power. The similar performance in throughput for the A2C and ESB-
based approaches when Kp = 3 indicates that A2C leveraged gains with lower transmission
power to achieve its goals. It can be noted that A2C-B, which uses fixed power and can
only act to optimize the choice of beam subset, has slightly better throughput. The impact
of beam subset choice on the throughput tends to help on improving EE. However, the
improvement on EE from throughput optimization with A2C-B is lower than what A2C-P
achieves with power optimization, as shown in Table 4.3.
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Figure 4.9: gNB Throughput. Kp is the number of beams in the grid. J is the power level
change from the baseline power level.

Fig. 4.10 shows that A2C converges to minimize transmission power at the gNB. More-
over, the algorithm achieves transmission power levels under the same confidence interval
for any value of Nyg. If only power optimization is performed (A2C-P), power levels in use
are still diminished, but are higher than for the global A2C case (Fig. 4.10). It happens
because, diminishing the power beyond that level, the algorithm would start to compromise
throughput, which also affects EE. For the global A2C case, beam subset choice is avail-
able, which can provide throughput optimization, giving greater margin for minimizing
power consumption. Therefore, A2C-P and A2C-B have similar performances on EE. It
is the joint optimization of beam selection and transmission power that produces the best
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EE results. The proposed approach leverages the gains from the beam subset optimization
with throughput to minimize transmission power and improve EE at the gNB.

e LS U
| _
as) ; —
e} Baseline Power Level (§ = 0)
R oo Baseline Power Le 0.
S
5 L
g ]
= T -
2,8 b4 ¢ e
50 32 P Min Power Level (8 = —3dB) |

@ A (Kp=3,6=6)
- A2C-P(Kg=3,6=26,)
C 1 N " N L 1 L N L N 1 " L 1 1

5 10 15 20
Number of UEs

Figure 4.10: gNB Power Usage. Kp is the number of beams in the grid. ¢ is the power
level change from the baseline power level.

As shown in Section 4.2.2, the reward function of the proposed approach is designed to
improve EE and avoid the presence of coverage holes. Fig. 4.11 shows how the proposed
approach reduces the number of UE with [ < 0 in the scenario, compared to the ESB
case with the same number of beams. It happens even though the use of A2C translates
into lower levels of power applied in the system, as shown before. Thus, it is the product
of a better beam subset definition compared to the simple ESB strategy. The dynamic
beam subset choice allows propagation patterns to be better aligned with UE position in
the scenario during beam selection, improving SINR. In fact, the performance of strategies
with fixed beam subset (A2C-P and ESB for KB = 3) is similar in terms of coverage.
Meanwhile, A2C and A2C-B present a greater percentage of UE with SINR above zero, with
the A2C-B having slightly better performance due to the fixed power levels. In conclusion,
the dynamic beam subset and power choice did not create coverage holes compared to the

ESB and fixed power case for KB = 3
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Figure 4.11: Percentage of UE with SINR Above 0 dB. Kp is the number of beams in the
grid. ¢ is the power level change from the baseline power level.

The balance between the two goals within the reward function designed for the A2C-
based approach can be performed by adjusting the parameter we in Eq. 4.5. we is de-
signed to balance the dominance of the EE goal over the coverage awareness goal inside 7;.
Fig. 4.12 and Fig. 4.13 explore the same scenario under different we values. Increasing we
(we = 2) diminishes the number of UE with SINR below zero (Fig. 4.13), but also leads
to losses in EE. Similarly, lowering we (we = 0) produces better EE, but the losses in
coverage are noticeable. The parametrization of we shows the flexibility of the proposed
approach and how it can be adjusted to balance these goals according to the needs of each

application.
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4.4 Integration to O-RAN Architecture

In accordance with the GoB Optimization use case presented in [19], the approach proposed
in this chapter can be deployed as an rApp in the SMO using O-RAN reference architecture,
as shown in Fig. 4.14. In the proposed deployment, network data gathered by the Open
DU (O-DU) is sent to the SMO and the Non-Real Time RAN Intelligent Controller (Non-
RT RIC) Framework through the O1 interface. The Non-RT RIC Framework uses R1

communication to transfer network-related data to the rApp.

SMO Non-Real Time RIC

A2C Based
GoB Optimization rApp
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Figure 4.14: The proposed solution is deployed as an rApp in the SMO, and the data flow

through the rApp and O-RAN entities.
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As shown in Section 2.2, rApps are applications designed to automate and control Radio
Access Network (RAN) functions and run on top of the SMO platform. The Non-RT RIC,
an SMO entity, enables the rApps to operate in control loops of 1 second or more [8].
The proposed strategy implementation as an rApp is feasible because the GoB and power
optimization do not require near real-time feedback and interventions. The A2C-based
GoB and power configurations (actions) can be applied to the Open RU (O-RU) through
Open Fronthaul (FH) M-Plane interface, and to O-DU through O1 interface. Non-RT
RIC rApps are not limited to the O-RAN environment. With proper interfaces, similar
deployment could be done on top of Cloud RAN or purpose-built network architectures. In
this context, a multi-vendor deployment is also feasible, as long as the interactions between
the proposed solution and network entities are enabled. In parallel with the simulation
environment used in this work (Section 4.2.4), it can be said that the Python script used
as an orchestrator and shown in Fig. 4.3 acts as the SMO, the Pytorch and stable baselines
modules that implement the A2C-based solution act as an rApp, and the ns-3 network
simulator acts as the RAN in a live network environment.

Fig. 4.15 details the internal functioning of the proposed rApp. As discussed, A2C dif-
fers from other Deep Reinforcement Learning (DRL) frameworks due to a clear separation
between two tasks performed by the agent. Each block within the agent (actor and critic)
has its dedicated neural network engine to perform the corresponding task. The critic’s
task is to judge the actor’s decisions based on the current state of the environment and
the outcomes provided as a reward. The actor’s task is to define the best action to be
performed on the environment based on the current state and the policy values sent by the
critic [87].

£ Values
Actor Critic

____________________________ Action Selection State Report :! Reward Function
Algorithm [©], @, 0n] 1T Ty i Computation
Configuration [~ 1

Figure 4.15: A2C-based rApp internal functioning (a;: action taken at time ¢; s;: state
reported at time ¢; r;: reward value at time t).
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The algorithm configuration is done based on ©, ®, we, Ko and Kg. In each loop,
data collected from O-DU enables the reward function computation (feeds the critic) and
the state report (feeds the actor and the critic). The actor does the action selection and
sends it as an rApp policy to be applied to O-RU and O-DU.

The following sequence of steps describes the solution’s action flow within the network:

1. Define Kg and K¢ according to the beam search overhead constraint Kg. Complete
the algorithm configuration with ©, ®, and we.

2. Based on SINR values gathered from O-DU via O1 and R1 interfaces, the A2C agent
selects the best action (0}, ®/ . d,) to maximize the system’s performance in terms
of EE and coverage awareness. The action is applied to the O-RU via Open FH
M-Plane interface, and to the O-DU via the O1 interface.

3. gNB sets the power change ¢,,, and the beam selection procedure for the scenario is
configured to be performed over a new GoB configuration: T/ = 6] x @/ .

The integration scheme proposed in Fig. 4.14 follows the GoB Optimization use case
specification defined by O-RAN, and the suggested message flow to enable this applica-
tion, shown in Fig. 4.16. Although the message flow from Fig. 4.16 is designed for a
supervised learning approach, the proposed flow and interfaces can be easily adapted for
an RL solution, as proposed here.

Fig. 4.14 depicts three main phases. The first corresponds to data collection and algo-
rithm training. The second refers to algorithm inference and GoB configuration application
to the network entities. The last phase corresponds to ML performance monitoring, which
can restore the GoB configuration to default values in the case of failure in the optimiza-
tion process through the use of the ML-based rApp. Fig. 4.16 also accounts for the case
of external data sources used for the GoB Optimization application, such as user location
information. Many beam management solutions recently published in the literature can
benefit from data sources external to the RAN, and more details are given in Chapter 5.
However, it can also represent additional complexity and latency. Thus, the use of intrinsic
information only (UE SINR levels) can be considered one of the advantages of the solution
proposed here.
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4.5 Summary

This chapter showed the design and evaluation of an A2C-based strategy for GoB op-
timization in 5G mmWave networks. The A2C framework was applied to promote EE
improvement and coverage awareness, deciding jointly on the GoB configuration for beam
selection and transmission power at the gNB. A deployment option on an SMO platform
was also shown, exemplifying its potential to be used in O-RAN reference architecture to
fulfill the GoB Optimization use case.

The proposed approach can optimize GoB beamforming and introduce significant gains
in EE. Upon constraints on the maximum number of beams, the algorithm can place good
decisions in terms of beam subset choice and transmission power with the use of intrinsic
information only (UE SINR levels). The gains from the beam selection are leveraged to
minimize the transmission power in the system. No throughput or coverage losses are
required to improve EE, and the balance between EE and coverage is explored within the
reward function parametrization, which accounts for the flexibility of this proposal.
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Chapter 5

A Split Learning Solution for
Sensing-Aided Beam Selection in
Multi-Vendor Environments

The convergence of sensing and communication allows for new use cases in wireless net-
works. Ultimately, mutual assistance between the two tasks is expected, leading the Inte-
grated Sensing and Communications (ISAC) systems discussed in Chapter 2.1.4. Sensing
data describing the network environment is also one of the main alternatives explored in
literature to support millimeter wave (mmWave) systems, diminishing the overhead during
beam selection (Chapter 3.2). To this end, Open RAN Alliance (O-RAN) defines the Ar-
tificial Intelligence (Al)/Machine Learning (ML)-assisted Beam Selection use case, which
foresees the use of external information sources, and ML algorithms to support beam selec-
tion decisions. When multiple sensing data sources are implemented by different vendors
and accessed by the same application, new challenges arise.

Chapter 4 presented a Grid of Beams (GoB) optimization solution based on intrinsic
network information only. This chapter explores the case of multi-modal sensing data from
information sources external to the Radio Access Network (RAN) applied to the beam
selection procedure. It considers multi-vendor environments, and applies Split Learning
(SL) to leverage the gains of Distributed Machine Learning (DML), promoting privacy and
data ownership guarantees.
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5.1 Problem Statement and Proposed Value

In codebook-based mmWave systems, the selection of an optimal beam is usually achieved
through beam sweeping-based strategies, where the expected performance of each candidate
beam is assessed through pilot signals, as shown in Chapter 2.1. The exhaustive search over
the full codebook diminishes misdetection probability, but increases initial access delay and
overhead [!]. Sensing-aided methods have been applied in literature to optimize the beam
selection procedure (Chapter 3). Sensing data capturing characteristics of the scenario that
affect the mmWave channel can carry information that could replace or support traditional
beam sweeping-based strategies, lowering the overhead.

Recently, datasets comprising mmWave and sensor data have been published to support
this task [72] [12] [20]. Global Positioning System (GPS), Light Detection and Ranging
(LiDAR), radars, and cameras are some sensors explored in the scenarios. In this context,
ML algorithms can be applied to make more sense of the data, offering solutions to map
the environmental inputs to an optimal beam at each time.

O-RAN defines the AI/ML-assisted Beam Selection use case, which foresees the use
of contextual information stored at external data sources to support beam selection de-
cisions, improving accuracy while diminishing overhead. In an open and multi-vendor
disaggregated RAN environment, it is expected that multiple applications (rApps and
xApps described in Chapter 2.2) could simultaneously use the same data sources contain-
ing contextual information to enable different network functions.

Such data sources and applications could be maintained by different equipment vendors,
the network operator itself, or third-party developers, and sensor data from one company
could potentially enable applications developed by others. In this multi-application and
multi-data source RAN environment, depicted in Fig. 5.1, new challenges arise:

e Privacy: Some data sources may carry sensitive information (e.g. user location and
camera images), which should be carefully processed.

e Data Ownership: Data is treated as an asset. In a multi-vendor RAN deployment,
it could impose constraints on the sharing of raw data with third-party applications.

e Performance: The sharing of high-volume data with multiple applications could
overload communication and processing within the management and orchestration
platform.

To cope with such issues, the solution described in this chapter proposes the use of
SL on multi-modal data sources. It targets the use case detailed in [19] and dismisses
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the need to share raw data with a central application, considering a vertically partitioned
architecture where entities hold heterogeneous sensor data. Moreover, this work aims to
compare DML and Centralized Machine Learning (CML) multi-modal solutions in terms
of the system’s performance. The use of a sensing-aided DML-based strategy on multi-
level beam selection settings is also analyzed, addressing the case of hierarchical codebook
designs [29].

Although different works address the use of sensing and contextual information data to
support beam selection decisions enabled by ML models, none of them evaluates the case
of a multi-application and multi-data source RAN environment enabled by different ven-
dors, and how their interaction could fit the O-RAN framework. Therefore, the problems
described above need to be addressed by novel solutions.

The main goal of this chapter is the design and evaluation of a distributed solution
able to address Al/ML-assisted Beam Selection use case in O-RAN, considering the cases
where multiple vendors can cooperate in a DML model without the need for sharing raw
information.
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Figure 5.1: Multi-application and multi-data source RAN environment.
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5.2 Methodology

This section describes the methodology to address the AI/ML-assisted Beam Selection use
case for scenarios where multi-modal sensing information acquired by multiple vendors is
leveraged to support RAN applications.

5.2.1 System Setup and Data

The DeepSense6G is a collection of datasets comprising sensing and mmWave data collected
in the field to serve sensing-aided beam selection and blockage prediction tasks [20]. Due
to the availability of multi-modal sensing information, this work uses the Scenario 9 from
DeepSense6G |20]. Fig. 5.2 shows the mmWave and sensing scenario scheme, and Fig. 5.3
presents the testbed for data collection.

MMWAVE
ANTENNA
PANNEL

T ¥ x’,’f» # -
S mmWaveTX: Siver EVKO6002 &g
B .

P BT e
e R SN Bl

LiDAR: SLAMTEC RPLiDAR

Radar: Tl AWR2243BOOST

Figure 5.2: Setup scheme. Figure 5.3: DeepSense6G’s Scenario 9 testbed [20)].

The system consists of a single Base Station (BS) and mobile User Equipment (UE),
connected in a Vehicle-to-Infrastructure (V2I) setting. The BS (mmWave receiver) is
equipped with a 16-element uniform linear phased array antenna and uses a two dimen-
sional (2D) codebook with Np = 64 beams. The UE (mmWave transmitter) antenna is
omnidirectional and operates at 60 GHz.

UE is equipped with GPS to provide awareness of the transmitter-receiver relative
position. To sense the environment, the BS is equipped with LiDAR, camera, and radar,
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where data from the first two are used in this work. The data collection occurs outdoors, in
a public lane, subject to the interference of pedestrians and other vehicles. It covers a time
interval T', which accounts for multiple UE mobility events in a trajectory perpendicular to
the BS. T" is sampled every 100 ms. For each timestamp ¢ € T, the dataset provides multi-
modal sensing and mmWave information. The data pre-processing steps are described as
follows.

GPS Dataset

UE’s GPS data is provided as a [lat, long| tuple. Since the BS location is available,
the absolute BS-UE distances are taken during the data pre-processing phase to enable
generalization to different scenarios. This information composes a dataset X = {x; }er,
where x;, € R? is the vector containing the BS-UE horizontal and vertical distances at the
time ¢. Fig. 5.4 shows selected samples from the GPS data collected in the scenario.
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Figure 5.4: Sample of GPS data from DeepSense6G’s Scenario 9 [21].
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LiDAR Dataset

The LiDAR equipment at the BS captures 2D point cloud information describing the
scenario. It applies 460 sensors angular distributed across 360°. Each sensor estimates
the distance from the BS to the next obstacle in the corresponding angular view, resulting
in 460 |angle, distance| pairs. DeepSense6G provides LIDAR data after applying Static
Clutter Reduction (SCR), which reduces the effects of ground, walls and heavy static
objects in the scene, resulting in 216 [angle, distance| pairs.
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Figure 5.5: Sample of LiDAR 2D point-cloud from DeepSense6G’s Scenario 9 before (a)
and after SCR (b).

To deal with such high-dimensional data, the LIDAR SCR information is here converted
into [x, y| distance values, and Principal Component Analysis (PCA) is applied to define
the 14 most relevant features. The number of PCA components was defined based on the
validation error verified during the training phase (more details in Chapter 5.2.4). The
features compose a database Y = {y;}ser, where y; € R is the vector containing the 14
principal components extracted from the processed LiDAR data at time ¢. Fig. 5.5 shows a
sample of the 2D point-cloud LiDAR information collected in the scenario at a given time
t.

Camera Images Dataset

RGB camera images with resolution 960 x 540 px are provided at each t. During the
pre-processing phase, the pre-trained object recognition model YOLOwv5 [90] is applied
to recover the rectangular bounding boxes covering the Ng elements most confidently
recognized as a car in the picture. Its lower-left and upper-right pixel coordinates represent
each bounding box in a tuple [height coord., width coord.]. A dataset Z = {z;};cr is built,
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where z, € RY2*4 is the vector containing the Ny boxes’ pixel coordinates at time t.
Ng = 3 is used in the models presented in this work.

Figure 5.6: Sample of camera image from DeepSense6G’s Scenario 9 and object recognition
with YOLOv.

mmWave Dataset

For each timestamp is provided a vector by € R¥2, by = {b[i]}icp1,n,], containing the
power gain values of each beam in the codebook, obtained from an exhaustive beam search.
The i beam at ¢ has power gain b[i]. Therefore, the optimal beam at ¢ can be defined
by:

I, = argmax(by[i]). (5.1)
iElI].,NB]]

For sample labeling purposes, I; can be encoded as the one-hot vector b} € {0,1}"5,
b; = {b; [i]}ie[[LNB]], where:

1, ifi=1
bl =q 0 T (5.2)
0, ifi#1I,

The dataset B = {b}};cr is used to represent the target outputs in the models proposed
in this work.
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Figure 5.7: Sample beam propagation patterns from the 2D codebook used in the mmWave
system of DeepSense6G [20]. The 64-beam codebook spans approximately 85°. Left:

beam 2, with maximum propagation gain at 130.79°. Right: beam 63, with maximum
propagation gain at 46.33°.

Summary of Data Pre-Processing Steps

After data collection, the sensing information can be organized in a relational database, as
shown in Fig. 5.8, indexed by the sampling time stamps.

Scenario N

Scenario 2
Scenario 1

Unit 1 Data  Unit 2 Data Unit U Data
( ) (o]

Oi—)

=

- Unit 1 Data ~ Unit U Data T~

N ~
_ mmWave RX Radar LiDAR Camera Position - _ mmWave RX Radar LiDAR Camera Position -

Sampling time 1 Sampling time 1

Sampling time 2 Sampling time 2
Sampling times T T 77" Sampling time 3

Sampling time M

Sampling time M

Figure 5.8: Representation of a relational database comprising the mmWave and sensing
features at BS (Unit 1) and UE (Unit 2) in a DeepSense6G scenario [20)].

The data pre-processing steps are summarized in Fig. 5.9.
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Figure 5.9: Data pre-processing steps applied to define X', )V, Z and B. Note that, in a
multi-vendor RAN, or a multiple data supplier scenario, X', ) and Z could be maintained
by different vendors or suppliers.

5.2.2 ML-assisted Beam Selection

This section introduces how the ML models are applied to sensing and mmWave data for
beam selection. Sections 5.2.2.1 and 5.2.2.2 present single-level beam selection, charac-
terized by decisions taken over the full codebook. Section 5.2.2.3 introduces ML-based
multi-level beam selection.

5.2.2.1 Beam Selection Using Centralized ML (CML)

Consider that & represents any of the sensing datasets described in Section 5.2.1, so as
S e {X,V,Z} and s; € {xt,y+,2:}. In a single-modal setting, a Neural Network (NN)
model can be designed and trained with the support of the feature S and label B. Moreover,
in a trained model fs, where the softmax function is used at the output layer,

[s(st,0s) = Psy, (5.3)

where ©g is the set of trained NN parameters on fs and ps;: is a probability vector
comprising the full codebook. Then,
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Pst = {Pslt] biepi,Np]- (5.4)

ps.[i] is the probability of the beam ™ be the optimal beam at the time ¢, assigned by
the model fs. The model output has size Ng, where Np is the beam codebook dimension.
Taking Ks 1 as the vector corresponding to the &£ most likely beam indices from the model
output ps;, the measurements set Mg, is defined as

MS,t,k’ = {btm}ielﬁs,t,kv (55)

where b;[i] is the power gain for the i beam at time ¢, obtained via beam search. k is used
to denote the number of required beam searches in the system. Moreover, building Mg ,
|Ms.+ x| = k, represents applying beam sweeping over the & most likely beams in pg;. If
k < Ng, relevant gains from overhead savings are still verified. Finally, the prediction of
the optimal beam is taken from:

I, = argmax(b,[i]). (5.6)
iEK:S’t’k

Since multi-modal sensing data is available, the heterogeneous feature inputs can be
combined in a single and centralized model. A trained model fo can be considered, so as

fe(xdlyillze, ©c) = pcy, (5.7)

where || represents the concatenation operation, and O is the set of trained NN parameters
on fo. feo represents a CML model, which addresses the beam selection task by taking
aggregated multi-modal data as inputs.

5.2.2.2 Beam Selection Using Distributed ML (DML) Based on Split Learning
(SL)

In practice, concatenating the input features requires access to raw data, and the privacy
and ownership issues mentioned in Section 5.1 may arise. This problem could be avoided

by using a DML method. In this case, a method suitable for vertically partitioned data is
required. The use of SL is proposed to define a model fp as follows:

fD(Xt>Yt7Zt7¢X7¢ya¢Za(I)D) ‘= PbDy- (5-8)
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Note that, for three sets of inputs, fp requires four sets of trained NN parameters:
dx, 0y, 0z, Pp. In SL, a set of clients responsible for the databases and a server responsible
for an application are considered. Each client holds and trains a portion of a NN, so as
the server. During the forward step in the training process, the outputs from the neurons
in the client’s last layer (named cut layer in SL) are concatenated and fed into the server’s
first layer. Loss is computed at the server side, which has access to the labels dataset (in
this case, B). The inverse procedure occurs to propagate the gradients and update the
parameters in the backward step [10]. Therefore, ¢x, ¢y and ¢z are the model parameters
for the clients holding X', ) and Z and running fp. ®p is the set of model parameters on
the server side for this application.

5.2.2.3 DML-Based Multi-Level Beam Selection

In multi-level beam selection, sequential decisions are employed to minimize the signaling
overhead, and the beam selection is performed according to the feedback reported at each
level [29]. Multi-level beam selection is also associated with hierarchical codebooks. The
wide adoption of this approach in mmWave systems motivates the study of a sensing-aided
DML-based strategy for multi-level beam selection.

To represent a multi-level configuration, the N codebook is grouped into N; groups
with N, beams each, so as Ng = N; X Ny. The set of beam groups is G = {g;};ep,n,] and
the set of beam indices at a group g; is Ly, = [1 + Ny x (j — 1), N2 x j]. DML is then
considered to be applied to enable either the first or second-level decision.

e DML on Level 1:

Eq. 5.8 can be modified to predict an optimal group ¢ among N; options, and
an exhaustive search can perform the second-level decision over the beams in Lj;
(Fig. 5.10). Moreover, k = N, if DML is applied on Level 1.

e DML on Level 2:

Alternatively, an exhaustive search over N; probing beams may be performed at the
first level to define a group ¢’, while DML is leveraged to address the second-level
decision and predict an optimal beam Ie Ly . Moreover, k = N; for DML applied
on Level 2.
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Figure 5.10: DML-based multi-level beam selection.

5.2.3 Baselines

Four baselines are considered: Hierarchical group search, binary search, peak-finding algo-
rithm, and position-angle beam alignment.

Hierarchical group search

A two-level hierarchical search with N; groups of Ny beams each is considered. Probing
beams are associated with each group, selected from the middle of its index range. k =
N1 X Ny measurements are required.

Binary search

This approach consists of a generalization for the two-level hierarchical group search, where
the number of levels is defined by logs(Np). At each level, the codebook is divided into two
groups. As in the last case, it considers probing beams associated with each group, and
the group is selected based on the power gain of its probing beam. Hence, k = 2logs(Np)
beam measurements are required.

Peak-finding algorithm

Peak-finding algorithms were proposed in [91]. The Multi-Peak Finding (MPF) method is
considered here. It divides the codebook into R regions and performs Single Peak-Finding
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(SPF) in each of them, aiming to find the trend toward the maximum beam measurement.

The expected value for the number of required beam measurements can be considered
E[/{;] =3R+ 3R(log2(Ng/R)—1)—3R
2 .

Position-angle beam alignment

This baseline is based on the context information-aware sector selection method proposed
in |92]. Sensing information is required (GPS data), but no ML algorithm is used. User
location is leveraged to refine the conventional search to the k beams for which the angle
in the codebook is better aligned with the relative position of BS-UE.

State of the Art (SOTA) ML-based solutions

Finally, the proposed DML-based solution is compared to the recent SOTA methods’ results
from [59], [6], and [67], which are applied to the same DeepSense6G’s Scenario 9.

5.2.4 Model Training and Settings

The NN parameters DML and CML models used in single-level beam selection, defined by
grid search, are shown in Table 5.1. The datasets used in this work comprise approximately
6000 samples, from which 90% is taken for training and 10% for testing. 5-fold cross-
validation is used in the 20 epochs training process. The results shown in this section refer
to the application of the proposed trained models and their baselines to the test set.

Table 5.1: Neural Network Parameters for DML and CML Models in Single-Level Beam
Selection

DML Model Parameters | CML Model Parameters
bx Py Oz 1035 Ox ©y Oz Oc¢

Inputs 2 20 12 - 2 20 12 34
Number of

Hidden 2 1 2 1 1 1 1 2

Layers

Newons 956 198 256 64 | 256 64 128 128
(per layer)

Outputs - - - 64 64 64 64 64
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5.3 Analysis of Simulation Results

Using a single-level beam selection setting, the performance of the sensing-aided DML
model is evaluated against CML model options fed with single and multi-modal sensing
data. Figs. 5.11 and 5.12 show the accuracy and average received power ratio for each
case. The results show the advantages of using multi-modal data for different values of
k. Moreover, using multi-modal sensing data, the DML-based model achieves comparable
performance to its centralized counterpart, with the advantage of being able to cope with
privacy and data ownership challenges.

Overhead Savings (%)

92.2 84.4 76.6 68.8 60.9 53.1
1.0 ‘ : -
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0-0 5 10 15 20 25 30

Number of Beam Measurements (k)

Figure 5.11: Accuracy vs. number of beam measurements (k) for SL-based and centralized
learning in single-level beam selection.

The use of sensing data and DML applied to multi-level beam selection is analyzed
compared to the single-level case and baselines. Fig. 5.13 shows the accuracy of the pro-
posed models and baselines against the number of required beam measurements (k). One
can observe that increasing k can improve the accuracy of any model option, which is due
to a broader search over probable beams, increasing the chances of detecting the optimal
one, but lowering the gains in overhead savings.
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Figure 5.12: Received power ratio vs. number of beam measurements (k) for SL-based and
centralized learning in single-level beam selection.
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Figure 5.13: Accuracy vs. number of beam measurements (k) for single and multi-level
beam selection and baselines.
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The effects of grouping the beams are verified when the multi and single-level cases
are compared. The proposed approach performs better in single-level settings, because the
refinement over k is not constrained to the beams of a given group. For the multi-level
case, results show that a sensing-aided DML-based decision is better applied to the first
level than the second. The reason is the highly correlated performance of the beam options
in a Level 2 decision. In Line-of-Sight (LOS) links, the performance of neighbor beams
in a codebook can be similar, while different groups provide a less correlated experience.
Selecting a group is equivalent to selecting a region in the codebook, which is a task with
lower granularity and better differentiability.

The recent SOTA results from [59], [61], and [67], apply single modal data from the
same DeepSense6G’s Scenario 9. The DMI-based multi-modal approach surpasses the
ML-based method using GPS data from [59] in terms of accuracy. The method from [61],
which uses radar data (not addressed in this work), presents accuracy results comparable
to the multi-modal approach documented here. Finally, the image-based method from [67],
also presents accuracy levels comparable to the proposed multi-modal case, even using only
the camera images as data inputs.

The performance of the proposed models may also be assessed through the average
received power ratio obtained by the selected beams. Fig. 5.14 shows the average received
power ratio between the selected and optimal beams at ¢. Even for low values of k, the
received power ratio is greater than 90% in any of the DML-based models. As previously
stated, the LOS condition favors correlated performance among neighbor beams. Thus,
wrong predictions for close margins in the beam index can still guarantee reasonable re-
ceived power. Moreover, even when the DML-based decisions are not optimal, the margin
of real losses can be discrete in the face of the gains on overhead savings.
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Figure 5.14: Avg. received power ratio vs. number of beam measurements (k) for single
and multi-level beam selection and baselines.

Considering the original codebook is comprised of Ng = 64 beams, k = 8 still corre-
sponds to overhead savings greater than 85%. Under the such value of k, the DML-based
beam selection applied to Level 1 in the multi-level setting or to the single-level setting
achieves more than 90% accuracy and average received power above 98%, superior to any
of the baselines.

5.4 Integration to O-RAN Architecture

O-RAN specified the related entities and the proposed message flow for the integration of
an application targeting the Al/ML-assisted Beam Selection to its reference architecture,

as depicted in Fig. 5.15.
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Figure 5.15: Message flow for the AI/ML-assisted Beam Selection use case in the O-RAN

architecture [19].
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The diagram shows that the Collection and Control mechanism in the Service Manage-
ment and Orchestration (SMO) can access external data sources to provide the enrichment
information required for the application to work. SMO also gathers network-related data
from E2 nodes (Open CU (O-CU), Open DU (O-DU), Open RU (O-RU)). The ML model
training occurs at the Non-Real Time RAN Intelligent Controller (Non-RT RIC), while
its deployment for inference purposes occurs at the near-Real Time RAN Intelligent Con-
troller (near-RT RIC). Moreover, SMO collects the data at the external sources for model
inference, which is transmitted to the application deployed at the near-RT RIC through
the A1 interface. The application at the near-RT RIC communicates with the E2 nodes to
apply the beam selection policy. Finally, the algorithm’s performance is monitored within
the SMO, which can also trigger model retraining or update.

The distributed nature of learning in SL allows the approach proposed in this chap-
ter to be suitable for O-RAN architecture in multi-vendor settings. The integration of
the proposed sensing-aided SL-based beam selection method and O-RAN architecture is
conceptually depicted in Fig. 5.16, following the message flow presented in Fig. 5.15.

The following sequence of steps is envisioned for the approach depicted in Fig. 5.16:

1. Data collection: Sensing information is stored on multi-vendor external data sources,
and mmWave data is acquired from the O-DU;

2. Training: SL training phase is performed at external data sources, and the Non-RT
RIC. Outputs are shared between clients and server through SMO;

3. Deployment: The trained application (server side) is deployed in the near-RT RIC;

4. Inference: For new sensing information, data is applied to clients, and its outputs
are sent to the application deployed at the near-RT RIC for inference;

5. Action: The optimal beam subset is applied to O-DU.

One of the requirements of the DML algorithm in use is the synchronous communication
between the clients. As discussed, parallel SL. demands the concatenation of the clients
outputs to serve as an input to the server network. It happens during the training and
inference phases. If the information is not available at the same frequency in all the clients,
it can be chosen by sampling it to a lower frequency or filling the gaps with outdated
information. Moreover, the synchronous communication can be seen as a limitation to
perform at lower latency rates.
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Figure 5.16: Conceptual integration of the proposed multi-modal sensing-aided SL ap-
proach for beam selection in the O-RAN architecture, considering the AIl/ML-assisted
Beam Selection Optimization use case [19].

The dynamic characteristics of the wireless network environment calls for constant
model updates and continuous data streaming. The AI/ML-assisted Beam Selection use
case foresees the need for retraining and model updates, and leverages the O-RAN archi-
tecture to deal with that. While the inference phase is conducted at the near-RT RIC, the
model training can be performed at the Non-RT RIC, which operates in longer control cy-
cles, not interrupting the functioning of a deployed model version. The latency to acquire
and process new information at the client side is likely to be the main bottleneck when
scaling the proposed solution.
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5.5 Summary

This chapter presented the design and evaluation of a multi-modal sensing-aided beam
selection strategy based on DML enabled by SL, which was applied to cope with the
challenges of using sensing data sources maintained by different vendors in an open and
disaggregated RAN. For a set of beam measurements relatively small (k < Ng), the
proposed approach offers a solution to privacy and data ownership issues in its deployment
environment and can keep high accuracy levels, comparable to its centralized counterpart.
The use of DML is compatible with the requirements of this task and should be further
considered in the deployment of ML-based beam selection optimization applications.
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Chapter 6

Conclusions and Future Directions

Beam management procedures became a central part of 5th Generation (5G) wireless
networks due to the importance of millimeter wave (mmWave) systems. It tends to stay
on focus for Beyond 5G (B5G), as higher slices of the spectrum and even terahertz (THz)
communications bands are being considered. Some shortcomings of beam management in
the traditional mmWave systems, as suboptimal Grid of Beams (GoB) and overhead during
beam selection, have been recently addressed by Machine Learning (ML)-based solutions
with the support of sensing information. When specifying massive MIMO (mMIMO)-
related use cases, Open RAN Alliance (O-RAN) targeted such bottlenecks and optimization
approaches and defined, among others, the GoB Optimization and the Artificial Intelligence
(Al)/ML-assisted Beam Selection use cases, both examined in this work.

In this thesis, the GoB Optimization use case was studied in a scenario with constraints
on the maximum number of beams, requiring the system to define the GoB configuration
based on a subset of the original set of beams. An Reinforcement Learning (RL) solution
based on the Advantage Actor Critic (A2C) framework was designed to define GoB configu-
ration for beam selection and gNB transmission power. Since GoB optimization and power
allocation were jointly addressed, our proposal targeted Energy Efficiency (EE) improve-
ments, also penalizing severe coverage losses. It was shown that the proposed approach
successfully improved EE in the scenarios under test, and minimized the number of User
Equipment (UE) with Signal-to-Interference-Plus-Noise Ratio (SINR) below the threshold.
The better channel conditions achieved by the optimized GoB allowed the system to save
power and maximize EE. Moreover, the joint optimization of GoB and power produced
the best results. Future directions for this work include using the proposed approach to
multi-gNB and mobility scenarios.
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An Distributed Machine Learning (DML)-based multi-modal sensing-aided beam se-
lection solution using Split Learning (SL) was proposed to address the Al/ML-assisted
Beam Selection use case. This approach used multi-modal sensing information to support
beam selection decisions. It leveraged the sensing capabilities expected for B5G networks,
especially with the use of Integrated Sensing and Communications (ISAC) systems. The
implementation of such strategy in Open RAN must consider multi-vendor environments
and the interactions between data sources, Radio Access Network (RAN) infrastructure,
and applications from different vendors. Therefore, the solution proposed here approached
sensing-aided beam selection, considering the case of multi-modal sensing data provided
by different vendors. The gains with overhead savings during beam selection through the
use of MLL and sensing data validate the importance of ISAC for B5G and its strategic use
to support core communication tasks in the network. Moreover, SL is proven to offer a
solution to privacy and data ownership issues, avoiding the sharing of raw data between
different entities (and vendors), and keeping comparable performance levels to Central-
ized Machine Learning (CML)-based methods. Beyond the focus of the research presented
here, other challenges must be considered in this scenario, such as the required external
interfaces to acquire sensing data and the complexity introduced by its processing. Future
directions for this work include using the proposed approach in multi-UE scenarios, and
the evaluation of the data pre-processing and DML method’s response time for real-time
decisions.

Furthermore, the use of information sources external to the RAN and ML algorithms
requires additional effort to guarantee the reliability of such data and algorithms. For
instance, sensor information acquired by third parties, as camera images from security
footage, can be used to support these strategies, but the data pipeline must ensure the
integrity of such information from end to end. ML algorithms applied to control RAN
functions must be resilient to the point of keeping reasonable performance in front of
malicious backdoor and data poisoning attacks.

New security requirements for RAN applications are expected due to the movement
towards openness and inter-vendor interoperability. For the use cases approached here,
ML algorithms may introduce new computational demands, and acquiring supporting data
requires equivalent communication efforts. Upon aggregating all those requirements in
novel RAN architectures, the latency on applications demanding a real-time response, as
in beam management, must also be the subject of intense study.
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