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Abstract: This paper presents a novel approach to designing beam codebooks for downlink multiuser hybrid
multiple input multiple output (MIMO) wireless communication systems, leveraging multi-agent reinforcement
learning (MARL). The primary objective is to develop an environment-specific beam codebook composed of
non-interfering beams, learned by cooperative agents within the MARL framework. Machine learning (ML)
based beam codebook design for downlink communications have been based on channel state information (CSI)
feedback or only reference signal received power (RSRP) consisting of an offline training and user clustering
phase. In massive MIMO, the full CSI feedback data is of large size and is resource-intensive to process, making it
challenging to implement efficiently. RSRP alone for a stand-alone base station is not a good marker of the position
of a receiver. Hence, in this work, uplink CSI estimated at the base station along with feedback of RSRP and binary
acknowledgment of the accuracy of received data is utilized to design the beamforming codebook at the base
station. Simulations using sub-array antenna and ray-tracing channel demonstrate the proposed system’s ability
to learn topography-aware beam codebook for arbitrary beams serving multiple user groups simultaneously. The
proposed method extends beyond mono-lobe and fixed beam architectures by dynamically adapting arbitrary
shaped beams to avoid inter-beam interference, enhancing overall system performance. This work leverages
MARL's potential in creating efficient beam codebooks for hybrid MIMO systems, paving the way for enhanced

multiuser communication in future wireless networks.

Keywords: multi-agent reinforcement learning; massive MIMO; millimeter wave; hybrid beamforming

1. Introduction

Hybrid beamforming with quantized phase shifters is essential for multiuser MIMO wireless
communication systems. The large antenna arrays in millimeter wave (mmWave) MIMO systems
are ideal for beamforming. Fully digital beamforming, while optimal, is expensive, computationally
demanding, and power-intensive due to the required RF chains.

Hybrid beamforming merges analog and digital techniques for efficient signal transmission using
compact, cost-effective quantized phase shifters. These phase shifters adjust the signal phase at the
antenna level, improving signal quality. Analog weights form beams toward user groups, and digital
weights handle MIMO tasks like interference cancellation within the groups. Hybrid setups with fully
connected subarray antennas can produce multiple simultaneous beams, with phase-shifting states
controlled by digital circuits for real-time adaptation. This integration offers practical, near-optimal
performance in modern wireless systems [1].

Efficient performance in multi-user mmWave systems involves serving multiple user equipments
(UEs) from each base station (BS) simultaneously. Precoding multiplexes different data streams to
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different users. However, fully digital baseband beamforming is impractical for multi-stream mmWave
systems due to high costs and power consumption [2].

In mmWave systems, the large number of antennas and very low signal-to-noise ratio (SNR)
before beamforming make it impractical to obtain full CSI for conventional closed-loop precoding
matrix calculations [3]. Therefore, alternative beamforming and precoding techniques are necessary to
achieve efficient performance while managing cost, power, and CSI availability.

Hybrid precoding enables multiplexing multiple data streams by dividing processing between
analog and digital domains [4,5]. For example, low-complexity hybrid precoding algorithms exploit
the sparse nature of mmWave channels using basis pursuit algorithmic concepts, assuming channel
knowledge [4]. Similarly, low-complexity hybrid beamforming algorithms for single-user single-
stream MIMO-OFDM systems aim to maximize received signal strength or sum-rate over different
sub-carriers [6]. However, these algorithms were designed for single-user channels, limiting supported
streams. In multi-user systems, digital precoding in hybrid setups can design precoders that reduce in-
terference between users, making the development of near-optimal, low-complexity hybrid precoding
algorithms for multi-user mmWave systems particularly important.

Large antenna arrays with quantized phase shifters have challenges. These phase shifters, with
constant modulus, control only the phase, limiting applications to equal gain transmission schemes to
maximize SNR or diversity gain [7].

Quantized phase shifter with fixed numbers of bits makes the search space for beams very large.
For example, there will be 8%* beams for a 64 element antenna array with 3 quantization bits. In a
multiuser case with 4 RF chains this number will equate to 4 x 8%*. Finding optimal beams in such a
finite but huge space is impractical with exhaustive search or any other traditional technique. Hence,
it is a convention to use beam codebook with large numbers of beams pointing at different directions
in an effort to maximize gain to the users in that direction. This approach is not optimal as this single
lobe beams, which are matched filters to the array responses in a particular angle, is not guaranteed
to offer maximum possible gain for occluded, non-line of sight (nLOS) users. Also, large numbers
of beams required in such codebook renders the beam training inefficient and time consuming and
hence is inapplicable to mobile users. Additionally, accurate array response is required to form such
beemsteering codebook which may not be available for cost effective systems as calibrating antenna
arrays is a sophisticated and costly process.

Both artificial intelligence (AI) and non-Al methods have been explored to find optimal beam-
forming codebooks. A benchmark work [8] used deep learning (DL) to find optimal codebooks for
transmit beamforming and combining at user terminals, though it required channel matrix information
at both training and prediction phases. Reinforcement learning (RL) offers a promising solution by
eliminating the need for offline training phases of static deep networks and facilitating adaptive,
situation-aware systems capable of learning from the environment. Significant works, such as [9],
have implemented RL-based systems with Wolpertinger-variant architectures for beam codebook
design, preceded by beam-clustering to reduce codebook size. Beam clustering in this implementation
is actuated through sensing beams. Author in [10] combined radar-aided DoA and DoD estimation
and CS basd position estimation with hybrid beamforming for vehicular communication systems,
emphasizing accurate direction estimation to improve beamforming efficiency. In this work author
has eliminated CSI estimation feedback completely by using the radar-based subsystem. Hybrid
beamforming solutions for multi-user millimeter-wave heterogeneous networks is developed in [11]
where orthogonal matching pursuit based analog beamforming and minimum mean square error
(MMSE) based digital beamforming is used.

To support multiple simultaneous users, proposed work extends [9] by introducing MARL.
MARL is an Al research area involving the development of intelligent agents that cooperate or
compete to achieve common or individual goals. In a fully cooperative stochastic game, all agents
share the same goal and work together to achieve it. Stochastic games involve uncertain action
outcomes, with outcome probabilities depending on the current game state. In fully cooperative
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settings, centralized MARL is generally preferred for effective action coordination among agents. In
this work, agent coordination translates to reducing interference between beams serving different
user groups simultaneously. Interference between users within a group served by a single beam is
minimized through baseband precoding.

The authors in [9] utilized receiver signal strength (beamforming gain) for user clustering and
codebook learning. Although this metric simplifies the design, it underperforms in nLOS environments
and with user mobility. The computation of average spatial autocorrelation functions for individual
multipath components in the mmWave band at 28 GHz revealed that signals reach zero correlation
after approximately two wavelengths in LOS environments and after approximately five wavelengths
in nLOS environments [12]. This unreliability of signal strength alone challenges the learning agent’s
ability to gather useful environmental information.

Motivated by the fact that the environment changes infrequently, computation power and time
are traded for accuracy by utilizing uplink CSI estimated at the base station, with re-clustering required
only when the environment changes. CSI provides good autocorrelation properties and is relatively
immune to hardware imperfections in the RF stage, making it suitable for beam learning applications.
Perfect CSl is not assumed, as the channel is seen through the RF lens in hybrid beamforming. However,
it is shown in this work that beam learning can be efficiently achieved even with uplink CSI estimates
at the BS, by using uplink channel envelope estimates at the BS as fingerprints of specific user locations
within the MARL framework.

The agent architecture in [9] is adopted for each RL agent in the proposed design. The Wolpertinger-
variant structure adapts the continuous action space of Deep Deterministic Policy Gradient (DDPG) to
work with large discrete action spaces [13]. Multi-Agent Deep Deterministic Policy Gradient (MAD-
DPQ) is used to train the agents. MADDPG is designed for multi-agent systems, maintaining local
actor and critic networks for decision-making and action evaluation. During training, agents share
experience replay buffers and learn from collective experiences to enhance their policies. This combi-
nation of centralized training and decentralized execution enables agents to learn effective strategies
in complex multi-agent environments.

An RF codebook design approach for hybrid precoding algorithms in downlink multi-user
mmWave systems is presented, demonstrating efficiency and effectiveness in mobile user environments.
The proposed method does not require CSI feedback but learns the downlink beam codebook from
RSRP feedback and CSI estimates for uplink sounding reference signals (SRS). By using uplink CSI
from SRS as fingerprints for specific user locations, only sub-band sounding is needed. This increases
the SNR at the base station, facilitating cell edge UE recovery. The proposed system replaces traditional
fixed codebook beams with learned beams that adapt to the environment in an online process. The goal
of this proposed work is to create a robust beamforming codebook for the base station in downlink
communication, accommodating uncertain user locations even in mobile scenarios. The contributions
from the proposed work is summarized as follows:

1. A multiuser hybrid mmWave MIMO system model designed as a fully cooperative stochastic game
under constraint of quantized RF phase shifters is proposed. A novel algorithm is developed to
realize this model. By employing MADDPG to train DDPG (Wolpertinger variant), this approach
effectively minimizes interference among simultaneous users, preventing overlapping beams.
Unlike previous methods such as [9], this work uniquely addresses and mitigates potential
interference between nearby beams with arbitrary shapes, ensuring unparalleled performance
and reliability in beamforming for multiuser communication systems.

2. Areward function for the RL agent is proposed, considering the comprehensive performance
of the end-to-end communication system. The reward for each agent is based on RSRP and
binary ARQ status, indicating whether a particular sub-frame scheduled for a specific user is
successfully received (ACK) or not (NACK). This method allows the RL agent to maximize
successful transmission rates by improving beamforming gain and reducing interference among
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simultaneous user groups. The cumulative reward function is optimized by MADDPG, enhancing
overall system efficiency and reliability.

3. The proposed system is rigorously evaluated through simulations using a realistic ray tracing
channel model. This comprehensive testing spans various SNR and different codebook sizes.
The results demonstrate the system’s robustness and efficiency, highlighting its adaptability and
performance across diverse conditions.

Simulation results demonstrate that the proposed method can create optimized beam patterns
without needing feedback from downlink CSI, relying instead on RSRP, binary ARQ status, and
periodic channel estimates from small sub-band within SRS sub-frames. This deep reinforcement
learning-based method efficiently selects beams for the downlink RF codebook, requiring occasional
updates, typically when there’s a significant change in the operating environment or the base station’s
position. The following sections delve into detailed discussions of the proposed systems, methods,
algorithms, and results.

2. Proposed Approach

The proposed multiuser system model is depicted in Figure 1, wherein a mmWave MIMO base
station, equipped with Npg antennas and Ngr RF chain, is in communication with M simultaneous
users each having Ny antennas and one RF chain through N; streams. Since, each UE is assumed to
be served by only one downlink stream and contains only one RF chain, analog combining is applied
at the UE. This configuration is similar to works in [3]. The base station utilizes hybrid beamforming,
employing a network of r-bit quantized phase shifters.

Phase Shifter Analog RF combiner
~.__ Precoder -
RF
Chain

Mobile
Station 1

Digital Precoder

DAC RF :
Chain ' : : 57

Figure 1. Transceiver architecture for multiuser hybrid beamforming.

Mobile
Station M

The decision to employ a single RF chain per UE is motivated by practical considerations, aiming
for lower complexity, cost, and power consumption. Conversely, the BS is equipped with advanced
digital signal processing (DSP) capabilities designed to handle multiple data streams effectively.

BS attaches with each UE via one stream. This leads to a total of N} = M streams, where M
represents the maximum number of simultaneous users the BS can serve at once. This aligns with the
count of RF chains at the BS (M < NgF), possible through hybrid schemes enabling spatial multiplexing
and multi-user MIMO. This grants the BS the ability to communicate concurrently with multiple UEs
using several beams. Design of the end to end communication system is shown in Figure 2. Parameter
for each processing block in Figure 2 is shown in Table 1.
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Figure 2. System model for data transmission and reception

Table 1. Transceiver parameter table.

No. of user 4

Data streams per user 1

No. and type of base sta- | 32, ULA, isotropic,
tion antenna back baffled

No. and type of receive | 4, ULA, non back
antenna per user baffled

Modulation type 16QAM

Frequency of operation 28GHz
OFDM FFT length, CP | 256, 64
length
Encoder type, code rate Convolutional,%
(fixed)

In consideration of operational efficiency and hardware constraints, beamforming codebooks are
commonly resorted to in mmWave and massive MIMO systems to effectively accommodate users.
The sum rate achievable across all UEs is optimized using MADDPG in the proposed approach.
Through MADDPG, the RF codebook at the base station is estimated. Represented as W, the beam
codebook chosen by the base station consists of N beamforming and combining vectors, each crafted
in accordance with the structure outlined in Equation (1).

L [ e s r
w \/NiBs[e ,el’2 e (1)

In this context, each phase shift 6, is chosen from a finite set S containing 2" discrete values, uni-
formly selected from the range of (— 7, 7r). Here, the parameter r represents the number of quantization
bit used in phase shifters.

The BS employs baseband precoding denoted as Fgg = [f5B,, fBB,, - fBBy) € CNRF*M to process
the transmit signal s = [s1, s, ..., § M]T € CMin compliance with E {ssH } = %I M, assuming uniform
power distribution among users. Notably, P signifies average power. RF precoders Fgp € CNes*Nrr,
constructed using phase shifters, are utilized to direct the signal to Npg transmit antennas. Moreover,
considering Frr consists of analog phase shifters, constant equal-norm components in the RF precoder

is assumed, i.e.,

[FRp]i’]-) = N%S Furthermore, the power constraint ||[FgrFgp||% = M is maintained
through Fpp normalization. Consequently, the transmitted signal comprising of Npg X 1 elements is
given as

X = FRFFBBS‘ (2)

considering Hy € CNM*Nbs be the channel matrix between BS and kth user, the received signal
for kth user for a narrowband block fading channel is given as

M
Vi = Hi Y _ FreFpp,sn + ng, 3)

n=1
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Where n;, € CNM is the complex additive white Gausian noise (AWGN) with 1y ~ CN (0, o1 NM)' This
signal 7y is received by the kth user and is processed by the combiner Wrr, € CNM to get i = Wng Yk
ie,

M
Yk = ngka Z FreFpp,sn + W{fpkﬂk, 4)

n=1

Where RF combiners Wgr are designed as quantized phase shifter so that | [Wr, | ; |2 =1/Nyu
Achievable rate for the kth user assuming Gaussian symbol transmission through the channel is

given as
P |\WH. HyFrrFp,|
M‘ RE11kFRFIBB ‘
Ry = log, |1+ £ : 5 ()
& Zn#k‘WngHkFRPFBBk + 02
Subsequently, the achivable sum rate for the system is given as [8]
B M
R=Y Ry (6)
k=1

In this proposed work, Frr as the beams of the learned codebook is acquired. Wgr through
conventional beam sweeping is obtained, as detailed in Section 3. The acquisition of Fgg occurs in the
second step of a two-step procedure, as outlined in [3]. It is important to note that in this proposed
work, the focus is solely on learning Frr. The contribution can also be conceptualized as adaptive
beam sectoring that is aware of the environment.

2.1. Channel Model

In this work, the ray tracing channel model is employed for simulation purposes. Stochastic chan-
nel models lack the spatial detail required for accurate beamforming simulations, making deterministic
models like ray tracing preferable for such tasks. Ray tracing channel models treat electromagnetic
waves as rays, accounting for interactions like reflection and diffraction with various surfaces in the
environment. These models provide detailed insights into signal propagation, aiding in the design
and optimization of wireless communication systems

The ray tracing channel model is applied to an OpenStreetMap (.osm) file corresponding to
Canary Wharf in London, UK. The latitude and longitude coordinates (51.50375, —0.01843) specify the
BS location. The map is sourced from https://www.openstreetmap.org, providing crowd-sourced map
data worldwide. Loaded into MATLAB for ray tracing simulation, the map defines transmitter and
receiver sites. Multiple receivers are initialized with respective positions, simulating non-stationary
users traversing the area. High-rise structures are represented using concrete as the building material.

Figure 3 depicts the ray tracing environment, where one UE experiences LOS conditions while
the other encounters nLOS conditions.
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Figure 3. Topographic map of ray tracing environment with one LOS and one nLOS user. Radiation
patern for the 32 antenna BS is also shown forming beams toward each users.

3. Beam Learning with MARL

The codebook learning process is initiated by first obtaining a fixed conventional codebook
through the initial access procedures and beam management procedures outlined in the 5G New Radio
(5GNR) technical report. The steps involved in this fixed codebook learning process are summarized
as follows:

Procedure 1: When a connection is established between a transmitter and a receiver, an initial beam
alignment is required. This involves finding an optimal transmit-receive beam pair that maximizes the
signal strength between the devices. Various methods like synchronization signal blocks (SSBs) and
reference signals are used to aid in this process. This is shown in Figure 4.

SsSB > Tx Rx OFDM Beam Beam Beam
Generator Beam Sweep Channel AWGN Beam Sweep Demod Measurement Finding Pair

Figure 4. SSB Beam Search in initial access procedure

Procedure 2 : Refining transmit-end beam via non-zero-power CSI-RS and SRS. After initial beam
acquisition, this beam management aims to refine the beams to improve the communication link
further. In this step, reference signals are sent in different directions using finer beams within the initial
angular range. UE or BS assesses these beams with fixed receive beam and selects best transmit beam.

This proposed system initially employs a standard beamforming procedure and gradually transi-
tions into a more efficient MARL based system over time. This method essentially substitutes standard
codebook beams with learned beams on a one-to-one correspondence basis. The angular spacing
between nearby beams is determined by the number of beams, which corresponds to the number
of agents in the MARL framework. This approach simplifies implementation without necessitating
alterations to the existing infrastructure. Once the codebook is learned, it can be utilized until the link’s
performance deteriorates due to significant changes in the deployment site.
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It is important to note that a learned multibeam codebook differs from simply parallelizing
multiple single beams. Unlike fixed codebook beams, learned beams are not matched filters to the
antenna array response and can adopt any arbitrary shape suitable for the scattering environment
of deployment. Consequently, this may result in beam overlap, leading to inter-user interference, if
cooperation between the beams for multiple simultaneous users is not established. The proposed
MARL-based approach addresses this issue by cooperatively learning the beamforming vector for
each beam per user group.

In this research, the procedures for initial beam acquisition and subsequent beam learning are
segmented into the following major steps:

1.  SSBbeam sweeping

2. Beam measurement and determination at UE

3. Beam reporting to BS by UE

4.  Send SRS to BS from UE for uplink transmit end beam refinement and also for MARL based
downling transmit end beam refinement. This procedure differs from method in 5GNR by the
fact that the standard used NZ-CSI-RS for downlink transmit end beam refinement. This requires
CSI feedback from UE and can work only with traditional matched filter based codebooks as full
channel estimate feedback from UE which is required for non-codebook based beamforming is

unavailable or impractical to achieve and resource intensive.

Send NZ-CSI-RP to UE only to get RSRP feedback (RSRP consumes very little resource).
Decode received SRS and estimate uplink Channel at BS.

Send RSRP measurement in SRS to UE for beam refinement at UE.

At BS, use RSRP and channel estimate acquired in step 5 and step 6 to learn downlink transmit

end beam codebook through the proposed MARL algorithm.

PN

To make RL, or in this case MARL, applicable, the environment must be modeled as a Markov
process. In [9], this is achieved by incorporating the current beamforming vector as a function of the
previous beamforming vector. A similar approach as in [9] is followed, extending this method by also
considering the partial and imperfect CSI acquired by the BS during uplink SRS transmission by the
UE. The operation of the entire system is illustrated in Figure 5, with each processing block and signal
flow explained subsequently.

Y
BS F: BS
Transmiter MARL

! Ray Agent
E Tracing 1.2,...Npeam
! Channel
)
| CSl| Update
' in SRS containing
H MS,, ) Resource Blocks
)
i 1 A
1 ]
1 i
1 [}
i |
! H SRS decoding Reward
| E per resource Block Generator
)

)
i ...... i A A A
1 ]
! 1
1 ]
1 [}
Lo
| : - SRS
[ R, L L —
' —mm> ARQ ACK/NACK
(] :
LN -

Reference Signal Received Power (RSRP)

Figure 5. The proposed MARL system block diagram
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3.1. Details of MARL

The proposed MARL algorithm builds upon the Wolpertinger Architecture [13], following a
similar approach as described in [9]. The Wolpertinger Architecture adapts the DDPG, originally
crafted for continuous action spaces, to function within a discrete action space through the utilization of
a K-nearest neighbor (KNN) classifier. To address non-stationary environment issues in a multi-agent
RL system with continuous action spaces, the MADDPG offers a solution. MADDPG achieves this
through centralized training and decentralized execution. To accommodate a discrete action space
in MARL, an improvisation on MADDPG is made by implementing each agent in MARL using the
Wolpertinger Architecture. Thus, the proposed MARL essentially embodies MADDPG, with each
agent designed to adhere to the Wolpertinger Architecture.

The proposed beam learning problem presents a significant challenge due to the large number of
possible actions. For instance, considering a base station with 32 antennas, 3-bit phase shifters, and 4
RF channels, each agent faces around 82 potential actions. This complexity is further compounded
with additional antennas and higher-resolution phase shifters, rendering conventional deep Q-network
frameworks impractical.

Additionally, multi-agent deep Q-networks suffer from instability and renders the environment
non-stationary. To overcome these limitations, the Wolpertinger architecture is introduced, offering a
solution for navigating spaces with extensive sets of discrete actions [13]. This architecture, rooted in
the actor-critic framework, is trained using the DDPG algorithm [14]. Notably, the Wolpertinger archi-
tecture incorporates a KNN classifier, enabling DDPG to effectively handle tasks with discrete, finite,
yet exceptionally high-dimensional action spaces. Below, a concise overview of the key components of
the Wolpertinger architecture is provided.

Actor Networks: The actor maps states from the observation space to actions, serving as a function
approximator for this mapping process. Since the actions obtained from the actor fall into a continuous
action space, the predicted action may not align perfectly with the action space of the problem.
Therefore, this prediction is referred to as a proto action and is quantized by a KNN classifier to obtain
an action available in the discrete action space.

KNN search: KNN search is employed to determine the nearest neighbor of the proto action within
the discrete action space. This algorithm utilizes the L, distance, also known as squared Euclidean
distance, as a metric to identify the closest vector to the proto action. In essence, the KNN algorithm
assesses the spatial proximity of the proto action to the available discrete actions, helping to quantize
and align the predicted action with the specific options within the discrete action space.

Exploration noise process: Noise helps agents explore the environment more effectively by injecting
randomness into their actions. Exploration is essential in reinforcement learning to discover new states
and actions that can lead to better policies. Without exploration, agents might get stuck in suboptimal
policies. The noise added to actions is often generated from a stochastic process, such as a Gaussian
distribution, Ornstein-Uhlenbeck process, or other types of noise sources. Ornstein-Uhlenbeck process
is used in this work to generate noise that is added to the actions of an agent. This noise has the
property of being temporally correlated, which means that it tends to stay close to its current value over
short time intervals, mimicking the behavior of real-world systems. The peak noise magnitude needs
to be such that after adding it to the action in element-wise manner produces resultant magnitude
large enough to cover the full range of phase shifter array.

Critic Networks: The critic network functions as a Q function, accepting both the state and action
inputs and generating the anticipated Q value for the specific state-action combination. Given that the
KNN function yields k potential actions, the critic network evaluates k distinct state-action pairs (with
a shared state), ultimately pinpointing the action that attains the highest Q value among them.

target Networks: The target network is a separate neural network that mirrors the actor network.
It's parameters are updated less frequently, providing a stable target for the training process. The
periodic update of the target network’s parameters enhances the stability and convergence of the
learning process, leading to improved training efficiency and more accurate action value estimations.
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In this scope, the input (State), outputs (action) and reward process of the MARL algorithm is
defined.

State: State comprises of the concatenated vector of the phases of all phase shifter at time t and
average normalized envelop of Channel estimate obtained through procedures given in step 1 through
step 8 of the major steps mentioned at the beginning of this Section 3.

Action: Action comprises element-wise changes of all the phases in the state vector at time t.

Reward: Proper reward design is pivotal for shaping effective RL policies, achieving goals effi-
ciently, and avoiding unintended behaviors. In this proposed work, the reward function is designed
to satisfy two goals, namely maximize average beamforming gain in turn maximizing sum rate of
the system and reducing inter-beam interference.In the proposed approach, the end-to-end system is
implemented, where the ARQ signal is sent by the UE to the BS based on whether a frame was received
correctly or not, and the received ARQ is also used as an input for reward modeling, addressing
concerns that RSRP alone may provide a misleading indication of beamforming gain maximization in
a multi-beam system with interference. The proposed reward processing is detailed in Algorithm 1.

Algorithm 1 Reward Function

1: tlahzeﬁl ic ];ht =0.

2:

5 Serve g %ié‘ fIigom UE. ARQ;

1 1 rue

>

7 els gRs 1§t tTht and RSRP; > RSRP;_; and ARQ; = True then
1%% els 1wa€§ Pt < Tht and RSRP; < RSRP;_; and ARQ; = True then
11: elselengg > Tht and ARQ; = False then

12: eward; =

13:

14: ;Rewardt

15:

Steps of MARL learning for N agents is given as pseudo-code in Algorithm 2.

Algorithm 2 MARL based beam learning

1: Initialize actor networks, critj rks wi r}dom weights

2: Initialize target etwor $ an e Wi 1 ctor an cr1t1c networks

i: nitialize t e r memo 1 atc 1scount factor 7y

. Imitialize n or1

5 Iitalize N be bea sEﬁsb teerlng codebook in procedure 2 of Section 3 for N clusters and N

6: 1t1atﬁ e a random ocess N for actlon exg fatlo

7: Lor ea ent, initi a;n m initial be mforming vector as state, x.

8: for f= %‘ax—e 150

9: or ea nt i, se e roto action a; = IE)] w.r,t. the current oh ﬁn\ﬂ\??gl(f(ra{lon
10: T eac g nti, nt1 e proto acti A to vahd ea forrnn%g Cto
11: Xecu e action a = 1‘1E %1 observe rewa witlPA gorlthm 1) and new state x’
12: tore | x a,r, x inr pI 7Bt
13: %‘
14: or agentl ItoN do
15: Sample a random minibatch of S samples (x] al, vl x > from D

_ W
16: Sety; =1 +vQ (¥, ay,an), (o))
. SN 2

17: Update critic by m1n1m121ng the loss L(6;) = 5 Z (yf QF (x],ajl, v aJN))
18: Update actor using the samp d pohcy grachen
19: v@ ] ~ g Z] VG .ulf vﬂl x] al/ al/ aN | =Vi<0§)
20: d for
21: }H)date tar%eit netwprk parameter for each agent i:
23: en for

3.2. Data Preprocessing

The SRS provides the BS with comprehensive channel information across the entire bandwidth.
Utilizing this information, the BS optimizes resource allocation, giving preference to areas with superior
channel quality over other bandwidth segments. In this proposed work, emphasis was placed on a
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central cluster consisting of four resource blocks (RBs), each encompassing a bandwidth of 180 kHz.
Within each RB, 12 subcarriers are positioned at 15 kHz intervals, resulting in a combined bandwidth
of 720 kHz. A frequency-domain vector comprising 48 complex numbers is derived through channel
estimation across this contiguous frequency range. Given that only a narrow band of the entire
spectrum is required for the proposed algorithm, achieving high SNR for SRS transmission is feasible.

For further analysis, this complex vector is transformed into its magnitude and then downscaled
by a factor of 2, resulting in a real-valued vector comprising 24 elements. To ensure consistency, in the
subsequent preprocessing stage, this 24-element vector is normalized by dividing it by its maximum
value. This procedure is iterated for each of the four simultaneous users, producing four channel
vectors.

The other part of the state vector input consists of the phases of the phase shifter network for a
particular RF chain of length Npg which is 32 in this case. This is also normalized by the maximum
absolute value of the phase vector. Here, four such phase shifter vectors are obtained for four RF
chains.

The input to each actor network is the corresponding state. The state is the concatenation of
the 24 length channel vector given as Ncy and 32 length phase vector which equals Npg. Thus the
length of state vectors are Ncp + Npg which is 56 in this case. The output of the actor networks are
also the predicted phase update vectors which is of length Njpg, ie, 32. The actor network includes a
pair of hidden layers, each containing 10 x (Ncy + Npg) neurons equating to 560. These layers are
subsequently activated using Rectified Linear Units (ReLU). The outcome of the actor network stands
as the anticipated action. This outcome is then passed through hyperbolic tangent (tanh) activations,
which are scaled by 7.

Thus the length of the input of each critic network for a 4 agents can be given as
(4 x (Ncy + Nps) +4 x Npgg), ie 336 in this case. The output of the critic network is the predicted Q
value, which is a real valued scalar. hence, output dimension of critic network is 1. The critic network
is composed of two hidden layers, each layer containing 5 x (4 X (Ncy + Nps) + 4 x Npg), ie, 1680
neurons. Following this, ReLU activations are applied to these layers.

Hyper parameter for the MARL is given in Table 2.

Table 2. Hyper parameter table for MARL

Optimizer ADAM
Learning Rate 0.01
Target soft update parameter 0.95
Replay buffer size 12,288
Batch size 1024
No of samples added to replay | 100
buffer before each network update

3.3. System Level Simulation with MARL

In this proposed work, a 120° sector of a cell for simulation purposes is modeled, restricting
transmissions within this azimuth range. Although the 4 RF channels can concurrently serve 4 users
within this angular space, real-world scenarios typically involve more than 4 active users. To address
this, users with similar channels are served with a single beam. The assignment of each user to a specific
beam, whether before or after the MARL-based codebook learning process, is determined through
beam sweeping. Consequently, the number of beams in the learned codebook remains consistent with
the initial access codebook, which is adjustable for performance assessment. Figure 6 illustrates the
radiation pattern for one such codebook with 9 beams, showcasing variations for different quantization
bits.
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Azimuth Cut (elevation angle = 0.0°)
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-120 -120

Directivity (dBi), Broadside at 0.00 °

Figure 6. Radiation Pattern for 32 element ULA antenna with number of phase shifter quantization
bits (a)0 bits, (b)2 bits, (c)4 bits, (d)6 bits

In the proposed MARL algorithm, the number of agents corresponds to the number of beams
utilized in the sector. This configuration effectively breaks down the task of selecting a beam from a
large set into finding a single beam within a smaller subset, thereby enhancing the efficiency of the
codebook learning process. An additional and significant benefit of employing one agent per beam is
the ability to identify optimal non-interfering beams within the sector, even in nLOS scenarios. Each
agent in the MARL algorithm strives to maximize individual beamforming gain while minimizing
interference with other agents, as reflected in the reward processing outlined in Algorithm 1.

Upon completion of the learning phase, the acquired codebook becomes readily deployable within
the initial access procedure. Users can now be efficiently served using the learned codebook, rendering
the traditional matched filter-based beam codebook obsolete. This transition marks a significant
advancement in the efficiency and adaptability of beamforming techniques, as the learned codebook
optimally caters to the dynamic needs and complexities of the communication environment without
relying on pre-defined beam patterns.

This learned codebook is valid until there is no significant change in terms of macro structures
within the sector. Although such time will be there only occasionally, in case of such large changes in
the structure or re-placement of the BS, learning has be initiated again for all the beams.

Next, the analog beamforming codebook selection for the UE is carried out. In this work, a
conventional beamforming codebook tailored for the UE is employed. The process of selecting beams
from the codebook for the UE involves a standard beam search procedure, encompassing steps such as
sounding, measurement, and feedback.

In the final step, the baseband beamforming vector (Fpg) at the BS is calculated. This computation
follows the procedure outlined in [3]. In this process, the BS formulates its zero-forcing digital precoder
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Fpp based on the quantized channel feedback received from the UE. Due to the utilization of RF
beamforming and the presence of sparse mmWave channels, it is anticipated that the effective MIMO
channel will be well-conditioned [17,18]. This favorable channel condition enables the utilization
of a straightforward multi-user digital beamforming strategy like zero-forcing, which can achieve
performance close to the optimal level [19]. The algorithm for obtaining the baseband beamforming
vector Fpp is detailed in the second stage of the procedure presented in [3].

4. Results and Discussion

In this section, the performance of the proposed MARL technique developed is showcased. This
is demonstrated through a series of experiments where the network is trained using the parameters
outlined in Table 2. The effectiveness of the proposed MARL-based approach to learning beam
codebooks across various scenarios is assessed. The task of acquiring a beam codebook with multiple
beams for multiuser MIMO, as distinct from creating a codebook for single-user MIMO systems as
discussed in [9], involves not only learning the codebook but also identifying optimal combinations
from a wide range of potential beamforming vectors.

To address this issue, a straightforward clustering approach based on a simple beam sweeping
technique is proposed. Users sharing similar channel characteristics are grouped together and served
by a single beam. This approach allows us to learn interference-free arbitrary beams using multiple
agents within the MARL framework. Additionally, clustering divides the intricate task of finding
beams across the entire azimuth into parallel sub-tasks, making it more manageable and efficient
for learning a multi-user, multi-beam beamforming codebook. This simplification streamlines the
acquisition process of a codebook comprising multiple beams.

Figure 7 illustrates the average beamforming gain relative to the number of beams contained
within the codebook, specifically in the LOS scenario. In this scenario, the Base Station employs a
uniform linear array with isotropic elements, oriented in a back-baffled configuration. The graph
demonstrates a consistent upward trend in average beamforming gain with an increasing number of
beams.

e A AT bl et 4

Average beamforming gain

— §/— EGC upper bound
—&— DRL Learned codebook

5.5 7
—&— MARL Learned codebook
—-+r- - Classical beamsteering codebook (32 beams)
4 6 8 10 12 14 16

Number of beams in the codebook

Figure 7. Average beamforming gain comparison in LOS area

Moreover, in line with the observations made in [9], proposed solution demonstrates nearly
equivalent performance to a classical 32-beam beamsteering codebook when employing only 6 beams.
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Notably, the proposed approach not only matches but also surpasses the performance of [9]. This
trend persists as the solution, employing 8 beams, consistently outperforms the 32-beam classical
beamsteering codebook while also exceeding the capabilities of [9]. This achievement holds particular
significance considering the proposed work addresses a multiuser scenario with 4 cochannel users
and nonzero interference probability, representing an improvement over [9], which is designed for a
single-user MIMO configuration. It is important to note that traditionally, single-user and multiuser
codebooks are identical, meaning multiple beams from the same codebook are used for multiuser
MIMO. For this comparison, the single-user codebook learned by deep reinforcement learning (DRL)
in [9] is utilized and extended it to the multiuser case.

The proposed methodology illustrates its capability to dynamically adjust beam configurations
based on user distributions and environmental topography. This adjustment effectively mitigates inter-
ference within densely populated urban environments, leading to notable performance improvements.

Furthermore, users were strategically placed in nLOS areas within the scenario. Simulation under
nLOS conditions highlights the superiority of the proposed MARL system compared to traditional
beam codebooks and those proposed in [9]. In this scenario, MARL outperforms the 32-beam classical
beamsteering codebook and [9] with just 4 beams. Given that only reflected paths of the channel are
available in nLOS conditions, this improvement underscores the adaptability of the MARL system
to varying environments. The simulation results for MARL under nLOS conditions are depicted in
Figure 8.

) Sttt ekt At ittt Anteland Aeletetales

Average beamforming gain
P

— % — 'EGC upper bound

25+ —8—DRL Learned codebook

—&— MARL Learned codebook

—-ofr—-Classical beamsteering codebook (32 beams)

4 6 8 10 12 14 16
Number of beams in the codebook

Figure 8. Average beamforming gain comparison in nLOS BFgain nLOS area

The performance of MARL is contrasted against various hybrid precoding techniques including
manifold optimization (MO) [15], sparse orthogonal matching pursuit (SOMP) algorithm [16], and
the two-stage hybrid beamforming (TS-HB) algorithm [3]. Notably, manifold optimization and SOMP
were initially proposed for single-user scenarios, but for comparison these algorithms are adjusted
to the multi-user context by adopting the interference cancellation strategy outlined in [8]. In the
simulation plot for no interference, the outcomes of fully-digital beamforming and combining is traced.
This approach effectively eliminates interference, serving as a reference point in the evaluations.

Figure 9 presents a comparative analysis of the achievable sum-rate performance of the algorithms
across varying SNR levels. The system parameters are set as follows: Npg = 32 antennas per BS,
Np; = 4 antennas per UE, synthetic noise with an SNR of 20 dB, and r = 3 quantization bits. Each
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user is characterized by M = 4 paths, with L = 5 paths per user. This consistent configuration is
maintained across all algorithms to ensure a fair comparison.

— %= -No Interference s
—<— Manifold Optimization 7
—&— MARL e
gH™*— DRL pa

— = -CNN MIMO 4

TS-HB ¥
—+#-+ SOMP .

Average Sum Rate (bits/s/Hz)

-10
SNR (dB)

Figure 9. SNR vs Sum Rate comparison

For reference, fully digital beamforming and the MO algorithm, known for its near-optimal analog
and baseband precoders, have been included. Importantly, the performance of the proposed MARL
approach closely mirrors that of the MO algorithm, consistently achieving the highest sum-rate among
all algorithms.

When assessed against MARL, DRL, SOMP, TS-HB, and convolutional neural network for MIMO
(CNN-MIMO) [8] demonstrate relatively inferior performance. While SOMP was originally devised
for single-user scenarios, it has been modified for multi-user contexts in this proposed work. Both
SOMP and TS-HB necessitate input in the form of feasible sets F and W. Therefore, the precision of
these feasible sets significantly impacts the performance of SOMP and TS-HB, relying on the accuracy
of both channel matrices and array response sets. While CNN-MIMO doesn’t require feasible sets of
beamforming vectors during the prediction stage, it’s necessary during the training stage to acquire
labels. Overall, these outcomes underline the robustness of the proposed MARL-based approach in the
realm of downlink RF beamforming codebook design in multi-beam and multiuser MIMO systems. To
highlight the advantages and differences of each of the studied sachems over one another, a table is
formed as given in Table 3.
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Table 3. Comparison table for different attributes of studied methods.
Perfect CSI Feed- | Antenna ar- | Multiuser DOA Online | Non it-
CSI not | back not | rayresponse | Interference /DOD not | training | erative
required | required | notrequired | avoidance in | required method
RF beams

MO [15] X X X v X X X

TS-HB [3] | x X X X v X X

SOMP [16] | x X X v X X X

CNN- v X X v v X v

MIMO [8]

DRL [9] v v v X v v v

MARL v v v v v v v

5. Conclusion

In this proposed work, the challenge of designing adaptable beam codebooks for multiuser
mmWave MIMO systems is addressed. These codebooks are required to dynamically adjust to en-
vironmental changes and mitigate interference without direct channel feedback. A novel approach
is proposed wherein MARL is utilized to optimize downlink transmit beam patterns based on envi-
ronmental conditions, user distribution, and interference levels. To enhance learning efficiency by
breaking down the task into manageable segments, a user clustering technique resembling beam
sectorization is integrated. User clustering enables interference avoidance between arbitrary beams in
the learned codebook through MARL cooperation. Through extensive simulations using ray tracing
channels, the efficacy of the proposed work in learning environment-aware codebooks is validated.
The learned codebooks surpass traditional beamsteering methods, achieving performance comparable
to unconstrained beamforming vectors with full channel knowledge, even with fewer beams.
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