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LEARNING-BASED RIS ELEMENT PARTITIONING FOR ISAC
USING MULTI-ARMED BANDITS

ANSHIKA SAINI
ABSTRACT

Integrated Sensing and Communications (ISAC) is one of the emerging paradigms
for future generation wireless communications which enables communication and sens-
ing to be performed simultaneously by making use of common spectrum and hardware
infrastructure. Performance of ISAC can further be boosted through the usage of RISs
that manipulate wireless channels intelligently.

The objective of this thesis is to optimize partition of RIS into communication and
sensing sub-functions with the aid of reinforcement learning algorithm with Gaussian
TS and UCB approaches applied to RIS-assisted ISAC systems under fading conditions.
A realistic 4-hop monostatic sensing channel model is considered along with Nakagami
fading based wireless propagation. The communication and sensing objectives are
jointly optimized using a geometric mean reward formulation that ensures balanced

ISAC performance.

The proposed algorithm examines different partition setups of the RIS and deter-
mines the best partitioning policy through a series of interactions within the wireless
environment. It is shown that through extensive simulations that the Gaussian Thomp-
son Sampling approach performs significantly better than UCB in terms of cumulative
regret, convergence time, average reward, and stability. The results achieved confirm the
applicability of reinforcement learning in online RIS partition optimization in upcoming
ISAC-based wireless communication systems.
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Chapter 1

INTRODUCTION

1.1 Background

The exponential growth of next-generation wireless networks has accelerated the de-
mand for unprecedented spectrum, energy, and hardware efficiency. Historically, wire-
less communication networks and radar sensing frameworks have been developed as
isolated, independent systems. Mutual interference, redundant hardware deployment,
and highly inefficient utilization of the increasingly congested electromagnetic spec-
trum were the cons of traditional approach.

Integrated Sensing and Communication (ISAC) has emerged as gamechanging tech-
nology for sixth-generation (6G) wireless systems to overcome above limitations, . By
merging radar sensing and data transmission functionalities into a unified hardware
architecture and a shared spectral platform, ISAC enables simultaneous information
transfer and environmental mapping.

In parallel, Reconfigurable Intelligent Surfaces (RIS) have gained substantial re-
search traction as a revolutionary paradigm for transforming the wireless propaga-
tion environment from a passive, highly lossy medium into a software-defined, pro-
grammable channel. Consisting of low-cost, software-controlled metasurfaces, an RIS
dynamically optimizes the phase shifts of incident electromagnetic waves to engineer
favorable propagation conditions.

This integration of RIS-enabled ISAC systems leads to a completely new era for
designing wireless networks. With the use of programmable surfaces in an ISAC ar-
chitecture, future wireless networks will be capable of effectively handling blockages,

improving multi-user throughput efficiency, and increasing target sensing resolution.



1.2 Motivation

In traditional RIS-assisted systems generally allocate RIS resources entirely toward
communication enhancement. However, in ISAC systems, RIS resources must be jointly

optimized between:
* Communication performance
* Sensing performance

Above introduces a challenging tradeoff problem because increasing RIS allocation
toward communication improves communication SNR while degrading sensing SNR,
and vice versa.

Moreover, the wireless channels are stochastic and time-varying due to fading and
environmental uncertainty. Therefore, static optimization methods become insufficient
for practical deployment.

Reinforcement Learning (RL) provides an attractive solution by enabling adaptive
online optimization without requiring prior knowledge of wireless channel distribu-

tions.

1.3 Problem Statement

The objective of this thesis is to develop a reinforcement learning based RIS partition

optimization framework capable of:
* Dynamically allocating RIS elements between communication and sensing
* Maximizing balanced ISAC performance

* Operating under stochastic wireless fading environments



Chapter 2

Literature Review

2.1 Reconfigurable Intelligent Surface Assisted Wire-

less Communication

The foundational theoretical framework for RIS was laid by Liaskos et al. [1], who
proposed the concept of programmable wireless environments using software-defined
meta-surfaces. The early work of Wu and Zhang [2] established the first beamform-
ing optimization framework for RIS-assisted multi-user MISO systems, demonstrat-
ing that RIS can significantly improve spectral efficiency via alternating optimization
of the active precoder at the BS and the passive phase shifts at the RIS. Subsequent
work by Huang et al. [3] studied energy efficiency and showed that RIS can achieve
higher energy efficiency than conventional massive MIMO with significantly fewer
radio-frequency chains, making it an appealing candidate for green communications.

The channel estimation problem for RIS has received considerable attention. Since
RIS elements are passive, they cannot directly measure the incident signal; instead, the
aggregate channel from source to RIS to destination must be estimated jointly. Mishra
and Johansson [4] proposed a compressed sensing-based protocol exploiting the spatial
correlation structure of RIS channels. Jensen and de Carvalho [5] derived the Cramer-
Rao lower bound for cascaded RIS channel estimation and proposed an optimal pilot
design. More recently, deep learning-based approaches have been explored to reduce
the pilot overhead in rapidly time-varying environments [6].

RIS is composed of a large number of low-cost reflecting elements known as meta-
atoms. Each element can independently adjust the phase of the incident signal through
intelligent controllers.

The reflected signal from the RIS can be represented as:



N
Y= hnlngnt 2.1)
n=1
where:

¢ h,: channel from transmitter to RIS
* g,: channel from RIS to receiver
* 0,: RIS phase shift

¢ N: number of RIS elements

By properly configuring the RIS phase shifts, constructive signal combining can be
achieved at the receiver.

Previous relay systems use active RF chains and need power amplification, thus
leading to high energy consumption. The operation of RIS is passive and just needs low
power electronic controls for phase shifting.

Various researches has reported increased efficiency of RIS-assisted wireless com-
munication systems when compared to relay-based wireless communication systems
[7].

RIS beamforming has become a major research area in intelligent wireless commu-
nication systems. By jointly optimizing transmit beamforming and RIS phase shifts,
significant gains in:

 Spectral efficiency
* Signal-to-noise ratio
* Reliability

can be achieved.
However, RIS beamforming optimization is generally non-convex due to coupled

optimization variables and unit modulus constraints.

2.2 Integrated Sensing and Communication (ISAC)

The Integrated Sensing and Communication (ISAC) technology is regarded as one of
the emerging technologies to achieve future generations of wireless communications,

namely 6G. As opposed to traditional communication and sensing technologies that



act independently of each other, ISAC technology offers sensing and communication
features on the same platform in terms of spectrum sharing and hardware design.

The idea of ISAC technology is built upon coexisting radar and communication lit-
erature in the early years of the 2000s, in which both the radar and communication tech-
nologies are made to share spectrum efficiently by minimizing mutual interference [8].
What made the joint radar and communicationdesign approach a milestone was the
proposal of the DFRC beamformer by Liu et al. [9] that not only achieves the required
minimum communication SINR but also maximizes beampattern similarity. This paper
introduced the trade-off between the quality of sensing beampatterns and multi-user ca-
pability. In addition, multi-user ISAC systems with several communication users and
target objects were studied by Liu et al. [6], in which the precoding design is performed
with a weighted approach between sum rate and integrated sidelobe level criteria. ISAC
using mmWave communications were investigated by Cheng et al. [10] that take advan-

tage of high-bandwidth and selective spatial characteristics of the mmWave channels.

2.3 Bandit Algorithms for Wireless Systems

The multi-armed bandit problem, introduced by Robbins [11] and formalized by Lai
and Robbins [12], provides a mathematical framework for sequential decision-making
under uncertainty. The fundamental result of Lai and Robbins establishes that the op-
timal regret growth rate for any consistent algorithm is O(log T), and Thompson Sam-
pling [13] achieves this bound asymptotically. The upper confidence bound (UCB) al-
gorithm of Auer et al. [14] provides a deterministic, computationally simple alternative
with the same logarithmic regret guarantee.

Thompson Sampling, originally proposed in 1933 [13], experienced a renaissance
after Chapelle and Li [15] demonstrated its practical superiority over UCB variants
in online advertising. Agrawal and Goyal [16] provided the first rigorous frequentist
regret analysis for Gaussian Thompson Sampling, confirming the O(log T) bound. The
Gaussian model is particularly suitable for reward distributions that are approximately
normal (by central limit theorem arguments) and for which the mean reward is the key

unknown parameter.

2.4 RIS-ISAC Integration

The study of RIS-enabled ISAC systems represents a recent trend that has gainedmuch
momentum in a short period of time. Song et al. [17] were among the early investigators

in this area, where the optimal design of RIS phase shifts together with the transmit



beamformer was sought with the objective of minimizing the trade-off between radar
signal-to-interference-and-noise ratio (SINR) and the communication bit-rate.

Their alternating optimization strategy provided substantial improvements over the
RIS-free scenario, especially in cases when there exists no line-of-sight path. Hua
et al. [18] explored the basic communication-capacity versus estimation-rate trade-off
problem in RIS-ISAC systems and established the Pareto boundary of the rate-distortion
region, showing that the presence of the RIS provides a new degree of freedom that leads
to a larger rate-distortion region than the one achieved in the absence of the RIS. Also,
the authors concluded that RIS optimization must incorporate channel state informa-
tion (CSI) from both the sensing and the communication links. The joint optimization
of the transmitted radar waveform and RIS phase shift pattern for target detection in a
highly cluttered environment was analyzed by Zheng et al. [19]. The authors modeled
the problem in question using non-convex optimization and solved it with successive

convex approximation (SCA).



Chapter 3

RIS and ISAC Fundamentals

3.1 Reconfigurable Intelligent Surface (RIS)

RIS represent a paradigm shift in wireless communications by transforming the tradi-
tionally uncontrollable wireless propagation environment into a software-defined, pro-
grammable medium. Implemented via engineered metasurfaces, an RIS consists of an
array of low-cost, passive scattering elements known as meta-atoms.

Each element can independently manipulate the phase, amplitude, or polarization
of incident electromagnetic waves via an external smart controller. By dynamically
optimizing phase shifts mentioned, the RIS constructively aligns scattered signals to
create highly directional, passive beamforming links.

RIS creates a virtual line of sight (LOS) connection between the transmitter and the
receiver, and it does not use the active radio frequency chain for it, providing a power-
efficient and economical solution to remove dead zones and improve spectral efficiency
in upcoming future (5G-Advanced & 6G) network technologies. Figure 3.1. shows the

basic structure of RIS.



Figure 3.1: Reconfigurable Intelligent Surface (RIS)

3.1.1 Basic Principle of RIS

Consider a wireless signal transmitted from a Base Station (BS) toward a user through
an RIS-assisted link.

The RIS receives the incident signal and reflects it after applying programmable
phase shifts.

The received signal at the user can be represented as:

N
Y= Zhnengn:v+w (3.1

n=1

where:

* h,: channel from BS to RIS

* g,: channel from RIS to user
* 0,,: RIS phase shift coefficient
* N: number of RIS elements

* z: transmitted signal

w: additive noise

The RIS phase shifts are adjusted such that the reflected signals combine construc-
tively at the receiver.



3.1.2 RIS Reflection Coefficient

Each RIS element applies a reflection coefficient defined as:

0, = Bpelor (3.2)
where:
* (,: amplitude reflection coefficient

* ¢,: phase shift

For ideal RIS operation: 3, = 1, and only phase control is performed.

3.1.3 RIS Phase Alignment

RIS phase shifts are adjusted to compensate channel phases,To maximize received sig-

nal power. The optimal phase shift becomes:

This enables coherent combining of reflected signals. The effective received signal

becomes:

N
Y= |hnllgalz +w (3.4)
n=1

which significantly improves received SNR.

3.1.4 Advantages of RIS

There are several key benefits of using RIS in the design of wireless communication

* Coverage Enhancement: Signals can be steered towards end users experiencing
bad channel conditions or obstruction. This results in improved Signal coverage,

Performance in cell-edge locations and Reliability.

» Spectral Efficiency Improvement : Signal addition using RIS, achieves better

SNR and spectral efficiency through phase alignment.

* Energy Efficiency:Lower energy consumption by RIS, as opposed to active re-

lays, since no RF chains or PA’s are required in the RIS setup.



* Interference Management: Interference can be mitigated through RIS by properly

steering the signal.

* Secure Communication: RIS can enable secure communications through signal

steering towards the legitimate users while avoiding the eavesdroppers.

3.2 Integrated Sensing and Communication (ISAC)

Integrated Sensing and Communication (ISAC) is an emerging wireless communica-
tion paradigm where the same hardware and spectral resources are utilized for both
communication and sensing operations.

Traditionally, communication and radar sensing systems operate independently, re-
sulting in inefficient spectrum utilization.

ISAC addresses this limitation by enabling simultaneous communication and envi-

ronmental sensing.

3.2.1 Principles of ISAC

ISAC operates on the concept of using one single waveform that supports communi-
cation as well as sensing tasks. Contrary to conventional wireless communications
and radar systems, where communication and sensing are done separately, ISAC sup-
ports both communication and sensing using a common set of spectral and hardware

resources. In ISAC, the signal used for transmission has two main functions:

* Information Transfer: The information transmitted by the transmitted wave-
form is meant for communication users in order to transfer reliable information

through high spectral efficiency and low latency.

* Environment Monitoring: The transmitted waveform is received back from the
environment after being reflected by environmental objects and used for sensing,

e.g., target detection, ranging, direction finding, and tracking.

ISAC basically involves the design of a common waveform for both communica-
tion and sensing while balancing performance in the two tasks This dual-functionality
enables efficient spectrum utilization and reduces hardware redundancy.

The integration of these functionalities allows ISAC systems to achieve improved
spectral efficiency, reduced infrastructure cost, and enhanced adaptability for future

sixth-generation (6G) wireless networks.

10



Fig. 3.2, 1s pictorial representation of ISAC i.e Simultaneous Communication and

Sensing over Shared Spectrum.

Reconfigurahle Intelligent
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Figure 3.2: Integrated Sensing and Communication

3.2.2 Applications of ISAC

ISAC has numerous applications in future intelligent wireless systems Some of the

applications are listed below:

* Autonomous Vehicles: ISAC enables simultaneous communication and sensing

for vehicle-to-vehicle and vehicle-to-infrastructure communication.

* Smart Transportation: ISAC supports traffic monitoring, collision avoidance, and

intelligent transportation systems.

* Internet of Things (IoT): ISAC enables efficient sensing and communication for

large-scale 10T networks.

* Industrial Automation: ISAC supports real-time sensing and communication in

smart factories.

* UAV Communication: Unmanned aerial vehicles can utilize ISAC for navigation,

sensing, and communication simultaneously.

11



3.3 Communication-Sensing Tradeoff

One of the major challenges in ISAC systems is the communication-sensing tradeoff.
Wireless resources such as: Spectrum, Power, Beamforming resources,RIS elements
must be shared between communication and sensing functionalities. Increasing com-
munication resource allocation generally improves communication throughput but de-
grades sensing performance. Similarly, increasing sensing allocation improves sensing
accuracy while reducing communication performance. Therefore, intelligent optimiza-

tion becomes essential.

3.4 RIS-Assisted ISAC Systems

RIS-assisted ISAC systems combine the advantages of RIS and ISAC technologies. RIS
provides programmable wireless propagation control while ISAC enables simultaneous

sensing and communication. Listed below the benefits of ISAC-RIS:

3.4.1 RIS Partitioning

In RIS-assisted ISAC systems, RIS elements may be dynamically partitioned between
communication and sensing tasks.

Let: Lc represent communication RIS elements and: L, represent sensing RIS
elements. There are IV total RIS elements : Then the RIS partition constraint becomes:

L.+L,=N (3.5)

This RIS partitioning introduces an important optimization problem.

3.5 Monostatic Sensing Model

In monostatic sensing systems, the transmitter and receiver are colocated. The sensing

signal experiences round-trip propagation:
1. BS — RIS
2. RIS — Target
3. Target — RIS
4. RIS — BS

This creates a realistic 4-hop sensing channel.
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3.5.1 4-Hop Sensing Channel

The effective sensing channel can be represented as:

Hs = (hsgs)2
where:
¢ hg: BS-RIS channel

* gs: RIS-target channel

The squared term models round-trip propagation behavior.

3.6 Need for Intelligent RIS Optimization

RIS-assisted ISAC systems operate under highly dynamic and stochastic wireless envi-
ronments. Traditional optimization techniques often suffer from issues like High compu-
tational complexity, Slow convergence, Requirement of perfect CSI and Poor scalabil-
ity. Reinforcement Learning provides an effective solution to overcome the challenges
by enabling Online learning, Adaptive optimization, Sequential decision making and
Real-time RIS optimization. Fig. 8.2 represents the RIS system Model.

Reconfigurable Intelligent Surface (RIS)

o] Active Phase
7 Control setting
7 Element
g
I 97 i
: 7 Passive 10) = o( 0)
: :
1
I
1
I
|
\4 35_\0
RIS
—_— Controller

Meta-atoms Reflector - .
Passive Beamforming
Direct Link (h,) -
Ny (hs) - Blocked

1
____________________________ 1
i Smart Control Link ‘E ﬁ
Base Station (BS) Moblle User (MU)

Transmitter (Tx) Urban Obstacles Receiver (Rx)

! o
Smart Control Link o
i Eg

7

Figure 3.3: Reconfigurable Integrated Surface (RIS) System Model
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Chapter 4

Reinforcement Learning Techniques

4.1 Introduction

RL is a subset of machine learning where a learning agent learns about how to make
optimal decisions by interacting repeatedly with an uncertain environment. In contrast
to supervised learning, reinforcement learning doesn’t need any labeled dataset. Rather,
it learns from the observations made because of sequential actions.

The wireless environment is inherently random because of fading effects, move-
ment, path loss, and interference randomness. Hence, the use of reinforcement learning
becomes very efficient in optimally partitioning RISs under varying wireless environ-
ments.

In this work, the RIS partition optimization problem is modeled as a Multi-Armed
Bandit (MAB) problem and solved using:

* Gaussian Thompson Sampling (TS)

* Upper Confidence Bound (UCB)

4.2 Fundamentals of Reinforcement Learning

Reinforcement Learning is a sequential decision-making framework in which an agent
interacts with an environment and learns a policy that maximizes cumulative long-term
reward.

A reinforcement learning system generally consists of five main components:
* Agent

¢ Environment
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e Action
e Reward
* Policy

The interaction process is illustrated mathematically as:

Ay — By — Ry
where:
» A, represents action selected at time ¢
e F, denotes the environment

¢ R, denotes reward received

4.2.1 Agent

The agent is the decision-making entity responsible for selecting RIS partition configu-
rations.

In the proposed work, the RL agent dynamically determines:
(Les Ls)
where:

e L. denotes communication RIS elements

* L, denotes sensing RIS elements

4.2.2 Environment

The environment consists of the RIS-assisted ISAC wireless system including:

e Communication fading channels

Sensing fading channels

Path loss

¢ Noise

RIS reflections
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4.2.3 Action Space

The action space contains all possible RIS partition configurations:

A:{al,ag,...,a[(}

where each action corresponds to a valid RIS partition arm.

4.2.4 Reward

The reward measures the performance of communication and sensing. This work ap-

plies a reward that is geometric and balanced:
R = +/R.R;
where:

e R.is communication rate

* R, 1s sensing rate

4.3 Exploration and Exploitation Tradeoff
One of the central problems in RL is achieving a balance between:

* Exploration: Exploration involves choosing actions with uncertainty to gain in-
formation. In RIS partitions optimization, exploration leads to the revelation of

new RIS configurations.

» Exploitation:Exploitation involves choosing actions that are considered to pro-

vide the maximum reward.

Too much exploration negatively impacts immediate performance; too much ex-
ploitation prevents new discoveries. For an efficient RL algorithm these must be trade-

off between exploration and exploitation.

4.4 Multi-Armed Bandit Framework

The RIS partition optimization problem is modeled as a Multi-Armed Bandit problem.

The MAB framework is one of the simplest forms of reinforcement learning.
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4.4.1 Bandit Interpretation

A bandit consists of multiple arms, each generating unknown stochastic rewards.

The objective is to maximize cumulative reward through intelligent arm selection.

4.4.2 RIS Partition Arms

Each RIS partition represents one arm.
For:
N =100

RIS elements, sample arms include:
(10,90), (20, 80), (30, 70), ..., (90, 10)

where:

L.+Ls=N

4.5 Reward Optimization Objective

The reinforcement learning objective is:

T
max Z R(a;)
t=1
where:

e q, is selected arm

* R(ay) is observed reward

4.6 Gaussian Thompson Sampling

Gaussian Thompson Sampling is the primary reinforcement learning algorithm utilized
in the proposed framework. Thompson Sampling is a Bayesian RL algorithm that per-
forms probabilistic exploration by maintaining posterior reward distributions for each

arm. Following are the steps used in this algorithm:

* Bayesian Principle: The reward distribution of arm ¢ is modeled as:
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ei ~ N(MH 012)
where:

— [ji; 1S posterior mean

— 07 is posterior variance

* Initialization: Initially:

for all arms.

* Arm Selection: At each time step:

~

gi NN(/L,,O’?)

The selected arm is:

a; = arg max éz
* Posterior Update:After observing reward R;:

Ry —
N;

Wi = i +

where NV; is arm pull count.

4.6.1 Benefits of Thompson Sampling
Gaussian TS has the following benefits:

* Efficiency

* Fast convergence

* Minimal regret

* Effective adaptation
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4.7 Upper Confidence Bound

UCB refers to deterministic reinforcement learning methods. Action selection involves

the use of confidence intervals. Following are the steps followed in the UCB algorithm:

e UCB Index: For arm i:

logt

UCBZ: AZ’

where:

— [1; is empirical mean reward
— N, is arm pull count

— cis exploration constant

 Arm Selection: The selected arm is:

a; = argmax UCB;
* Reward Update: After observing reward:

. . Ry — i
/’I”L_/’L’L—i_ ]\]Z

4.7.1 Benefits of UCB

The main benefits of UCB include:
» Simplicity
* Theoretical guarantees

* Deterministic confidence-based exploration

4.8 Regret Metrics

For the evaluation of reinforcement learning effectiveness, we employ three regret met-
rics, such as instantaneous regret, cumulative regret, and average regret. They describe
the level of closeness of the reinforcement learning algorithm to finding the optimal

policy of the RIS partitioning.
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Instantaneous Regret

The instantaneous regret corresponds to the penalty suffered because of using a non-
optimal action compared to the action which gives the highest possible reward (or, in

other words, is chosen by the oracle). The following equation is used:

re =1 — e, 4.1)

where ;1* stands for the reward of the optimal RIS arm while at for the reward of the
arm which has been selected in trial t. Thus, smaller instantaneous regret means that

the action chosen is closer to the optimal one.

Cumulative Regret

The cumulative regret equals the sum of performance losses on all the previous trials

due to non-optimal selection of the arm. This metric is defined as
T

R(T) = (1" — tta,) (4.2)

t=1
where 1" corresponds to the total number of trials in reinforcement learning. The
slower increase of the cumulative regret means the higher efficiency of the reinforce-

ment learning algorithm and, accordingly, its faster convergence.

Average Regret

The average regret corresponds to the mean value of the cumulative regret and equals

R(T) = ") (4.3)

This metric describes the average efficiency loss in reinforcement learning. During
the reinforcement learning process, the more effective the algorithm, the faster average

regret decreases until zero. Regret measures reinforcement learning efficiency.

4.9 Algorithm Flow

The proposed RIS optimization framework operates as follows:

1. Initialize RIS partition arms

2. Generate wireless fading channels
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3. Select RIS partition arm
4. Compute communication and sensing rewards
5. Update RL statistics

6. Repeat for all time steps

4.10 Gaussian Thompson Sampling Algorithm

Algorithm 1 Gaussian Thompson Sampling for RIS Optimization

1: Initialize posterior mean and variance
2: for each time step do
3: for each RIS arm do
Sample reward estimate from Gaussian posterior

end for

Compute communication and sensing reward

4
5
6: Select arm with highest sampled reward
7
8 Update posterior statistics

9

. end for

4.11 Upper Confidence Bound Algorithm

Algorithm 2 Upper Confidence Bound for RIS Optimization

1: Initialize empirical reward estimates

2: for each time step do

3: for each RIS arm do

4 Compute UCB index

5 end for

6: Select arm with highest UCB value

7 Compute communication and sensing reward
8 Update reward statistics

9

. end for
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Table 4.1: Comparison between Gaussian TS and UCB

Feature Gaussian TS UCB
Learning Type Bayesian | Confidence-Based
Exploration Probabilistic Deterministic
Convergence Speed Fast Moderate
Regret Performance Lower Higher
Wireless Suitability High Moderate

4.12 Comparison Between TS and UCB

4.13 Need for Reinforcement Learning in RIS-ISAC

Traditional optimization techniques are insufficient because:

» Wireless fading is stochastic

* Closed-form optimization is difficult
* Real-time adaptation is required

* RIS partitioning is sequential
Reinforcement learning provides:

* Online adaptation
* Low-complexity optimization
* Sequential learning

* Dynamic RIS partition optimization
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Chapter 5

Problem Formulation

5.1 Introduction

This chapter formulates the RIS-assisted Integrated Sensing and Communication (RIS-
ISAC) optimization problem considered in this work.

The objective is to determine the optimal partitioning of Reconfigurable Intelligent
Surface (RIS) elements between communication and sensing functionalities such that a
balanced communication-sensing tradeoff is achieved.

The wireless environment is stochastic due to fading, path loss, and random channel
variations. Therefore, the optimization problem becomes sequential and uncertain in
nature.

To address this challenge, the RIS partition optimization problem is formulated as a
stochastic Multi-Armed Bandit (MAB) problem.

5.2 RIS Partition Optimization Framework

Consider an RIS-assisted ISAC system consisting of:

One Base Station (BS)
¢ One communication receiver

* One sensing target

One RIS with programmable reflecting elements

Let: Ndenote the total number of RIS elements. The RIS is partitioned into: L.
communication elements and L, sensing elements.

The partition constraint is:
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L.+ Ls;=N S.D

The optimization task is to determine the best RIS partition that maximizes overall
system reward.

5.3 System Geometry

The three-dimensional node positions are represented as:
Ps = (s, Ys, 2s)
Pr = (TR, YR, 2R)
Pp = (Tp,Yp; D)
pr = (¥r,yr, 21)

where:

e S denotes transmitter
e R denotes RIS
¢ D denotes communication receiver

* T denotes sensing target

The corresponding Euclidean distances are:

dsr = ||Ps — Prl| (5.2)
drp = ||Pr — PD| (5.3)
drr = ||PR - pT|| (5.4)
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5.4 Path Loss Model

The large-scale path loss is modeled using:

—37.5—221log1q(d)

PL(d) =10" 10 (5.5)

where:
* d is propagation distance

This model captures realistic distance-dependent attenuation.

5.5 Communication Channel Model
The communication channel consists of:

* BS-RIS link

¢ RIS-user link

The BS-RIS communication channel is represented as:

he (5.6)

The RIS-user communication channel is:

9e 5.7

Both channels follow Nakagami-m fading.

The effective cascaded communication channel becomes:

Hc = hcgc (58)

RIS phase compensation is applied as:

0. = —Z(H.) (5.9)

The reflected communication signal becomes:

U, = H.% (5.10)

For L. communication RIS elements:
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L.
‘/c = Z Uc,n
n=1

The communication power gain becomes:

Vel?

5.6 Sensing Channel Model

The sensing process follows a realistic 4-hop monostatic sensing model.

The propagation sequence is:

1. BS =+ RIS
2. RIS — Target
3. Target — RIS

4. RIS — BS

The forward sensing channels are:
hs
s
The effective sensing channel becomes:

Hs = (hsgs)2

The squared term captures round-trip propagation.

RIS phase compensation is:

The reflected sensing signal is:

U, = /piH,e'"

where:
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Pt

denotes target reflection coefficient.

For L, sensing RIS elements:
Ls
‘/s = Z Us,n
n=1
The sensing power gain is:

Vil?

5.7 Communication SNR Formulation

The communication Signal-to-Noise Ratio is:

_ PV

¢ 2

g
where:

* P.is communication transmit power

* 02 is noise power

The achievable communication rate becomes:

R. =logy(1+ SNR,)

5.8 Sensing SNR Formulation

The sensing Signal-to-Noise Ratio is:

By Vy[?

SNR, =~

o
The sensing rate is:

R, =log,(1 4+ SNRy)
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5.9 Communication-Sensing Tradeoff

The RIS-assisted ISAC system exhibits an inherent tradeoff.

Increasing:

L.

improves communication gain but reduces sensing capability.

Increasing:

L

improves sensing performance but reduces communication throughput.

Therefore, the optimization problem requires balanced resource allocation.

5.10 Reward Formulation

The reward function must jointly optimize communication and sensing performance.

5.10.1 Arithmetic Reward

A weighted arithmetic reward is:

R = OéRC+(1 —OZ)RS

where:

0<a<l1

However, arithmetic rewards may excessively favor one objective.

5.10.2 Geometric Reward

To ensure balanced optimization, geometric reward is used:

R = +/R.R;

This reward strongly penalizes imbalance.
If either:

(5.24)

(5.25)



or

then:

R—0

This naturally enforces balanced communication-sensing optimization.

5.11 Optimization Objective

The RIS partition optimization problem is formulated as:

max R
LC’LS

subject to:

The optimization is stochastic due to fading randomness.

5.12 Multi-Armed Bandit Formulation

The RIS partition problem is modeled as a Multi-Armed Bandit problem.

* Bandit Arms: Each RIS partition corresponds to one arm:

ap = (LC7 Ls)

Example arms include:

(10,90), (20, 80), . .., (90, 10)
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* Action Selection: At time step ¢, the RL agent selects:

a € {1,2,..., K} (5.31)

* Observed Reward: After selecting arm a,, the environment produces reward:
R(ay) (5.32)

* Learning Objective: The RL objective is:

T
max » _ R(a;) (5.33)
t=1

5.13 Regret Formulation
Regret quantifies learning efficiency.

* Instantaneous Regret:

Tt = R* — R(at) (534)
where:
— R* is oracle reward
e Cumulative Regret:
T
R(T)=> (5.35)
t=1
* Average Regret:
_ R(T
R(T) = % (5.36)

A convergent RL algorithm satisfies:

lim R(T) =0 (5.37)

T—00
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Chapter 6

Proposed Methodology

6.1 Introduction

This chapter presents the proposed reinforcement learning based methodology for adap-
tive RIS partition optimization in the RIS-assisted Integrated Sensing and Communica-
tion (RIS-ISAC) framework.

The proposed technique seeks to determine the best possible partitioning of RIS
elements for communication and sensing purposes, depending on stochastic wireless
channel fading phenomena.

The optimization framework combines:

» RIS-assisted communication channel modeling
* Four-hop monostatic sensing channel modeling
* Balanced geometric reward design

* Gaussian Thompson Sampling

* Upper Confidence Bound benchmark optimization

The methodology enables intelligent online learning of RIS partition configurations

that maximize balanced communication and sensing performance.

6.2 Overall Framework Architecture
The proposed framework consists of four major modules:

1. Channel Generation Module
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2. Static Arm Evaluation Module
3. Reinforcement Learning Optimization Module

4. Performance Evaluation Module

Communication Channel
(BS — RIS — UE)

System Parameters Static Arm Evaluation —
RIS G t Ch: 1 Modeli SNR C tati Optimal RIS Partition
S Geometry annel Modeling S “omputation
L. L,
Reward Computation Q )

Wireless Configuration

4-Hop Sensing Channel
(BS — RIS — Target
— RIS — BS)

Gaussian L. )
. t———————{ RL Optimization Engine
Thompson Sampling p

Performance Metrics
Reward, Regret, SNR

Upper Confidence
Bound

Figure 6.1: Overall RIS-assisted ISAC optimization framework

6.3 RIS Partition Configuration

The RIS contains N = 100 programmable reflecting elements.
The RIS is partitioned into L. communication RIS elements and L, sensing RIS
elements.

The partition constraint is:

L.+Ls=N 6.1

The candidate communication partitions are:

L. = [10,20, 30, 40, 50, 60, 70, 80, 90] 6.2)

The corresponding sensing allocations are:

Li=N—L (6.3)

Thus, the total number of RIS partition arms becomes:

K=9 (6.4)
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6.4 Wireless Channel Generation Methodology

The wireless channels are generated using Nakagami-m fading.

This provides realistic stochastic channel fluctuations.

6.4.1 Communication Channel Generation

The communication channel consists of:

¢ BS-RIS channel

¢ RIS-user channel

The channel amplitudes are generated as:
he ~ Nakagami(my,, Q)

ge ~ Nakagami(m,, ;)

Random phase components are generated uniformly:

On, b ~ U0, 2]

The complex communication channels are:

he = |he|e’®

gec = |ga,emg
The effective cascaded communication channel is:

Hc = hcgc

6.4.2 Sensing Channel Generation

The sensing channel follows four-hop monostatic propagation.

The sensing channels are generated as:

hs ~ Nakagami(my,, 2,)
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gs ~ Nakagami(m,, Q) (6.12)

The effective sensing channel is:

Hs = (hsgs)2 (613)

The squared operation models round-trip propagation.

6.5 RIS Phase Alignment Strategy

Ideal RIS phase compensation is applied for coherent combining.

6.5.1 Communication Phase Compensation

The communication phase shift is:

0, = —/(H,) (6.14)

The reflected communication signal becomes:

U. = H.% (6.15)

6.5.2 Sensing Phase Compensation

The sensing phase shift is:

0, = —Z(H,) (6.16)

The reflected sensing signal becomes:

U, = /piH,e'% (6.17)

6.6 Coherent Combining

The reflected signals are coherently combined across RIS elements.
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6.6.1 Communication Combining

Lc
Vo=> Uen
n=1

The communication power gain is:

Vel?

6.6.2 Sensing Combining

Ls
‘/s = Z_; Us,n

The sensing power gain becomes:

Vil?

6.7 Static Arm Evaluation

(6.18)

(6.19)

(6.20)

(6.21)

Before reinforcement learning optimization, each RIS arm is statically evaluated.

For each arm:

1. Communication channel realizations are generated

2. Sensing channel realizations are generated
3. Communication SNR is computed
4. Sensing SNR is computed

5. Reward is evaluated

This provides baseline oracle performance.

6.8 Balanced Reward Design

The proposed framework utilizes geometric reward:

R =+/R.R;

where:
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R, =log,(1+ SNR,) (6.23)

R =logy,(1 4+ SNRy) (6.24)

This reward ensures balanced communication-sensing optimization.

6.9 Gaussian Thompson Sampling Methodology

Gaussian Thompson Sampling is employed as the primary reinforcement learning al-

gorithm.

6.9.1 Posterior Initialization

Each arm is initialized with:

1 =0 (6.25)
ol =1 (6.26)
6.9.2 Sampling Procedure
At each time step:
0; ~ N (113, 02) (6.27)
The selected arm is:
a; = arg max (6.28)

6.9.3 Reward Observation

The selected RIS partition generates reward:

R, (6.29)

6.9.4 Posterior Update

The posterior mean is updated using:
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(6.30)

6.10 Upper Confidence Bound Methodology

The Upper Confidence Bound (UCB) algorithm is implemented as a benchmark rein-
forcement learning approach to compare against Gaussian Thompson Sampling for RIS
partition optimization. UCB is a deterministic exploration-exploitation strategy that se-
lects RIS arms based on optimistic confidence estimates of their expected rewards.
One of the main ideas behind the UCB policy is selecting the arm with the largest
upper confidence bound, which ensures that arms with high uncertainty will be ex-

plored, while arms with high observed rewards will be exploited.

6.10.1 UCB Index Computation

At each trial ¢, the confidence index for arm 7 1s computed as

logt

B.(4) = i
UCB;(t) = fi; + ¢ N

(6.31)

where:

[1; 1s the estimated mean reward of arm ¢

¢ NV, is the number of times arm ¢ was selected

c is the exploration factor

t is the current trial index

The second part of the above formula shows how exploration is incorporated into

the formula, which diminishes as the arm is sampled more often.

6.10.2 Arm Selection Policy

The RIS arm selected in trial ¢ is defined by following:

a; = argmax UCB;(t) (6.32)

It can be seen that such a choice of an arm tends to favor arms with large rewards or

uncertainty.
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6.10.3 Reward Update

After observing reward R;, the mean reward is recalculated as follows:

Ry — fu;
N;

It is easy to see that the updating procedure allows incorporating information into

(6.33)

fli < fi; +

the estimate of rewards recursively.

6.10.4 Application to RIS Partition Optimization

In the RIS-assisted ISAC optimization problem that was discussed in this work, each
arm corresponds to one particular configuration (Lc, Ls) of RIS partitioning. Using such
a model, the UCB algorithm explores possible partition configurations until it identifies
the optimal set-up in terms of maximizing the value of the geometric reward function
taking into account both communication performance and sensing precision. While
UCB algorithm guarantees logarithmic regret for stochastic models, the experiments
show that the Gaussian Thompson Sampling algorithm converges much faster in this

case.

6.11 Simulation Procedure
The complete simulation workflow is:

1. Initialize system parameters
2. Generate RIS partition arms
3. Precompute wireless channels
4. Evaluate static arm rewards

5. Compute oracle arm

6. Execute Gaussian TS

7. Execute UCB

8. Compute cumulative regret

9. Compare algorithm performance
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6.12 Performance Metrics
The proposed framework evaluates the following:
* Average Reward:
T
_ 1
R=2> R
t=1
* Cumulative Regret:

R(T)=) (R —Ry)

t=1

¢ Communication SNR:

P.|Ve|?
SNR,. = |2|
o

* Sensing SNR:
P |Vi[?
SNR, = |2|
o

6.13 Computational Complexity
The complexity of Gaussian TS is:

O(KT)

The complexity of UCB is:

O(KT)
where:
¢ K is number of RIS arms

¢ T'is number of simulation trials

6.14 Advantages of the Proposed Methodology

(6.34)

(6.35)

(6.36)

(6.37)

(6.38)

(6.39)

The proposed reinforcement learning-based RIS partition optimization framework of-

fers several important advantages for RIS-assisted ISAC systems.

* Adaptive Online RIS Partitioning: The online learning framework continu-

ously tunes RIS partition decisions based on dynamic stochastic channel states

without any knowledge of the underlying channel statistics.
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Optimizing the Tradeoff between Sensing and Communications Performance:
By use of geometric reward function, the approach provides an effective tradeoff

between communication performance and the sensing functionality.

Computational Efficiency The Gaussian Thompson sampling and upper con-
fidence bound algorithms used in the framework incur light computational cost

making it efficient in terms of complexity.

Faster Convergence: The Bayesian approach to exploration provided by the
Gaussian Thompson sampling algorithm allows to converge to the optimal RIS

partition fast.

Robust Optimization under Stochastic Channel Conditions: The framework
is able to cope with stochastic fading channel and propagation conditions in the

wireless channel.

Efficient Exploration: As compared to UCB which is the benchmark determin-
istic approach, the proposed Gaussian Thompson sampling achieves substantially

less regret and fast oracle-optimal arm identification.

Scalable Framework: The framework can easily be scalable in case of larger

RIS configurations and multi-user ISAC.
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Chapter 7

Simulation Setup

7.1 Simulation Environment

The complete simulation framework was implemented in MATLAB. The simulation

platform specifications are listed in Table 7.1.

Table 7.1: Simulation Environment

Parameter Specification
Software Platform MATLAB R2024a
Operating System Windows 11

Processor Intel Core Processor

RAM 16 GB
Simulation Type Monte Carlo
Execution Mode | Offline Numerical Simulation

7.2 RIS Configuration

The RIS consists of programmable passive reflecting elements used for simultaneous

communication and sensing enhancement. The RIS parameters are listed in Table 7.2.

Table 7.2: RIS Configuration Parameters

Parameter Value
Total RIS Elements (V) 100
Communication Arms | 10 to 90
Arm Step Size 10
Total Arms 9
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7.3 RIS Partition Arms

The candidate RIS partition arms used in the optimization process are:

Table 7.3: RIS Partition Arms

Arm Index | Communication Elements (L.) | Sensing Elements (L)
1 10 90
2 20 80
3 30 70
4 40 60
5 50 50
6 60 40
7 70 30
8 80 20
9 90 10

Each arm represents a unique RIS communication-sensing allocation strategy.

7.4 Wireless System Parameters

The communication and sensing system parameters are summarized in Table ??.

Table 7.4: Wireless System Parameters

Bandwidth
Noise Figure
Transmit Power
Target Reflection Coefficient
Trials

Experiments

10 MHz
10 dB
40 dBm
10 dB
5000
30

7.5 Channel Parameters

Nakagami-m fading is employed for realistic wireless channel modeling.

The fading parameters are listed in Table ??.

Table 7.5: Nakagami Fading Parameters

Communication Channel

Sensing Channel
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7.6 Antenna Gain Parameters

The antenna gain values used in the simulation are shown in Table 7.6.

Table 7.6: Antenna Gain Parameters

Component Gain

Base Station 5dB

RIS 5dB
Communication Receiver | 0 dB
Sensing Target 0dB

7.7 Geometrical Configuration

The spatial deployment of network nodes is fixed during the simulation.

The node coordinates are listed in Table 7.7.

Table 7.7: Node Positions in Simulation Geometry

Node Symbol | Position (z,y, z) [m]

Base Station S (0,0,10)

RIS R (4,0,12)

Communication Receiver D (52,0,0)

Sensing Target T (10,4,0)

The corresponding distances are:

dsrp = 8.25m (7.1)
drp = 52.06 m (7.2)

7.8 Reinforcement Learning Parameters

The reinforcement learning configuration is summarized in Table 7.8.

7.9 Compared Algorithms
Two reinforcement learning algorithms are evaluated.
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Table 7.8: Reinforcement Learning Parameters

Parameter Value

Simulation Trials 1000
Independent Experiments 10
Posterior Initialization Mean 0

Posterior Initialization Variance 1
UCB Exploration Constant 2
Reward Model Geometric Mean Reward
Learning Framework Multi-Armed Bandit

7.9.1 Gaussian Thompson Sampling

Gaussian Thompson Sampling is employed as the proposed Bayesian reinforcement

learning framework for adaptive RIS partition optimization. It performs probabilistic

exploration using posterior reward distributions.

7.9.2 Upper Confidence Bound

Upper Confidence Bound is implemented as a benchmark algorithm. It performs deter-

ministic exploration using confidence interval based arm selection.

7.10 Performance Evaluation Metrics

The proposed framework is evaluated using the following metrics.

Average Reward (R?): Measures balanced communication-sensing performance.
Communication SNR (SN R.): Evaluates communication link quality.
Sensing SNR (SN R;): Evaluates sensing performance.

Cumulative Regret (R(7")): Measures reinforcement learning convergence effi-

ciency.
Average Regret (?): Measures long-term learning performance.

Optimal Arm Selection Accuracy: Measures the percentage of times the opti-
mal RIS partition is selected.

7.11 Simulation Workflow

The simulation procedure consists of the following steps:
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10.

. Initialize system parameters

Generate RIS partition arms

. Generate communication channels

Generate sensing channels

. Evaluate static arm rewards

Identify oracle RIS partition

. Execute Gaussian TS optimization
. Execute UCB optimization

. Compute regret statistics

Compare algorithm performance
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Chapter 8

Results and Performance Analysis

8.1 Introduction

This chapter presents the simulation results obtained from the proposed RIS-assisted
Integrated Sensing and Communication (RIS-ISAC) framework. The performance of
Gaussian Thompson Sampling (TS) and Upper Confidence Bound (UCB) is analyzed
under realistic wireless channel conditions.The analysis focuses on the following:

* RIS partition optimization
* Communication-sensing tradeoff

* Regret convergence

Reward maximization

* Comparative reinforcement learning performance

8.2 Communication-Sensing Tradeoff Analysis

Figure 8.1 illustrates the communication-sensing tradeoff R, = E[R;] as a function
of the communication element count .. The complete per-arm statistics are listed in
Table 8.1. The reward curve is strictly monotonically decreasing with L., with a global
maximum at Arm 1 (L. = 10, Ly = 90), yielding an oracle reward of 1.1330 bps/Hz.
Fig. 8.1 displays the per-arm average SNR for both functions as L, varies from 10
to 90. The communication SNR increases with larger communication RIS allocations,

whereas sensing SNR decreases due to reduced sensing RIS elements.

* SNR. increases monotonically from 29.56 dB at L. = 10 to 48.52dB at L. = 90,

reflecting growing coherent beamforming gain toward D.
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* SNR; decreases monotonically from —10.23 dB at L. = 10 (largest sensing aper-
ture) to —29.09dB at L. = 90 (smallest sensing aperture).

Table 8.1: Per-arm oracle statistics (7" = 1,000 trials).

Arm L. Ls; SNR.(dB) SNR; (dB) Reward (bps/Hz)

1* 10 90 29.56 -10.23 1.1330
2 20 80 35.53 —11.29 1.1052
330 70 39.00 —12.42 1.0207
4 40 60 41.50 —13.76 0.9051
5 50 50 43.43 —15.32 0.7765
6 60 40 45.02 —17.24 0.6355
7 70 30 46.34 —19.69 0.4869
8 80 20 47.52 —23.23 0.3285
9 9 10 48.52 —29.09 0.1693
* Oracle arm (maximum reward).

Communication-Sensing Tradeoff
T \ T

T

Communication
Sensing

Figure 8.1: Communication and sensing SNR versus communication RIS allocation.

The following observations are obtained regarding the communication-sensing trade-
off in the proposed RIS-assisted ISAC framework.

¢ Communication SNR Increases with RIS Communication Allocation
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» Sensing SNR Decreases with Reduced Sensing Allocation:
* Geometric Reward Selects Balanced Operating Points:

* Tradeoff Behavior Validates RIS Partition Optimization:

8.3 Static RIS Partition Performance

The reward obtained for each RIS partition arm is shown in Figure 8.2.

Reward vs RIS Partition
T T T

Figure 8.2: Reward versus RIS partition allocation.

The results indicate that balanced RIS partitioning is essential for maximizing the
geometric reward.
It is observed that excessive communication allocation degrades sensing perfor-

mance, while excessive sensing allocation limits communication throughput.

8.4 Oracle RIS Partition Identification

The static arm evaluation identified the optimal RIS partition.
The results show that sensing-dominant partitioning provides optimal balanced re-

ward.
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Table 8.2: Oracle RIS Partition

Parameter Value
Optimal Arm 1
Communication RIS Elements 10
Sensing RIS Elements 90
Communication SNR 24.58 dB
Sensing SNR -10.19 dB
Oracle Reward 1.0377

8.5 Gaussian Thompson Sampling Performance

The convergence performance of Gaussian TS is shown in Figure 8.3.
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Figure 8.3: Cumulative regret of Gaussian Thompson Sampling.

The above plot of the cumulative regret, properties of the Gaussian Thompson sam-

pling algorithm demonstrates the following key performance patterns.

* Rapid Convergence: The cumulative regret graph demonstrates very rapid con-
vergence when the learning process is performed, showing that the algorithm can

rapidly recognize the most attractive partitioning configuration of RIS..

* Effective Exploration: The Bayesian exploration technique allows effective sam-
pling of unknown RIS arms while minimizing unnecessary exploration of non

attractive partitions
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* Consistent Exploitation of Optimal Arms: After sufficient exploration, the al-
gorithm consistently exploits the optimal arm identified using oracle knowledge,

leading to consistent low regret growth.

* Low Long-Term Regret: The gradual decrease in the slope of the cumulative

regret graph confirms the success of minimizing regret growth over time.

The final Gaussian Thompson Sampling performance metrics are summarized in
Table 8.3.

Table 8.3: Gaussian TS Performance

Metric Value
Best Arm 1
Average Reward 1.0097
Final Regret 19.2084
Average Communication SNR | 30.11 dB
Average Sensing SNR -10.85 dB

8.6 Comparative Regret Analysis

The comparative cumulative regret performance is shown in Figure 8.4.
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Figure 8.4: TS versus UCB cumulative regret comparison.
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It can be seen from the comparison that the cumulative regret obtained using the
proposed Gaussian Thompson sampling approach is notably smaller compared to the
benchmark UCB algorithm.

Such an enhanced performance clearly reflects the better exploration-exploitation trade-
off provided by the Bayesian sampling framework that is able to determine the best RIS

partition in stochastically varying channels.

This also means that the rate of convergence and learning effectiveness is greatly

increased.

8.7 Average Reward Comparison

Figure 8.5 compares the achieved reward.

Reward Comparison
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Figure 8.5: Average reward comparison.

As per the results from the simulations, the Gaussian Thompson Sampling method
is observed to have consistently outperformed the UCB baseline method in terms of
the reward obtained on average. This result demonstrates the usefulness of Bayesian
exploration in the task of efficiently identifying the optimal partitions of the RIS.

Bayesian exploration can enable better exploitation and exploration of uncertain

RIS arm samples.
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8.8 RIS Arm Selection Analysis

The arm selection frequency is shown in Figure 8.6.
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Figure 8.6: RIS arm selection frequency.

The results show that TS rapidly identifies and repeatedly selects the optimal RIS
partition. This confirms learning stability.

8.9 Average Regret Analysis

The average regret convergence is shown in Figure 8.7.
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Figure 8.7: Average regret comparison.
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The decreasing trend confirms asymptotic convergence of both algorithms.

TS demonstrates faster regret reduction.

8.10 Discussion
Simulation experiments have revealed many important conclusions.

1. RIS partitioning influences the communication-sensing performance consider-

ably.
2. Geometric rewards can be useful in ensuring balanced optimization.
3. Gaussian TS is faster in convergence compared to UCB.
4. Bayesian exploration is more efficient for stochastic RIS optimization

5. Sensing-favored allocations provide superior balanced performance

8.11 Practical Implications
The proposed framework is suitable for:

* 6G intelligent wireless systems
* Autonomous vehicular communication
* Smart sensing infrastructure

» Adaptive RIS-assisted radar networks
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Chapter 9

Conclusion, Future Scope and Social

Impact

9.1 Conclusion

The thesis provides a clear illustration of the efficiency of RL methods for RIS-based
ISAC systems. The proposed model utilizes realistic wireless channel modeling and
dynamic allocation of RIS elements to communication and sensing which handle the
fundamental tradeoff between information transmission and radar sensing.

Simulation results indicate that the Gaussian Thompson Sampling (GTS) method is
better than the Upper Confidence Bound (UCB) method in stochastic wireless fading
channels. As GTS regret is less than that of UCB algorithm.

Ultimately, this framework provides a foundational step toward the realization of
intelligent, adaptive, and autonomous RIS-assisted ISAC architectures. The obtained
results firmly validate the potential of machine learning paradigms to drive the devel-
opment of self-optimizing, next-generation intelligent wireless communication systems

for 6G networks.

9.2 Future Scope

Future research paths that may further enhance the suggested framework include the

following:

* Deep Reinforcement Learning: The future research may examine Deep Rein-

forcement Learning for the resolution of RIS optimization problems.

* Multi-User RIS-ISAC Systems: The framework can be used for multiple user

communication systems where there are Multiple users, multiple sensing targets
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and interference management issues.

¢ Mobile RIS and UAV-Assisted RIS:Future research can look into Mobile RIS,
UAV-based RIS and Dynamic RIS placement optimization.

* Joint Power and RIS Optimization: Future frameworks will consider joint opti-
mization of RIS partitioning, power allocation, beamforming and user scheduling

for ISAC improvement.

9.3 Social Impact of the Proposed Work

The proposed reinforcement learning-based RIS-assisted ISAC optimization framework

has several important societal and technological implications.

* Better Spectrum Utilization: Integration of sensing and communications within
the same wireless system allows for increased efficiency of use of scarce wireless
spectrum resources, thereby alleviating spectrum congestion in next generation

wireless networks.

* Energy Efficient Wireless Infrastructure: Reflection via RIS does not involve
activated radio frequency transmission which makes RIS technology environmen-
tally friendly, allowing for sustainable development of wireless communication

infrastructures.

* Improved Public Safety Applications: The ability to utilize sensing features
of ISAC system in combination with communication makes it possible to design
systems for automated surveillance, detection of targets, emergencies, and disas-

ter response, enabling advanced public safety solutions.

* Smart City Implementation: The presented framework can help implement var-
ious features associated with smart cities including intelligent transportation sys-
tems, smart traffic management, autonomy in mobility applications, and urban

sensing systems.

* Development of Next Generation Communications: The developed technique
contributes towards creation of intelligent and adaptive communication 6G net-

works capable of performing efficiently under changing circumstances..

* Cost Effective Hardware Implementation: As it combines sensing and com-
munication functions within the single wireless framework, the proposed system

does not require additional hardware implementation, reducing its cost.
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* Dynamic Intelligent Wireless Networks: This work provides a practical rein-
forcement learning framework for RIS partition optimization that can serve as a
foundation for future research in intelligent wireless communication and sensing

systems.
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