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Abstract

Reconfigurable Intelligent Surfaces (RIS) have gained significant attention as a transformative

technology to enhance wireless communication by intelligently manipulating the propagation

environment. By dynamically adjusting the phase shifts of a large array of passive elements,

RIS can actively influence signal propagation to improve link quality, spectral efficiency, and

interference mitigation. One of the fundamental challenges in RIS-assisted wireless commu-

nication is maximizing the Signal-to-Noise Ratio (SNR) at the receiver. Achieving optimal

SNR necessitates determining the best RIS phase shift configuration, a task complicated by the

high-dimensional search space, dynamic channel conditions, and practical constraints such as

discrete phase shifts and limited feedback from the receiver. Existing solutions, including ex-

haustive search and model-based optimization techniques, suffer from significant computational

complexity and are often infeasible for real-time adaptation in practical systems.

To address these challenges, this thesis proposes novel online-learning-based Multi-Armed

Bandit (MAB) algorithms tailored for RIS optimization. The RIS configuration problem is for-

mulated as a sequential decision-making process where the system continuously learns the op-

timal phase shift arrangement while balancing exploration and exploitation. Unlike traditional

reinforcement learning approaches, our MAB-based framework provides a lightweight, adap-

tive, and sample-efficient solution, making it particularly suitable for practical deployments

where acquiring full channel state information is costly or impractical. We introduce multi-

ple algorithmic variants that incorporate advanced exploration-exploitation trade-offs, ensuring

rapid convergence to near-optimal configurations without excessive computational overhead.

The proposed algorithms are evaluated through extensive simulations under diverse chan-

nel conditions and system constraints. The results demonstrate that our approach significantly

outperforms traditional heuristic and non-learning-based methods, achieving faster convergence,

higher achievable SNR, and improved robustness against environmental variations. Addition-

ally, we analyze the computational efficiency of our methods, demonstrating their suitability for

i



real-time RIS control in dynamic wireless environments. By leveraging learning-based strate-

gies, our approach enables RIS to autonomously adapt to changing conditions, unlocking its

full potential for next-generation wireless networks.

Beyond performance gains, this thesis explores the practical considerations for imple-

menting MAB-based RIS optimization in real-world networks. We address key aspects such

as feedback mechanisms and computational complexity, ensuring that our proposed methods

align with practical hardware capabilities. Furthermore, we extend our analysis to multi-user

scenarios, cooperative RIS control, and integration with emerging wireless technologies, such

as millimeter-wave and terahertz communications. These findings highlight the potential of in-

telligent, adaptive, and scalable RIS-based communication systems that dynamically optimize

their behavior based on real-time observations.

This work contributes to the growing body of research on RIS-aided wireless networks

by introducing efficient learning-based strategies for optimizing RIS configurations. The find-

ings presented in this thesis pave the way for future studies exploring distributed learning ap-

proaches, joint RIS and beamforming optimization, and energy-efficient RIS deployment strate-

gies. Although ISAC and ISAC-RIS are not the core focus of this work, future research could

explore the application of MAB frameworks in ISAC-RIS systems, where joint optimization

of sensing and communication objectives may benefit from efficient online learning strategies.

Our work not only enhances theoretical understanding but also provides a practical foundation

for deploying RIS in next-generation wireless networks, including 6G and beyond.
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Chapter 1

Introduction

1.1 Background

W ireless communication systems have witnessed remarkable progress over the past few

decades, primarily driven by the need to support ever-increasing data rates, improve

spectral and energy efficiency, and enable ultra-reliable low-latency communication (URLLC).

The fifth-generation (5G) networks and the anticipated sixth-generation (6G) wireless systems

have underscored the limitations of conventional communication paradigms. These paradigms,

which focus primarily on optimizing transmission and reception techniques while treating the

wireless propagation channel as an uncontrollable entity, are now being re-examined in light of

emerging technologies that empower the environment to actively participate in signal shaping

and propagation.

Among these technologies, Reconfigurable Intelligent Surfaces (RIS) have garnered sub-

stantial interest. RISs are planar metasurfaces comprising a large number of low-cost, passive

reflecting elements capable of independently adjusting the phase and amplitude of incident elec-

tromagnetic waves. By controlling the phase shifts applied by each element, RIS can reshape
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the wireless propagation environment to enhance signal strength, suppress interference, extend

coverage, and improve overall network throughput and reliability.

RIS introduces a paradigm shift from conventional channel adaptation to environment

reconfiguration, thereby offering new degrees of freedom in wireless system design. Its low

power consumption, flexible deployment on surfaces such as building facades, and compati-

bility with millimeter-wave and terahertz bands make RIS a key enabler for sustainable and

energy-efficient wireless communication systems.

Despite these promising attributes, realizing the full potential of RIS hinges on efficient

configuration strategies that can adapt in real time to dynamic channel conditions. The phase

configuration space is exponentially large, especially when multiple RIS panels and users are

involved. Furthermore, practical constraints such as discrete phase resolution, hardware im-

perfections, and limited channel state information (CSI) at the transmitter pose additional chal-

lenges. These factors necessitate the development of low-complexity, real-time optimization

frameworks capable of operating with limited feedback.

1.2 Motivation

The deployment of RIS in next-generation wireless systems introduces new challenges in terms

of real-time configuration and control. Traditional optimization approaches, such as exhaustive

search, convex optimization, and gradient descent methods, are computationally intensive and

impractical for systems with a large number of RIS elements. These techniques often assume

full or near-perfect CSI, which is difficult to obtain in real-time due to the passive nature of RIS

and the complexity of estimating cascaded channels.

Reinforcement learning-based solutions have been proposed to address these limitations,

offering a framework to learn optimal policies through interactions with the environment. How-

ever, these approaches typically require extensive training data, high computational overhead,

and prolonged convergence times, making them unsuitable for latency-sensitive and resource-

constrained deployments such as edge computing environments.

The motivation for this thesis stems from the need for lightweight, scalable, and adap-
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tive algorithms that can operate efficiently under uncertainty and limited feedback. Online

learning algorithms, particularly those based on the Multi-Armed Bandit (MAB) framework,

present an appealing solution. MAB algorithms are well-suited for scenarios where decisions

must be made sequentially with partial information and minimal overhead. By balancing ex-

ploration (trying less-known configurations) and exploitation (choosing known good configura-

tions), MAB can learn optimal or near-optimal RIS configurations over time.

Moreover, the application of MAB in RIS-assisted communication systems allows for a

model-free optimization framework, obviating the need for full CSI and enabling efficient adap-

tation to time-varying channel conditions. This thesis aims to harness the potential of MAB al-

gorithms to address several key challenges in RIS configuration, including combinatorial action

spaces, change detection, sensor selection, and edge deployment feasibility.

1.3 Objectives and Contributions

This thesis presents novel contributions to the field of intelligent wireless communications, with

a particular emphasis on the use of online learning algorithms for real-time optimization of RIS.

The objectives of the thesis are:

• Design and analysis of the algorithm for identification of the best RIS in the scenario of

Single Transmitter and single as well as multiple receivers with multiple RIS.

• To design and analyze the algorithm for best RIS identification with the BER and trans-

mitted power trade-off.

• Development of the algorithm for multiple RIS and multiple receivers for homogeneous

networks

• Development of the algorithm for multiple RIS and multiple receivers for hetrogeneous

networks

The key contributions are outlined below:

• Modeling RIS Configuration as a MAB Problem: The thesis introduces a fundamen-

tally new perspective by modeling the RIS sub-block selection task as a stochastic MAB
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problem. By abstracting each RIS configuration (i.e., a group of RIS elements or sub-

blocks) as an arm in the bandit setting, the problem is framed as a sequential decision-

making process. This formulation enables real-time learning of the best RIS configuration

that maximizes the SNR at the receiver, even in the absence of full CSI. The approach is

model-free, highly scalable, and requires only minimal feedback, making it ideally suited

for practical deployment in next-generation wireless systems.

• Design of Compute-Efficient and Scalable MAB Algorithms: To tackle the chal-

lenges posed by large action spaces inherent in multi-RIS systems, the thesis proposes

several algorithmic innovations. These include focused exploration techniques, sub-

block reduction strategies, and hierarchical arm selection frameworks. Special atten-

tion is given to algorithms that are not only statistically efficient but also computation-

ally lightweight—enabling their execution on resource-constrained platforms. The pro-

posed algorithms are benchmarked against conventional UCB, Thompson Sampling, and

heuristic-based methods, demonstrating superior performance in terms of convergence

speed, regret minimization, and reliability under limited CSI.

• Integration of Change Detection Mechanisms for Dynamic Environments: A novel

framework is proposed to handle time-varying wireless channels where the optimal RIS

configuration changes due to mobility or environmental dynamics. The integration of

passive and active change detection mechanisms into the MAB framework allows the

system to adaptively reset and refine its learned decisions in response to abrupt or gradual

changes in the channel. This hybrid approach ensures responsiveness to change without

incurring unnecessary resets, thereby maintaining high SNR and throughput in dynamic

scenarios.

• Formulation of Energy-Efficient RIS Selection via Sensor Selection Framework:

The thesis draws parallels between RIS sub-block selection and classical sensor selec-

tion problems, particularly in contexts involving trade-offs between measurement cost

and accuracy. Inspired by partial monitoring settings, a consumed-power-aware MAB

algorithm is developed to identify RIS sub-blocks that achieve desired communication

performance while minimizing power consumption. This contribution addresses a criti-

cal practical aspect of RIS deployment—sustainability and energy efficiency.

• Theoretical and Simulation-Based Validation Across Diverse Scenarios: The pro-
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posed algorithms are rigorously analyzed through both theoretical regret bounds and

extensive MATLAB simulations. Performance metrics include cumulative regret, av-

erage received SNR, ergodic capacity, outage probability, and energy efficiency. The

simulations encompass single and multi-RIS systems, varied RIS element configurations,

discrete phase shift constraints, and both stationary and dynamic environments. These

results validate the robustness and adaptability of the algorithms under realistic system

assumptions.

• Real-Time Implementation and Edge Platform Feasibility: A significant contribution

of this thesis is the successful mapping of the proposed MAB algorithms to processor-

based edge platforms (e.g., ARM Cortex-A9, Cortex-A53). Execution time, memory

footprint, and instruction efficiency are measured and analyzed under different floating-

point precisions and SIMD configurations. The results confirm the practical viability of

deploying the algorithms in real-time communication systems, showing sub-10ms execu-

tion latency and reduced compute overhead.

• Scalability to Multi-RIS and Multi-User Configurations: The framework is designed

to operate effectively in scenarios involving multiple RIS panels and multiple receivers.

Through architectural design and algorithmic layering, the system maintains performance

as the number of RIS elements, sub-blocks, or users increases. Cooperative and dis-

tributed RIS scenarios are also considered, showing the extensibility of the proposed

learning-based approach.

• Laying the Groundwork for Future Intelligent RIS Systems: Although this thesis

focuses on maximizing SNR using bandit learning, the underlying framework provides

a foundation for future extensions such as: multi-objective optimization (e.g., joint radar

and communication design in ISAC-RIS systems), contextual and adversarial bandit mod-

els, integration with deep reinforcement learning for trajectory or beam design, and feedback-

aware resource allocation in mobile networks. These future directions are discussed in

the final chapter.
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1.4 Organization of the Thesis

The remainder of this thesis is structured into seven chapters, each addressing a specific aspect

of RIS-aided wireless communication systems and the proposed learning-based solutions. The

contributions span the development of theoretical models, algorithmic innovations, practical

implementation strategies, and performance evaluations, as outlined below:

• Chapter 2: Literature Survey provides an extensive review of existing research on in-

telligent and reconfigurable wireless environments. It begins with the evolution of RIS

and their role in modern wireless networks, emphasizing their architectural features and

signal manipulation capabilities. The chapter discusses applications of Multi-RIS sys-

tems, their integration into 5G and beyond networks, and highlights how online learn-

ing—particularly MAB algorithms—have emerged as a practical alternative to conven-

tional optimization methods. It also covers advanced topics such as sensor selection under

partial monitoring, the importance of change detection in dynamic environments, and the

challenges of deploying learning algorithms on hardware-constrained edge platforms.

• Chapter 3: Online Learning-Based Multi-RIS-Aided Wireless Systems formulates

the problem of RIS block selection in large-scale, multi-RIS-assisted networks. It pro-

poses a lightweight online learning framework based on MAB algorithms to sequentially

identify the optimal RIS sub-blocks that maximize the SNR at multiple receivers. The

proposed framework operates without full CSI, making it suitable for real-time deploy-

ment in practical systems with minimal overhead.

• Chapter 4: High-Speed Compute-Efficient Bandit Learning for Many Arms ad-

dresses the challenge of scalability when the number of arms (i.e., RIS configurations)

becomes very large. This chapter presents a class of computationally efficient MAB al-

gorithms tailored for low-latency processors. It includes algorithmic architectures that re-

duce execution time while maintaining learning accuracy, making these algorithms highly

suitable for deployment on embedded and edge platforms. Theoretical regret analysis and

experimental results are presented to support the proposed methods.

• Chapter 5: Optimizing RIS Block Selection for Power Consumption investigates the
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trade-off between power consumption and SNR performance in RIS systems. Inspired

by the sensor selection framework, the chapter introduces learning algorithms that in-

telligently choose subsets of RIS elements, thereby achieving energy-efficient commu-

nication. It formulates the optimization task as a partial monitoring problem where the

learner must infer optimal decisions with limited reward feedback, striking a balance be-

tween performance and energy usage.

• Chapter 6: Online Learning and Change Detection-Based Multi-RIS-Aided Wire-

less Systems for Dynamic Environments extends the learning framework to dynamic

scenarios where the optimal RIS configuration may change over time due to user mobil-

ity or varying channel conditions. This chapter integrates change detection techniques

with the MAB-based learning structure to enable adaptive configuration updates with-

out requiring prior knowledge of change intervals. Both abrupt and gradual changes are

considered, and the proposed approach demonstrates robustness and adaptability in non-

stationary environments.

• Chapter 7: Conclusion and Future Work summarizes the thesis contributions, provid-

ing a synthesis of the proposed algorithms and their practical implications. The chapter

discusses the advantages of online learning for RIS configuration and outlines several

potential future research directions, including the integration of deep learning, mobility-

aware RIS control, and large-scale hardware implementation strategies.
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Chapter 2

Literature Survey

2.1 RIS: Fundamentals and Applications

RIS have emerged as a revolutionary concept in the design of future wireless communication

systems. Unlike conventional infrastructure, which treats the wireless channel as an uncontrol-

lable entity, RIS enables programmable control over the propagation of electromagnetic waves.

RIS typically comprises a two-dimensional array of low-cost, passive reflective elements, each

capable of independently adjusting the phase—and in some designs, the amplitude—of inci-

dent signals. By properly configuring these elements, RIS can shape the wireless environment

to enhance signal strength, direct the signals towards specific users, reduce interference, and

improve the overall coverage and capacity of wireless networks (1).

RIS has garnered increasing attention for its potential to meet the growing demands of

next-generation networks, such as 6G, which require highly adaptive, energy-efficient, and

spectrum-efficient communication technologies. Applications of RIS include mmWave and

THz communication, physical layer security, non-line-of-sight (NLoS) communication, 3D po-

sitioning, and vehicular-to-everything (V2X) systems (1; 2; 3). Moreover, RIS offers notable
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advantages such as minimal energy consumption due to its passive nature, flexible deployment

on surfaces like walls or building facades, and the ability to complement or replace active re-

lays in certain scenarios (4). From a theoretical perspective, RIS represents a paradigm shift

in the way wireless systems are modeled and optimized. Traditional communication systems

treat the propagation environment as a passive medium. In contrast, RIS enables the wireless

environment to become an active participant in signal transmission, offering a new dimension

of controllability (5). This shift has prompted extensive research into the modeling of RIS-

assisted channels, including studies on line-of-sight and non-line-of-sight propagation, as well

as frequency-selective fading scenarios.

Recent research has focused on integrating RIS into various wireless architectures, ex-

ploring its performance benefits under different channel conditions and its potential to support

intelligent and environment-aware communication systems (1). Some of the key technical chal-

lenges in RIS deployment include channel estimation, phase quantization limitations, and syn-

chronization among multiple RIS elements (1). In response to these challenges, various signal

processing and optimization techniques have been developed, such as iterative beamforming,

convex optimization, and heuristic algorithms (5). These methods aim to approximate the opti-

mal RIS configuration to enhance system performance.

One of the most studied use cases for RIS is its deployment in mmWave communication

systems, where the high path loss and sensitivity to blockage pose significant challenges. RIS

can overcome these issues by creating alternative reflective paths that bypass obstacles and

extend communication range (5). In THz systems, RIS has been explored for its ability to

provide beam focusing and reduce path loss in environments with limited scattering(2; 6). In

addition to enhancing communication performance, RIS has also been applied in sensing and

localization systems, enabling functionalities such as 3D imaging and user tracking through

intelligent reflection control (7; 8).

The integration of RIS with multiple-input multiple-output (MIMO) systems has also been

a focus of recent studies(9). Joint optimization of the transmit beamforming and RIS phase

shifts can yield significant gains in achievable rate and energy efficiency(10). However, such

joint optimization problems are often non-convex and computationally intensive, prompting

the exploration of suboptimal yet efficient algorithms. Moreover, the assumption of perfect

channel state information (CSI) at both the transmitter and RIS is often unrealistic in practical
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scenarios. This has motivated research into robust RIS designs that operate effectively under

partial or outdated CSI (11; 12).

RIS is also considered a key enabler for green communications, as it offers the potential to

significantly reduce power consumption in wireless networks. Unlike traditional active relays

or base stations, RIS elements consume minimal power, primarily limited to the circuitry used

to adjust their phase shifts (13). This makes RIS particularly attractive for deployment in dense

urban environments, where energy efficiency and spectrum reuse are critical. Several studies

have proposed RIS-based solutions for energy harvesting, cooperative relaying, and interference

management in such scenarios (14; 15).

Despite its potential, realizing the full benefits of RIS requires solving a number of prac-

tical and theoretical challenges. These include optimizing the placement and orientation of

RIS panels, managing the trade-off between complexity and performance in phase shift design,

and ensuring compatibility with existing communication standards (8). Furthermore, as the

number of RIS elements increases, the configuration space becomes exponentially larger, mak-

ing real-time optimization increasingly difficult. This has sparked growing interest in machine

learning-based methods, including reinforcement learning and multi-armed bandits, which can

adapt to dynamic environments and learn optimal configurations from interaction data.

In summary, RIS presents a highly promising solution to the challenges faced by modern

wireless communication systems. It offers a flexible and energy-efficient means to enhance

coverage, capacity, and reliability. However, the potential of RIS can only be fully realized

through the development of intelligent algorithms capable of efficiently configuring its elements

in real time (8). This motivates the research in this thesis, which explores the use of online

learning, particularly multi-armed bandit algorithms, as a scalable and effective approach for

RIS optimization in practical communication environments.

2.2 RIS Channel Modeling and System Architectures

RIS have emerged as a transformative technology to reshape wireless communication environ-

ments through the programmable control of electromagnetic waves. Accurate channel modeling

and practical architectural considerations are critical for realizing the potential of RIS-assisted
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systems. This section elaborates on the various channel modeling techniques, assumptions used

in the literature, and RIS deployment architectures suited for modern wireless networks.(16; 17)

2.2.1 RIS-Assisted Wireless Channel Modeling

The accurate characterization of wireless channels in the presence of RIS is essential for perfor-

mance analysis and system design. Unlike conventional wireless systems where signals undergo

reflection and scattering passively through environmental objects, RIS allows for programmable

control over the propagation medium(18). As such, traditional models must be revisited to in-

corporate the controllable reflection and phase shift introduced by RIS elements.

RIS-assisted channels are typically modeled as a concatenation of two or more individual

links:

• Transmitter-to-RIS link.

• RIS-to-receiver link.

• Direct link between transmitter and receiver.

Let us denote the baseband equivalent complex channel between the transmitter and the

receiver through the RIS as the product of two matrices/vectors:

heff = HRIS, RXΘΘΘHTX, RIS, (2.1)

where HTX, RIS and HRIS, RX represent the channels between the transmitter-RIS and RIS-

receiver respectively, and ΘΘΘ = diag(α1e jθ1, ...,αZe jθZ) is the RIS reflection coefficient matrix

with amplitude and phase control per element.

The literature assumes different channel fading models based on the deployment environ-

ment:

• Rician fading for line-of-sight (LoS)-dominant channels(19; 20).

• Rayleigh fading for non-LoS links in rich scattering environments(21).
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• Nakagami-m fading for modeling flexible fading severity, as adopted in (22; 23).

Moreover, some works consider independent and identically distributed (IID) fading across

RIS elements, while others use spatially correlated models to capture practical scenarios more

accurately.

2.2.2 Near-Field vs. Far-Field Modeling

RIS-assisted systems may operate under different field regions depending on the communica-

tion distance, RIS size, and wavelength(24). Traditionally, far-field assumptions are made where

plane-wave propagation is valid(25). However, large RIS panels or proximity to users/transmitters

may invalidate these assumptions.

• Far-field model: Assumes planar wavefronts; simplifies path loss and phase calculation.

• Near-field model: Requires spherical wave modeling; accounts for wave curvature, es-

pecially in large aperture RIS or indoor scenarios.

Recent works, such as (26), emphasize the importance of using near-field models for ac-

curate simulation of RIS-aided short-range networks.

2.2.3 Element-Level Reflection Models

The reflection model of RIS elements plays a pivotal role in determining the composite channel.

Each passive element in the RIS introduces a phase shift and, optionally, an amplitude atten-

uation. The simplified ideal model assumes unit-amplitude reflection with continuous phase

control, but in practice, constraints such as:

• Quantized phase shifts (e.g., 2-bit or 4-bit phase control),

• Element mutual coupling,

• Limited amplitude control
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must be accounted for.

These imperfections are modeled using realistic phase-shift constraints or hardware-induced

error distributions, as detailed in (27).

2.2.4 RIS Deployment and System Architectures

RIS can be deployed in various topologies and roles, influencing the corresponding system

model:

1. Single-RIS Systems: Most early works analyze systems with one RIS positioned to aid

communication between a transmitter and a receiver. (28)

2. Multi-RIS Systems: More recent approaches, such as (7; 23; 29; 30; 31), explore sce-

narios with multiple spatially distributed RISs to extend coverage and enhance spatial

diversity. Such setups introduce new challenges in resource selection, channel estima-

tion, and coordination.

3. User-Centric RIS: RIS is moved closer to mobile users, offering personalized enhancement(32;

33).

4. Cell-Free Architectures: RISs are treated as part of a distributed MIMO network, coor-

dinated through centralized or decentralized algorithms(34; 35).

These issues motivate data-driven and learning-based approaches for RIS configuration,

paving the way for the subsequent sections of this thesis.

2.3 RIS Configuration Optimization: Traditional Approaches

The efficient configuration of RIS is a challenge in realizing their full potential in wireless

communication systems. Since RIS can actively influence signal propagation by manipulating

the phase and amplitude of incident signals(2), determining the optimal configuration of RIS

elements is crucial to achieving desirable performance metrics such as SNR, data rate, outage
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probability, and energy efficiency. Traditional optimization approaches have been extensively

explored in the literature to solve this configuration problem, often under various assumptions

regarding channel knowledge, RIS hardware constraints, and computational resources.

One of the most straightforward methods for RIS configuration is the exhaustive search

approach, wherein all possible combinations of RIS phase shifts are evaluated to identify the

configuration that maximizes a particular performance metric, typically the SNR or channel

gain. While this approach guarantees optimal performance, it is computationally infeasible for

even moderately sized RIS arrays. The search space grows exponentially with the number of

RIS elements and the resolution of phase quantization(13; 36). For example, a RIS with 64

elements and 4-bit phase resolution results in more than 2256 possible configurations. Clearly,

this method becomes impractical for real-time implementation and is generally used only for

benchmarking purposes in simulations. To mitigate the complexity of exhaustive search, re-

searchers have proposed heuristic and iterative algorithms. One such approach is coordinate

descent, which sequentially optimizes the phase of each RIS element while holding the oth-

ers fixed. This method reduces the computational burden significantly but may converge to

local optima depending on the initialization and channel conditions. Another commonly used

technique is the alternating optimization framework, where the beamforming at the transmitter

and the RIS configuration are alternately optimized. This approach often assumes the avail-

ability of full channel state information (CSI) and relies on iterative procedures that may still

be computationally expensive. Gradient-based methods have also been applied to RIS con-

figuration problems, particularly when the optimization objective is differentiable with respect

to the RIS phase shifts(37; 38; 39). These methods utilize gradient descent or projected gra-

dient algorithms to navigate the solution space. However, the non-convex nature of the RIS

optimization problem—due to the unit-modulus constraints on the RIS elements—poses signif-

icant challenges for gradient-based methods. The presence of multiple local minima can lead

to suboptimal solutions, and the requirement of gradient information implies the need for ei-

ther accurate channel models or substantial training overhead. Convex relaxation techniques,

such as semidefinite relaxation (40; 41) and successive convex approximation (SCA)(42; 43),

have also been employed to handle RIS optimization problems. SDR lifts the problem to a

higher-dimensional space where it becomes convex, solves the relaxed version, and then ex-

tracts a feasible solution through randomization or rounding. While these methods provide

better tractability, they often require high-dimensional matrix operations and are not scalable to
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large RIS arrays. Moreover, the performance gap between the relaxed and original problems

can be significant in some scenarios. In addition to these mathematical optimization techniques,

metaheuristic algorithms such as genetic algorithms(44), particle swarm optimization(45), and

simulated annealing have been explored for RIS configuration(46). These algorithms are in-

spired by natural processes and are capable of exploring a large solution space without relying

on gradient information. Although they offer more flexibility in handling non-convex and dis-

crete optimization problems, they typically involve many hyperparameters and can be sensitive

to tuning. Furthermore, their convergence speed may not be sufficient for real-time applica-

tions, especially in rapidly changing channel conditions. Another line of research focuses on

codebook-based approaches(47), where a finite set of RIS configurations is pre-designed based

on offline optimization or heuristic rules. During operation, the system selects the best con-

figuration from the codebook based on limited feedback or signal measurements(47; 48). This

reduces the search complexity but often leads to suboptimal performance due to the limited di-

versity in the codebook. Furthermore, codebook design itself can be a complex task, requiring

channel statistics and prior knowledge of the deployment scenario. Traditional optimization

techniques also typically assume perfect or near-perfect knowledge of the wireless channel,

which is difficult to obtain in practice, especially in RIS-assisted systems where the base sta-

tion must estimate the cascaded channel involving the transmitter-to-RIS and RIS-to-receiver

links. Channel estimation in such scenarios requires sophisticated protocols and incurs sig-

nificant overhead, further reducing the practicality of these methods(12; 49). To address this

issue, some researchers have proposed blind or semi-blind optimization techniques that rely

on received signal strength measurements instead of full CSI. While these methods reduce the

feedback burden, they tend to converge slowly and are often sensitive to noise and environ-

mental variations. The majority of traditional RIS optimization methods are also designed for

single-user scenarios or assume orthogonal access in multi-user environments. However, the

increasing demand for spectral efficiency necessitates simultaneous optimization for multiple

users sharing the same RIS infrastructure(12; 50). Extending traditional methods to multi-user

setups introduces additional complexity, as the optimal RIS configuration must balance the per-

formance across users with potentially conflicting objectives. Moreover, the problem becomes

combinatorially harder when multiple RIS panels or distributed RIS elements are involved. In

practical deployments, several hardware constraints must also be considered. These include the

finite resolution of the phase shifters, mutual coupling between RIS elements, and latency in
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reconfiguring the RIS states. Traditional optimization methods rarely account for these non-

idealities explicitly, leading to performance degradation when implemented on real hardware.

Additionally, the overhead involved in configuring RIS in real-time is often ignored, which can

be substantial in scenarios where rapid adaptation is required, such as vehicular networks or

mobile users. In summary, while traditional optimization techniques have provided valuable

insights into the performance limits and design principles of RIS systems, they face several

limitations in real-world deployments. These include:

• High computational complexity, making real-time adaptation infeasible.

• Dependence on full CSI, which is expensive to obtain and prone to errors.

• Lack of scalability to large RIS arrays or multi-user scenarios.

• Insufficient adaptability to dynamic and time-varying environments.

• Neglect of practical constraints, such as energy efficiency, hardware imperfections, and

feedback limitations.

These limitations highlight the need for new approaches that can offer low-complexity,

data-driven, and adaptive solutions to the RIS configuration problem. Machine learning, and

in particular, online learning algorithms such as MAB, have recently emerged as promising

alternatives(51; 52; 53). These approaches are capable of learning optimal RIS configurations

from limited feedback and adapting to changing environments without requiring complete chan-

nel knowledge. In the next section, we explore how learning-based strategies, including MAB,

have been applied to RIS optimization and how they overcome the shortcomings of traditional

techniques.

2.4 Multi-User and Multi-RIS Systems

As wireless networks continue to densify and diversify in structure, the need to efficiently sup-

port multiple users across extended coverage areas has become paramount. RIS offer an inno-

vative solution by enabling programmable wireless environments. However, extending RIS sys-

tems to multi-user and multi-RIS settings introduces a host of technical challenges and design
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considerations. This section reviews the literature and underlying principles in such systems,

with a focus on architecture, coordination, optimization, and learning-based adaptation.

2.4.1 Multi-User RIS-Aided Communication

In a multi-user RIS-aided system, a central base station (BS) communicates with multiple re-

ceivers via a passive RIS, which reflects the incident signal toward users by applying phase

shifts at its elements. These systems aim to improve spectral efficiency, reduce interference, and

provide user-specific beamforming without the need for active RF chains at the RIS(54; 55; 56).

The major challenges in this context include:

• Inter-user Interference (IUI): Optimizing the RIS to serve multiple users simultane-

ously may lead to signal degradation due to mutual interference among user channels.(57)

• Coupled Optimization: The BS transmit beamforming and RIS reflection coefficients

must be optimized jointly, forming a highly non-convex and coupled problem. (58)

• Fairness and QoS: Ensuring that all users meet their quality-of-service (QoS) constraints,

such as minimum SINR or throughput levels.

• CSI Acquisition: Obtaining accurate cascaded BS-RIS-user CSI is particularly challeng-

ing in multi-user scenarios. (59)

2.4.2 Multi-RIS Deployment Architectures

To enhance coverage and provide spatial diversity, multiple RISs can be deployed within a

communication environment. These RISs may operate independently or be coordinated cen-

trally depending on the network architecture. Multi-RIS systems offer multiple propagation

paths, leading to improved link reliability and energy focusing capabilities. (23; 29; 60; 61)

The advantages of multi-RIS deployments include:

• Extended Coverage: RISs can be positioned to mitigate shadowing and blockage effects,
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ensuring communication continuity.

• Diversity Gains: Signals reflected by different RISs undergo independent fading, im-

proving the robustness of communication links.

• Flexible Association: Users can dynamically associate with different RISs depending on

their location and channel conditions.

However, multi-RIS systems also pose new design challenges:

• RIS Selection: Determining which subset of RISs should be activated for each user or

group of users.(53)

• Coordination Complexity: Managing phase shift design across distributed RISs requires

sophisticated coordination protocols.

• Synchronization: Aligning multiple RISs to operate coherently in time and phase.

• Inter-RIS Interference: In dense deployments, reflections from multiple RISs can de-

structively interfere unless carefully aligned.

2.4.3 Joint Optimization in Multi-User Multi-RIS Systems

The joint optimization of BS beamforming, RIS phase shifts, and user-RIS association leads to

large-scale, highly non-convex problems. Several solution approaches have been developed:

• Block Coordinate Descent (BCD): Alternately updates different sets of variables while

fixing others. Commonly used for RIS phase shift and precoding design.(50)

• Successive Convex Approximation (SCA): Approximates non-convex constraints and

objective functions with convex surrogates.(13; 62)

• Semidefinite Relaxation (SDR): Used to relax rank-one constraints in beamforming

problems, though often leading to suboptimal performance.(41)

• Heuristic and Metaheuristic Algorithms: Includes evolutionary methods, particle swarm

optimization, and simulated annealing for global search.(45)
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Many of these methods are computationally intensive and rely on full or partial CSI, which

may not be available in real-time systems. This has led to increased interest in learning-based

strategies.

2.4.4 Learning-Based Approaches in Multi-RIS Systems

Online learning algorithms, including Multi-Armed Bandits (MABs) and reinforcement learn-

ing, have been proposed as scalable alternatives to conventional optimization. These methods

treat RIS selection, configuration, and association as sequential decision problems.

MAB-Based Approaches: Each RIS or sub-block can be treated as an arm, and the trans-

mitter learns over time which combinations maximize a reward function (e.g., SNR, throughput,

energy efficiency)(53).

Reinforcement Learning: Q-learning and deep Q-networks (DQN) have been used to

model RIS-user association and dynamic environment adaptation, as seen in (51) and (63).

Federated and Distributed Learning: Emerging frameworks allow each RIS to learn and

adapt independently while sharing minimal information with a central controller, preserving

privacy and reducing overhead.(64)

2.5 RIS in Millimeter-Wave and Terahertz (THz) Bands

RIS are increasingly recognized as critical enablers for high-frequency communication systems,

particularly in the mmWave and THz bands. These bands offer large spectral resources to sup-

port ultra-high data rates for emerging 6G applications, including immersive extended reality

(XR), ultra-HD video streaming, and wireless backhaul. However, mmWave and THz systems

suffer from severe path loss, high penetration losses, and limited diffraction, all of which re-

strict coverage and link reliability(5; 65; 66). RIS provides a passive, energy-efficient means

to overcome these limitations by introducing programmable reflections that can compensate for

propagation losses and maintain connectivity in non-line-of-sight (NLoS) scenarios.

20



2.5.1 RIS Design Considerations in High-Frequency Bands

The implementation of RIS in mmWave and THz bands requires specialized design to accom-

modate unique propagation and hardware constraints:

• Element Size and Spacing: At higher frequencies, the wavelength is smaller, enabling

more RIS elements to be packed in a given aperture, which increases the angular resolu-

tion of beamforming.

• Phase Shift Precision: Fine phase control becomes more critical due to the short wave-

lengths, demanding higher-resolution or continuous-phase tuners.

• Material and Substrate Limitations: RIS elements must be designed with materials

compatible with high-frequency operations, such as graphene-based or plasmonic meta-

surfaces for THz bands.

• Integration with Beam Training: Due to narrow beamwidths at mmWave/THz, RIS

design must be tightly integrated with beam discovery and alignment mechanisms.

Several hardware prototypes have been demonstrated using PIN diodes, varactors, or

micro-electromechanical systems (MEMS) to provide the reconfigurability required at high fre-

quencies.

2.5.2 RIS-Aided mmWave/THz System Architectures

In RIS-enhanced mmWave and THz systems, the RIS can serve different roles depending on

deployment strategy:

• RIS as a Reflective Relay: Positioned between the transmitter and receiver to establish

virtual line-of-sight links. (67)

• RIS-Assisted Beam Tracking: Supports fast alignment of narrow beams in mobile sce-

narios, where conventional beam sweeping is too slow.(68; 69)
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• RIS for Cell-Free Massive MIMO: Distributed RISs act as passive access points to

emulate a dense, energy-efficient MIMO environment.(70)

• RIS-Enabled Wireless Backhaul: Facilitates high-capacity, low-cost wireless backhaul

in ultra-dense networks.(71)

Works such as (72) and (73) have demonstrated through simulations and prototypes that

RISs can significantly reduce outage probability and enhance spectral efficiency at mmWave

frequencies. THz studies, such as (68), explore RIS-based reflectarrays to overcome alignment

and mobility issues in short-range ultra-high-speed links.

2.6 Multi-Armed Bandit (MAB) Algorithms in Wireless Com-

munication Systems

The MAB framework offers a robust mathematical model for decision-making under uncer-

tainty. Widely applied in various domains, the MAB framework has proven particularly useful

in wireless communication systems, where efficient resource allocation decisions must be made

dynamically, often with limited or incomplete knowledge of the system’s environment.

2.6.1 Introduction to MAB

In the canonical stochastic MAB setting, an agent has K arms, each associated with an unknown

reward distribution. At each time step t, the agent selects an arm It ∈ {1, . . . ,K} and receives

a stochastic reward rit (t) drawn from the corresponding distribution. The goal is to maximize

the cumulative expected reward over a time horizon T , or equivalently, minimize the regret,

defined as the difference between the reward of the optimal arm and the accumulated reward of

the chosen sequence.
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Formally, the expected regret is given by:

R(T ) = T µ
∗−

T

∑
t=1

E[µit ] (2.2)

where µ∗ = maxi µi is the expected reward of the optimal arm. The key challenge in MAB is

balancing exploration (trying out uncertain arms to learn their rewards) and exploitation (select-

ing the currently best-known arm).

Variants such as the adversarial bandit, contextual bandit, and non-stationary bandits have

been developed to address more complex dynamics in practical systems.

2.6.2 MAB Algorithms

Several foundational algorithms have been developed to address different MAB settings:

• ε-Greedy: With probability 1− ε , the agent selects the best-known arm; otherwise, it

explores randomly.

• Upper Confidence Bound (UCB): A deterministic strategy that selects the arm with

the highest upper confidence index. UCB1 achieves logarithmic regret under stationary

assumptions.(74)

• Thompson Sampling (TS): A Bayesian approach that maintains a posterior distribution

over expected rewards and samples from it to make decisions.(75; 76)

• EXP3: Suitable for adversarial settings where rewards may be chosen by an adversary.

• Sliding Window UCB, Discounted UCB: Designed for non-stationary environments

where reward distributions may change over time.

• Combinatorial MAB (CMAB): Where the agent selects a subset of arms at each time

step; relevant for scenarios like RIS sub-block or beam combinations.

These methods provide formal performance guarantees and have shown strong empirical

results in various domains including wireless networks.
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2.6.3 Applications in Classical Wireless Systems

MAB algorithms have been successfully applied in many wireless communication problems,

particularly those requiring adaptive, low-overhead decision-making:

• Channel Selection in Cognitive Radio Networks: Secondary users choose frequency

bands for transmission based on limited knowledge of the interference levels in those

bands, aiming to maximize communication quality while avoiding interference.

• Power Control and Scheduling: In distributed networks, MAB can guide transmitters

in choosing power levels or user subsets.

• User Association in HetNets: Base stations can model user association as a MAB prob-

lem with uncertain or time-varying load statistics.

• Beam Selection in mmWave and Massive MIMO Systems: Sparse channel character-

istics and beam misalignment can be addressed via adaptive beam probing using bandit

models.

2.6.4 Comparison with Other Learning Techniques

While supervised learning and deep reinforcement learning (DRL) offer rich modeling capac-

ity, they also require significant training data, computational resources, and suffer from poor

interpretability. In contrast, MABs:

• Require no offline training or labeled data.

• Are robust to noise and non-stationarity.

• Offer theoretical performance guarantees.

• Have lower complexity and better explainability — critical for real-time embedded im-

plementations.
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These advantages make MABs attractive for dynamic RIS control, especially in energy-

constrained and latency-sensitive environments.
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Chapter 3

Online Learning Based Multi-RIS-Aided

Wireless Systems

3.1 Overview

The evolution of software-defined radios and RIS has enabled on-the-fly control and reconfig-

urability at the physical layer parameters and radio propagation environment. In multi-RIS-

aided communication, the RIS block, comprising a certain number of RIS elements from one or

more RIS, is selected to achieve high throughput reliable communication between transmitter

and receiver. However, selecting an RIS block when there are multiple RIS and receivers is

not trivial due to the large number of candidate blocks. In this chapter, a novel multi-armed

bandit (MAB) framework, which can learn and select the optimal RIS block using focused

exploration, is proposed. We provide the theoretical regret bound for the proposed algorithm

and demonstrate the gain in performance over existing state-of-the-art statistical and MAB ap-

proaches via detailed simulation results in terms of rate, Ergodic capacity, outage probability,

energy efficiency, and received SNR.
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3.2 Introduction

After an initial breakthrough in the evolution of analog radio to digital radio, there have been

exciting contributions to making digital radio software-controlled and software-defined. This is

followed by intelligent radio evolution in which the radio parameters such as carrier frequency,

bandwidth, number of antennas, beam directions, and various physical layer parameters can be

controlled on the fly (77; 78). One well-known example of such intelligent radio is cognitive

radio, through which dynamic spectrum access has become a reality (78). Still, there is limited

control over the radio propagation environment, and it limits the performance of cellular net-

works, resulting in poor throughput and a large number of call drops. In the last few years, we

have seen significant interest in making the radio environment smart and controllable due to its

potential to improve network performance and cellular coverage (79). Specifically, the aim is

to exploit smart radio’s on-the-fly configuration capabilities by controlling the transmitted sig-

nal’s reflection, scattering, and refraction to improve the network performance. One potential

solution is reconfigurable intelligent surfaces (RIS) comprised of multiple passive metamaterial

reflecting elements (80). By controlling the amplitude and phase of these elements via the con-

troller, we can redirect the transmitted signal in the direction of the intended receivers (81; 2).

Various studies showed that the RIS offers higher reliability, improved throughput, and low-cost

solutions by reducing the number of RF chains in massive antenna systems and enabling full

duplex communication (82; 83). Other RIS applications include improved security (51) and

target localization (7). The challenges related to channel estimation due to many RIS elements

and robust beamforming due to imperfect channel state information were also considered in the

literature (11; 12). In beyond 5G applications, RIS was explored for improving the coverage of

mmWave systems where propagation loss is significant (84). Recent works discussed channel

modeling for RIS-based communication in the Terahertz (THz) spectrum (73). In (85; 86; 51),

machine learning and deep learning algorithms were explored to improve the performance of

RIS-based communication.

Recently, few works have considered multiple RIS to improve the throughput and relia-

bility of communication links. In (87), cooperative beamforming design for multi-RIS-aided

systems was discussed along with channel modeling. They demonstrated the superiority of dis-

tributed RIS over centralized RIS. In (88), an efficient pilot transmission method was proposed
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to enable the receiver to separate signals arriving from different RIS, which further helps in

estimating the channel state and localization. In (31), the challenge of timing synchronization

between multiple RIS was addressed while the accurate configuration of multiple RIS, espe-

cially in mmWave multi-antenna system, was discussed in (30). In (89), the application of

stochastic geometry aided robust beamforming approach showed improved performance of the

multi-RIS-aided system in mmWave. The accurate channel estimation in an RIS-aided system

is challenging. A robust transceiver design for the multi-RIS assisted multi-antenna system with

erroneous channel estimation was discussed in (61). In (90), a multiple RIS-assisted multi-hop

communication system, in which multiple RISs work in a domino pattern, was explored along

with closed-form expressions for ergodic capacity and the outage probability. In (60), the need

for backhaul support for the feasibility of a multi-RIS system was highlighted. Recent works

demonstrated the usefulness of a multi-RIS-aided system for indoor THz wireless communica-

tion in the presence of mobile human blockage (91) and for vehicular communication (92). In

(23), authors considered a multi-RIS-aided communication system and proposed two schemes

for RIS selection. In the first scheme, Exhaustive RIS-aided (ERA), all RIS were used, while in

the second scheme, Opportunistic RIS-aided scheme (ORA), single optimal RIS was used. In

(29), authors considered relay-aided communication systems using multiple RIS and compared

the gain in outage probability. However, most of these works assume prior knowledge of perfect

channel state information (CSI).

To address scalability issues, prior knowledge of CSI and RIS selection, the multi-armed

bandit (MAB) framework was explored in the literature (93; 94). MAB framework based on-

line learning algorithms are a type of reinforcement learning in which the player needs to learn

and select the optimal arm as many times as possible. Since the arm statistics are unknown, the

algorithm must optimally satisfy the exploration-exploitation trade-off. MAB algorithms are be-

ing used extensively to develop learning algorithms for decision-making due to their analytical

traceability. Further, they are compute and memory efficient and do not need prior training like

machine learning and deep learning algorithms (95). Popular wireless applications of MAB-

based decision-making include cognitive radio networks (96; 97), Energy harvesting networks

(98), Millimeter Wave communications (99), massive multi-antenna system (100; 101) and 5G

cellular networks (102). We focus on the stochastic setting where classical bandit algorithms

like UCB (103), KL-UCB (104), and Thompson sampling (105) are applied to networks by suit-

ably mapping actions (channels, modulations schemes, power level, RIS) to arms and quantity
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interests (success rate, throughput) to rewards to obtain learning algorithms. Recently, MAB

algorithms were used for the selection of RIS in cellular Internet-of-Things (C-IoT), unmanned

aerial vehicle (UAV), and millimeter waves (mmWave) applications in (93), (106) and (94),

respectively.As discussed later in Section 3.4.2, direct application of MAB algorithm for RIS

selection in multi-RIS-aided system results in poor performance. To the best of our knowledge,

the design of MAB algorithms for multi-RIS-aided wireless systems has not been discussed yet

in the literature. The MAB problem setup for multiple receivers is not trivial. This work aims

to develop a new efficient MAB algorithm for wireless systems comprised of multiple RIS and

receivers. We analyze the performance of the proposed algorithm via theoretical, simulation,

and experimental results on the edge platform. In Table 3.1, we compare various state-of-the-art

works in the literature, and our contributions are summarized as follows:

1. In this chapter, we set up the RIS selection problem in a multi-RIS-aided system with

multiple receivers as a MAB framework where each arm corresponds to one or more RIS

with a certain number of passive elements. The aim is to learn the optimal combination

of RIS and their elements that offer higher average SNR/throughput. Since the num-

ber of RIS blocks can be significantly large, resulting in higher exploration time of the

conventional MAB algorithm, we exploit the sparsity to significantly reduce the number

of candidate blocks by pre-identifying the blocks whose average throughput is above a

given threshold. We demonstrate the gain in performance over existing state-of-the-art

approaches via theoretical and simulation results.

2. We propose two MAB algorithms: focused exploration UCB (FEUCB) and Enhanced

focused exploration UCB (EFEUCB) algorithms. We compare the performance with ex-

isting learning and non-learning-based approaches in terms of various performance met-

rics such as regret, rate, outage probability, ergodic capacity, energy efficiency, transmit

power, and consumed power.

3. We compare the performance of the centralized RIS and distributed RIS systems and

demonstrate the superiority of the distributed multi-RIS-aided system for multiple-user

cases.

4. In time-slotted communication, faster RIS selection allows more time for data commu-

nication, resulting in higher throughput. To analyze this, we design and implement the
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Table 3.1: Comparison of State-of-the-art Works

Papers
No. of

RIS

No. of

Recievers

Active

RIS

Learning

used for

Selection

Hardware

Results

(51) Single Multiple One Yes No

(106) Single Multiple One Yes No

(87) Multiple Multiple Multiple No No

(90) Multiple Multiple Multiple No No

(23) Multiple Single
All (ERA),

One(ORA)
No No

(93) Multiple Multiple One Yes No

(94) Multiple Single One Yes No

Proposed

Work
Multiple Multiple Multiple Yes Yes

proposed and existing MAB-based RIS selection algorithms on various embedded edge

platforms such as ARM Cortex A9 and ARM Cortex A53 processors augmented with sin-

gle instruction multiple data (SIMD) co-processors. We study the effect of word length on

the latency, i.e., execution time, of the algorithms. We demonstrate the lower execution

time of the proposed algorithms compared to the state-of-the-art MAB algorithms.

3.3 Network Model

In this chapter we consider the multi-RIS-aided system comprising one transmitter, K RIS, and

N receivers. Each RIS is divided into L sub-blocks, and each sub-block consists of Z sub-λ

sized passive RIS elements (In Fig. 3.1). We consider the time-slotted communication where

the transmitter must select M out of KL sub-blocks in each time slot. Thus, there are R=
(KL

M

)
combinations of M sub-blocks. The combination of any M sub-blocks is referred to as a block.

For the chosen block, the amplitude, A ∈ [0,1], and phase, θ ∈ [0,2π], of all elements are

optimally configured to establish the communication with N receivers. We denote the block

selected in the time slot, t, as It ∈ [R] := {1,2, ..R}. Note that the size of each sub-block and the

number of sub-blocks per RIS are not fixed. Without loss of generality, our framework allows

the transmitter to select more than one RIS in a given slot by having the sub-blocks in It from

the same or multiple RIS.

We consider the channel model in (23), where channels associated with elements of the
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same RIS are assumed to be independent and identically distributed (IID). In contrast, channels

associated with different RISs are assumed to be independent but not identically distributed

(INID), and the system undergoes Nakagami-m fading. The complex channel coefficient be-

tween the transmitter and zth element of the RIS sub-block, r, is defined in the polar form as

G̃klz = Gklze jψklz where Gklz and ψklz denote the magnitude and phase, respectively. Similarly,

the channel between the zth element of the RIS sub-block, r, and nth receiver is defined in the

polar form as H̃klnz = Hklnze jφklnz where Hklnz and φklnz denote the magnitude and phase, respec-

tively. The channel coefficient along the direct path between the transmitter and nth receiver is

G̃n = Gne jψn where Gn and ψn denote the magnitude and phase, respectively.

For transmit symbol, xs with power, Ps in dBm, the received signal at the nth receiver using

the RIS sub-block, m, is given by (23)

ym
n =
√

Ps

(
G̃n +

z=Z

∑
z=1

G̃klzαklze jθklzH̃klnz

)
xs +ωn (3.1)

where αklnz and θklnz are the amplitude reflection coefficient and phase-shift of the zth element

of the m. ωn denotes the additive white Gaussian noise (AWGN) with zero mean and variance,

σ2
n . Then, the SNR at the nth receiver, assuming optimal RIS configuration with zero phase

error, is given as

SNRm
n =

Ps

σ2
n

∣∣∣∣Gn +
z=Z

∑
z=1

GklzαklzHklnz

∣∣∣∣2 (3.2)

RIS1 RIS2 RIS K

Receiver 1 Receiver 2 Receiver NTransmitter

Sub Block

L Sub blocks with passive elements 

Figure 3.1: Illustrations of network model for multi-RIS-aided wireless system.
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For reliable communication between the transmitter and all receivers, we need to select the

block, i.e., M RIS sub-blocks, which cumulatively offer an average high cumulative SNR and

guarantee that the SNR at each receiver is above a certain threshold, ∆.

It = It∈[R]
|It |=M

[ iM

∑
v=i1
v∈[It ]

( N

∏
n=1

1SNRr
n>∆

N

∑
n=1

SNRr
n

)]
(3.3)

where 1cond is an indicator function. Selection of all RIS results in good throughput perfor-

mance but extremely high power consumption. Since SNR over each sub-block is unknown,

the selection of RIS block is not trivial; hence, we need a learning framework. Due to a large

number of sub-blocks and multiple receivers, one-shot learning via deep learning is not scalable

(63). The MAB algorithm is well suited for scenarios where decisions have to be made in the

face of uncertainty, and the objective is to maximize accumulated rewards over time. Though

such sequential learning is a promising approach, it is time-consuming, and hence, efficient

algorithms are needed.

3.4 Proposed Work

The selection of the RIS block in a multi-RIS-aided system with multiple receivers can be set

up as an MAB problem where the aim is to select the optimal block as often as possible via

exploration-exploitation trade-off. In this section, we discuss the selection of optimal block for

multiple receiver scenarios and the drawbacks of the existing MAB algorithms. We address

these challenges using the proposed algorithms.

3.4.1 MAB Framework

The standard stochastic multi-play MAB consists of a set of arms and a single player. Here, we

refer to RIS sub-blocks as arms and a player as a transmitter. In each time slot, a transmitter se-

lects a block of M RIS sub-blocks and receives a reward equal to SNR at each receiver. For each

receiver, the reward is assumed to be drawn independently across time from distributions that
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are stationary and independent across sub-blocks. We denote the mean reward of nth receiver

for block, r as SNRr
n and hence, total reward in time slot, t is given as

X It =
iM

∑
v=i1
v∈[It ]

( N

∏
n=1

1SNRr
n>∆

N

∑
n=1

SNRr
n

)
(3.4)

The performance metric for the MAB algorithm is regret, which compares the SNR degradation

due to sub-optimal block selection, and it is given as

R = T X r∗−E

[
R

∑
r=1

r∈[R]

X rSr

]
(3.5)

where T is the total number of time slots, Sr is the number of times the rth block is selected by

Base Station (BS) and r∗ is the optimal block which offers highest SNR. The expectation is with

respect to the random number of selections of the block Sr. Thus, the regret can be minimized

by selecting r∗, i.e., the combination of M sub-blocks with the highest SNR as often as possible

in a given horizon of size T .

3.4.2 Limitations of Existing MAB Framework

In this chapter, we limit our discussion to the upper confidence bound-based (UCB) MAB

algorithm (74) and provide regret bounds. The proposed idea can be easily extended to other

MAB algorithms, such as UCB variants and Thompson Sampling. In the UCB algorithm, each

block is selected once in the beginning. After that, in each time slot (t > R), the block that offers

the highest UCB factor is selected. The UCB factor of the block, r, in time slot t is given as

UCBr(t) =
X̂ r(t)
Sr(t)

+2

√
log(t)
Sr(t)

(3.6)

where X̂ r(t) denotes the accumulated SNR obtained over Sr(t) time slots during which UCB

selects the block, r. The expected regret of the UCB scales as O(∑r∈[R]\r∗
logT

∆r
) (107) where

∆r = X r∗−X r for all r ̸= r∗. For fixed T , the distribution-independent bounds are of the order
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√
RT (107). It is evident that the UCB suffers from high exploration time, especially when R is

large.

3.4.3 Proposed MAB Algorithms

In the Multi-RIS-aided system with N receivers, the number of RIS blocks that offer reasonably

good SNRs for all receivers simultaneously is expected to be limited, and hence, we can safely

assume that R̂≤ R where R̂ are good RIS blocks. In such a case, we can reduce the distribution-

independent upper bound to
√

R̂T and develop the algorithms that satisfy this bound. In the

proposed algorithm, inspired from (108), we focus on quickly identifying and exploring these

R̂ blocks, and it is referred to as the focused exploration UCB (FEUCB) algorithm. As shown

in Algorithm 1, all the blocks are selected once initially (Lines 4-5). In the rest of the time slots,

we check whether at least R̂ blocks have been explored sufficiently till time t (Line 9). If not,

we will use the conventional UCB algorithm with R blocks (Line 12). Otherwise, we restrict

the UCB only to the selected R̂ blocks that have been explored sufficiently. The set of blocks

that are sufficiently explored is given as

E (t) :=
{

r ∈ [R]
∣∣∣∣X̂ r(t)≥ 2

√
log(t)
Sr(t)

}
(3.7)

The FEUCB algorithm aims to avoid selecting RIS blocks with poor SNR into the R̂ blocks.

This is done by ensuring that each of the selected R̂ blocks has been sampled a sufficient num-

ber of times, as shown in Eq. 4.3. Using Theorem 1, we show that the proposed FEUCB

algorithm satisfies logarithm regret, and the scaling factor depends on R̂ instead of R, thereby

outperforming the UCB algorithm.

Theorem 1 The FEUCB algorithm guarantees that the expected regret is upper-bounded as

E[R(T )]≤ log(T ) ∑
r∈[R̂]\r∗

1
∆r

(3.8)
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Algorithm 1 FEUCB

1: Input: R, R̂,T

2: Initialize: X̂ r(t)← 0 and Sr← 0 for all r

3: for t = 1,2 . . .T, do

4: if t ≤ R then

5: Select block, It = t.

6: else

7: UCBr(t)← 0 for all r

8: Compute E (t) using Eq. (4.3).

9: if |E (t)| ≥ R̂ then

10: ∀r ∈ [E (t)] : Update UCBr(t) as given in Eq. (4.1)

11: else

12: ∀r ∈ [R] Update UCBr(t) as given in Eq. (4.1)

13: end if

14: Select block, It =r∈[R] UCBr(t)

15: end if

16: Transmitter configures RIS block, It and transmits a data frame.

17: Each receiver observes instantaneous normalized SNR, and communicates to the trans-

mitter, which calculates X It using Eq. 3.4.

18: SIt ← SIt +1 and X̂ r(t)← X̂ r(t)+X It .

19: end for

Proof: We define three events: 1) Ar(t): An event of good RIS block, r, being selected during

the UCB phase when R̂ blocks are sampled sufficiently (Line 10), 2) Br(t): An event of good

RIS block, r, being selected during the UCB phase when R̂ blocks are not sampled sufficiently

(Line 12), and 3) Cr(t): An event of poor RIS block, r, being selected. Then,

E[R(T )] = 1+ ∑
r∈[R̂]\r∗

∆rE
[ T

∑
t=1

1Ar(t)

]
+

∑
r∈[R̂]\r∗

∆rE
[ T

∑
t=1

1Br(t)

]
+ ∑

r/∈[R̂]
∆rE

[ T

∑
t=1

1Cr(t)

]
(3.9)
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The first term is during the initialization phase when each block is selected once. Using Lemma

1-3, we can independently upper-bound each of the three terms.

E[R(T )] = 1+ ∑
r∈[R̂]\r∗

(
16log(T )+8

∆r
+3
)
+

R∆R̂π2

6
+

∑
r/∈[R̂]

π2∆r

6
(3.10)

Since all except the second terms are independent of T , the second term dominates the regret.

This concludes the proof.

Lemma 1 The regret due to event Ar(t) is given as:

E
[ T

∑
t=1

1Ar(t)

]
≤ ∑

r∈[R̂]\r∗

(
16log(T )+8

∆2
r

+3
)

(3.11)

Proof: The proof is directly based on the UCB algorithm regret analysis in (74).

Lemma 2 The regret due to event Br(t) is given as:

∑
r∈[R̂]\r∗

∆rE
[ T

∑
t=1

1Br(t)

]
≤

R∆R̂π2

6
(3.12)

Proof: The FEUCB algorithm uses the UCB algorithm over all RIS blocks when good R̂ blocks

are not sampled sufficiently. Since UCB is based on an exploration-exploitation trade-off, the

probability of this happening for the entire horizon is finite. Thus, the probability that a good

RIS block is selected when good R̂ blocks are not sufficiently sampled is finite.Assuming ∆R̂ =

maxr∈[R̂]\r∗∆r, we have

∑
r∈[R̂]\r∗

∆rE
[ T

∑
t=1

1Br(t)

]
≤ ∆R̂

T

∑
t=1

E
[

∑
r∈[R̂]\r∗

1Br(t)

]
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Then,

E
[

∑
r∈[R̂]

1Br(t)

]
≤ ∑

r/∈R̂
P
[

X̂ r(Sr(t))≥ 2

√
log(t)
Sr(t)

]

Using the Chernoff bound, we have

E
[

∑
r∈[R̂]

1Br(t)

]
≤ ∑

r/∈R̂
P
[

X̂ r(Sr(t))−X r ≥ 2

√
log(t)
Sr(t)

]
≤ ∑

r/∈R̂

t−2

Thus,

∑
r∈[R̂]\r∗

∆rE
[ T

∑
t=1

1Br(t)

]
≤ ∆R̂

T

∑
t=1

∑
r/∈R̂

t−2 ≤
R∆R̂π2

6

Lemma 3 The regret due to event Cr(t) is given as:

E
[ T

∑
t=1

1Cr(t)

]
≤ π2

6
(3.13)

Proof: Since the poor RIS, r /∈ R̂, are not sufficiently explored by the algorithm, their regret is

bounded. Let r /∈ R̂. Then, 1Cr(t) = 0 for t ≤ R. Then,

E
[ T

∑
t=1

1Cr(t)

]
= E

[ T

∑
t=R

1Cr(t)

]
≤ E

[
∞

∑
u=1

1
X̂ r(Sr(u))≥2

√
log(u)
Sr(u)

]
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Using the Chernoff bound, we have

E
[

∞

∑
u=1

1
X̂ r(Sr(u))≥2

√
log(u)
Sr(u)

]
=

∞

∑
u=1

P
[

X̂ r(Sr(u))≥ 2

√
log(u)
Sr(u)

]

≤
∞

∑
u=1

P
[

X̂ r(Sr(u))−X r ≥ 2

√
log(u)
Sr(u)

]
≤

∞

∑
u=1

e−2log(u)

≤
∞

∑
u=1

u−2 =
π2

6

3.4.4 Enhanced FEUCB Algorithm

In the FEUCB algorithm, the exploration is done over all R blocks until we have R̂ sufficiently

sampled blocks. Since R is large and few RIS blocks are good satisfying sparsity requirement,

the performance of the FEUCB algorithm can be improved empirically by increasing the selec-

tion of good RIS blocks during the period where UCB is exploring all R blocks. The proposed

empirical approach is based on a thresholding approach where the algorithm aims to identify all

the RIS blocks that offer SNR above a certain desired threshold, SNRd . Once such R̂ blocks are

identified, conventional UCB is used. As shown in Algorithm 2, the EFEUCB algorithm differs

from the FEUCB algorithm on Lines 12-13, where we identify the blocks that offer SNR above

a certain desired threshold, SNRd . Such blocks are identified based on the threshold confidence

bound (TCB), and it is given as

TCBr(t) =
√

Sr(t)
∣∣∣∣ X̂ r(t)

Sr(t)

∣∣∣∣ (3.14)

In the FEUCB algorithm, we must select R̂ judiciously. When the selection of R̂ is not

trivial or R̂ is large, then the performance of the FEUCB algorithm may degrade. The EFEUCB

addresses this problem to a certain extent by identifying good RIS blocks using the threshold-

ing approach, and threshold parameters can be selected based on prior knowledge of wireless

system deployment, the number of RIS and their locations, wireless physical parameters, etc.
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Algorithm 2 EFEUCB

1: Input: R, R̂,T

2: Initialize: X̂ r(t)← 0 and Sr← 0 for all r

3: for t = 1,2 . . .T, do

4: if t ≤ R then

5: Select block, It = t.

6: else

7: UCBr(t)← 0 for all r

8: Compute E (t) using Eq. (4.3).

9: if |E (t)| ≥ R̂ then

10: ∀r ∈ [E (t)] : Update UCBr(t) as given in Eq. (4.1)

11: else

12: ∀r ∈ [R] Update TCBr(t) as given in Eq. (5.2)

13: ∀r ∈ [R]s.t.TCBr > SNRd , Update UCBr(t) as given in Eq. (4.1)

14: end if

15: Select block, It =r∈[R] UCBr(t)

16: end if

17: Transmitter configures RIS block, It and transmits a data frame.

18: Each receiver observes instantaneous normalized SNR, and communicates to the trans-

mitter, which calculates X It using Eq. 3.4.

19: SIt ← SIt +1 and X̂ r(t)← X̂ r(t)+X It .

20: end for

In both algorithms, M is fixed. Future works will use an online learning approach to select the

M depending on channel conditions.

Sparsity-based approaches are useful in large-scale applications where only a small frac-

tion of options yield significant rewards. The empirical thresholding approach in EFEUCB

ensures that only good RIS sub-blocks that offer SNR above a certain threshold are selected of-

ten. Due to fewer blocks, the EFEUCB algorithm is expected to converge to the optimal block

faster than the FEUCB algorithm. However, the close-form expression for EFEUCB regret is

challenging due to the non-linear thresholding operation.
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3.5 Performance Analysis

We consider time-slotted communication, where the transmitter selects the RIS block in each

time slot and transmits a certain fixed number of data packets over the selected RIS block. The

aim is to select the optimal RIS block as often as possible. We compare the performance of

the proposed FEUCB and EFEUCB algorithms with existing learning and non-learning-based

algorithms. In the learning-based approach, we consider UCB-based RIS selection approaches.

In non-learning-based algorithms, we consider Exhaustive RIS-aided (ERA) and Opportunistic

RIS-aided scheme(ORA) algorithms in (23). ORA needs prior knowledge of RIS statistics since

it selects the optimal RIS block in each time slot, while ERA selects all RIS simultaneously in

each time slot. In addition, we consider a simple random selection approach.

We consider the number of receivers, N = {1,2,3,4}, and the number of RIS, K = {5,20}.

Each RIS is divided into L = 5 sub-blocks. The number of elements in each sub-block is Z =

[25,35,45,55,65]. In addition, we consider two more cases by varying the size of the sub-blocks

of each RIS. We consider K = {5,10}, with L = {4,3,5,3,4} and L = {4,3,5,3,4,2,6,5,2,3}

respectively. The number of elements in this case is also randomly chosen between 25 and 75.

The horizon size, T , is between 10000 and 500000. Each result is averaged over 15 independent

experiments over the selected horizon size. In each experiment, the positions of the transmitter,

RIS, and receivers are selected randomly. Unless otherwise specified, the simulation parameters

are set to the values mentioned in Table 5.1. The equivalent noise power at the receiver is given

as:σ2
n = N0 +10log(BW )+NoiseFigure[dBm] where N0 is the thermal noise power density.

The performance metrics used for comparison are regret (Eq. 4.2), outage probability,

ergodic capacity, and energy efficiency. The lower regret indicates a higher average SNR at

the receivers, guaranteeing reliable communication. The outage probability is defined as the

probability that the SNR of the system falls below a certain threshold. The achievable SNR

can be affected by various factors, including RIS selection, channel fading, and receiver noise.

Mathematically it can be expressed as

Pout = Pr(SNRr
n < SNRth) (3.15)
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where SNRth, is the minimum threshold SNR. The outage probability decreases with increased

transmit power and the number of RIS elements.

Ergodic capacity refers to the maximum average rate at which the data can be transmitted

reliably over a selected channel. Essentially, it represents the average capacity of a channel

when both the sender and the recipient possess information on the channel state, and the channel

varies randomly over time. Mathematically it can be expressed as

EC = E[log2(1+SNRr
n)] (3.16)

The energy efficiency gauges the amount of data that can be sent for every unit of power used

and can be expressed as:

η =
BW ×Average Achievable Rate

PC
(3.17)

where the consumed power, PC, is the sum of the circuit dissipated power at the transmitter, N

receivers, and each element of the selected RIS block.

3.5.1 Regret Performance Analysis

We begin by comparing various algorithms for K = 5 (fewer number of RIS) and K = 20 (larger

number of RIS), respectively, with L = 5 and N = 4. In Fig. 3.2(a) and Fig. 3.2(b), we com-

pare the cumulative regret for the horizon size of 10000. As expected, random RIS selection

incurs high regret due to the frequent selection of the non-optimal RIS blocks. The regret

of the ORA scheme is zero as it has prior knowledge of the optimal RIS block. We have

not included the ERA scheme for regret comparison since ERA selects all RIS blocks, while

regret calculation requires selecting a single RIS block in each slot. Among learning-based

UCB, FEUCB, and EFEUCB algorithms, the regret of the EFEUCB algorithm is lowest due to

improved exploration, resulting in fewer selections of non-optimal RIS blocks. It can be ob-

served that the regret increases with the increase in K due to a large number of candidate RIS

blocks, resulting in higher exploration time. However, the difference between the regret of the
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Table 3.2: Parameters

Parameters Values

Location of Transmitter (0,0)

Location of Receivers Random

Location of RISs Random

Transmit Power [dBm] [-40,40]

Amplitude reflection coef., A 1(109)

Number of RIS 5 and 20

Number of Sub-blocks per RIS 5

Number of Elements in sub-blocks [25,35,45,55,65]

Threshold SNR (SNRth) 7dBm

Bandwidth 10 MHz (109)

Noise Figure 10 (109)

Thermal noise power density,(N0) -174 (109)

Antenna gain[dB] 5 (109)

Carrier Frequency [GHz] 3 (109)

Circuit Dissipated Power in RIS [mW] 7.8 (110)

Circuit Dissipated Power in TX and RX[mW] 10 (110)
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FEUCB/EFEUCB and UCB increases with the increase in K, which validates the superiority

of the proposed focused exploration approach. The difference between FEUCB and EFEUCB

increases as K increases, highlighting the impact of empirical thresholding-based enhancement

in focused exploration. We have also compared the experimental regret and its desired upper

bound, i.e., worst case performance. It is evident that the experimental results follow a similar

trend as the theoretical results, and as expected, experimental results offer lower regret than the

corresponding upper bound.

Next, we compare the regret performance for the case when all the RIS units are not

identical in terms of element size and the number of sub-blocks. As shown in Fig. 3.3 (a) and

(b), the performance of the proposed algorithms is superior to the existing UCB algorithm, and

EFEUCB offers improved performance as K increases.
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Figure 3.2: Comparison of Average Cumulative Regret for different algorithms for (a) K = 5,L = 5 and

(b) K = 20,L = 5

3.5.2 Comparison of Achievable Rate, Outage Probability, and Ergodic

Capacity

Next, we study the effect of the transmit power and total consumed power on the achievable rate

in bits per second per Hertz (b/s/Hz). As shown in Fig. 3.4 and Fig. 3.5, different algorithms

need different transmit power to achieve a given rate. For example, ERA (23) demands the low-
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Figure 3.3: Comparison of Average Cumulative Regret for different algorithms for (a) K = 5,L =

[4,3,5,3,4] and (b) K = 10,L = [4,3,5,3,4,2,6,5,2,3]

est transmit power due to the use of all RIS, which in turn helps to improve the average SNR at

the receiver. The random approach needs the highest transmit power due to the frequent selec-

tion of sub-optimal RIS. All learning-based approaches need a similar transmit power as that of

ORA (23), validating the successful learning and frequent selection of optimal RIS. EFEUCB

offers better performance than FEUCB, which in turn offers better performance than UCB (74).

As K increases, ERA performance improves due to increased SNR at the receiver. Furthermore,

the difference between the performance of ORA and learning approaches is significant for large

K, which is the penalty paid to learn optimal RIS block. As expected, focused exploration leads

to a smaller penalty for EFEUCB and FEUCB than UCB.
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Figure 3.4: Comparison of Transmit Power and Achievable Rate for different algorithms for (a) K =

5,L = 5 and (b) K = 20,L = 5
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Figure 3.5: Comparison of Transmit Power and Achievable Rate for different algorithms for (a) K =

5,L = [4,3,5,3,4] and (b) K = 10,L = [4,3,5,3,4,2,6,5,2,3]

Next, we consider total consumed power, PC, instead of transmit power in Fig. 3.6 and

Fig. 3.7. As expected, ERA offers poor performance, and the performance degrades substan-

tially with the increase in the number of RIS. This confirms the practical challenges in the

widely used ERA scheme, especially when K is large. Using the proposed learning approaches,

consumed power can be reduced significantly by the appropriate selection of M.
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Figure 3.6: Comparison of Total Consumed Power and Achievable Rate for different algorithms for (a)

K = 5,L = 5 and (b) K = 20,L = 5

Next, we compare the outage probability in Fig. 3.8(a) and (c) for different values of

the transmit power. To avoid repetition of plots and discussion, the discussion is limited to

K = {5,20} with L = 5. As expected, the outage probability decreases with the increase in the

transmit power. The ERA scheme outperform others since it selects all RIS blocks, improving

SNR at all receivers. This is because the number of sub-blocks L in the ERA scheme is more

as compared to the ORA scheme; hence, the total number of elements Z are more in the case of
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Figure 3.7: Comparison of Total Consumed Power and Achievable Rate for different algorithms for (a)

K = 5,L = [4,3,5,3,4] and (b) K = 10,L = [4,3,5,3,4,2,6,5,2,3]

ERA scheme (23), because of which the outage probability of ERA decreases faster than that of

ORA with a slight increase in transmit power. As expected, the outage probability of learning-

based approaches is close to that of ORA since learning-based approaches eventually select

the optimal RIS block after the initial exploration-exploitation trade-off. The divergence at

Pout = 10−2 is because of exploring other blocks while learning the optimal block. In Fig. 3.8(c),

with a total of 20 RIS, ERA offers further improvement in performance as its outage probability

starts decreasing at lower transmit power than in Fig. 3.8(a) with 5 RIS.

Similarly, in Fig. 3.8(b) and (d), we compare the Ergodic capacity for different values of

the transmit power. As expected, the ERA scheme offers the highest ergodic capacity due to

the selection of all RIS elements, which allows the highest throughput for multiple users. The

proposed EFEUCB offers a better outage probability among learning-based approaches. As K

increases, exploration time increases; hence, the difference between the performance of ORA

and learning-based approaches increases. This penalty is paid due to no prior knowledge of

channel conditions and positions of RIS and receivers in the learning-based approach. Note

that the difference between the performance of ERA and ORA increases with the increase in K,

which validates the need for multi-RIS-aided wireless networks. In Fig. 3.9, we compare the

outage probability and ergodic capacity for different values of consumed power. As expected,

the performance of the ERA scheme is significantly poor due to the selection of all RIS, which

results in high consumed power. Thus, the proposed approach addresses ERA’s high consumed

power drawback by learning and selecting the optimal RIS block instead of all RIS. It also

outperforms UCB via focused exploration, especially when K is large.
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Figure 3.8: Comparison of Outage probability for (a) K = 5, and (c) K = 20, and Ergodic capacity for

(b) K = 5 and (d) K = 20 with L = 5 for different values of transmit power.

3.5.3 Energy Efficiency Comparison

Next, we compare the energy efficiency of various algorithms for different achievable rates in

Fig. 3.10(a) and (b). Here, we increase the transmit power to achieve the desired rate. As

expected, the energy efficiency of the ERA scheme is abysmal due to the selection of all RIS el-

ements. In contrast, the energy efficiency of ORA is highest due to the selection of optimal RIS,

which results in lower consumed power. The energy efficiency of the learning-based scheme is

significantly better than the ERA scheme and close to that of the ORA scheme. The difference

between the energy efficiency of learning-based approaches and ORA is due to the higher trans-

mit power needed to meet the desired achievable rate whenever sub-optimal RIS is selected due

to the exploration-exploitation trade-off. As the number of RIS increases, the energy efficiency

of the proposed FEUCB and EFEUCB is better than that of UCB and random approaches, val-

idating the superiority of the proposed focused exploration approach. The energy efficiency of

the ORA and proposed learning-based algorithms decreases when the desired achievable rate

goes beyond a certain value, as shown in Fig. 3.10. This is due to a significant increase in the
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Figure 3.9: Comparison of Outage probability for (a) K = 5, and (c) K = 20, and Ergodic capacity for

(b) K = 5 and (d) K = 20 with L = 5 for different values of consumed power.

desired transmit power, as shown in Fig. 3.4.
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Figure 3.10: Comparison of energy efficiency and average achievable rate for different algorithms for

(a) K = 5,L = 5 and (b) K = 20,L = 5

49



3.5.4 Effect of Horizon Size, T

Compared to ORA schemes, learning-based approaches do not have prior knowledge of the

optimal RIS; hence, they need exploration time to learn and identify the optimal RIS block.

In Fig. 3.11, we compare the effect of horizon size on the performance of learning algorithms.

It can be observed that the difference between the learning and ORA schemes decreases with

the increase in horizon time for a given K and L. This is because the penalty for selecting

non-optimal RIS during exploration time becomes insignificant as horizon time increases. This

also validates the functional accuracy of the proposed learning-based approaches to identify the

optimal RIS accurately and select it as many times as possible over the horizon.
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Figure 3.11: Comparison of Outage Probability, Ergodic Capacity, and Energy Efficiency for different

horizon time.
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Figure 3.12: Comparison of Outage Probability, Ergodic Capacity, and Energy Efficiency when differ-

ent block sizes, M.
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3.5.5 Effect of Block Size, M

Each RIS block consists of M number of sub-blocks, and M = 1 corresponds to a single-RIS-

aided system. We compare the effect of M on the performance of wireless systems in Fig. 3.12

for M = {1,3,5}. It can be observed that the outage probability and ergodic capacity of the

EFEUCB improved with the increase in M and approaches that of ERA as M increases at the

cost of poor energy efficiency. Thus, M should be carefully selected to achieve the desired

trade-off between performance and energy efficiency.
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Figure 3.13: Comparison between centralized and distributed RIS approaches: (a) Fixed locations of the

five distributed RIS and different locations of centralized RIS. The locations of four receivers is selected

randomly in each experiment, (b) Comparison of ergodic capacity for different position of centralized

RIS, and (b) Comparison of energy efficiency for different position of centralized RIS. The transmit

power and achievable rate for energy efficiency is fixed at 20 dBm and 10 b/s/Hz, respectively.

51



3.5.6 Centralized vs. Distributed RIS Approach

Next, we compare the performance of the centralized and distributed RIS approaches in Fig. 3.13.

In a centralized approach, we use a single RIS with the same number of elements as the total

elements of K RIS in a distributed approach. We randomly select the position of the receivers

in each experiment and average the results over multiple experiments. In Fig. 3.13, we compare

the Ergodic capacity of the ERA and EFEUCB algorithms for different positions of the central-

ized RIS between transmitter and receiver. As expected, the distributed approach offers higher

Ergodic capacity than the centralized approach in both cases, thereby validating the need for a

multi-RIS-aided distributed system. In Fig. 3.13, we also compare the energy efficiency of the

centralized and distributed RIS approaches for ERA and EFEUCB algorithms. The distributed

approach offers higher efficiency than the centralized one due to higher ergodic capacity.

Next, we make an in-depth comparison of the ergodic capacity of centralized and dis-

tributed approaches to analyze the effect of a number of receivers and their locations. In Ta-

ble 3.3, we consider three scenarios with 1, 2, and 4 receivers, respectively, along with the

specific locations of the receivers in each case. The location of 5 distributed RIS is fixed in all
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Figure 3.14: Comparative results for Ergodic Capacity at Transmit Power 20dBm, with different sce-

nario (a)-(c) Scenario 1 (d)-(f) Scenario 2 and (g)-(i) Scenario 3.
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scenarios. In Fig. 3.14 (a)-(c), we compare the ergodic capacity for scenario 1 with a single

receiver. The centralized RIS offers better performance than the distributed RIS in Fig. 3.14

(a) as the receiver is near to the centralized RIS compared to any of the distributed RIS. On

the other hand, the distributed approach significantly outperforms the centralized approach in

Fig. 3.14 (b)-(c) even though centralized RIS can be moved at any position between transmitter

and receiver while the position of distributed RIS is fixed in advance. Similar observations can

be made from various results presented in Fig. 3.14 (d)-(i). These results validate the superi-

ority of the distributed approach in Fig. 3.13, where receiver positions are selected randomly.

Since the positions of receivers are not fixed in real networks, the distributed approach is more

effective and practical.

Table 3.3: Parameters for Experiments in Fig. 3.14

Scenario No. of RX Figure Location of Receiver(s) Location of RIS

1 1

Fig.3.14 (a) (80.35,0.65)

Distributed:

RIS1 (16.95,3.58),

RIS2 (94.12,24.38),

RIS3 (81.53,21.45),

RIS4 (57.10,10.55),

RIS5 (63.74,12.33)

Centralized:

Moving along

X axis, and

Y coordinate is

fixed at 5.

Fig. 3.14 (b) (66.71,16.95)

Fig. 3.14 (c) (65.22,31.41)

2 2

Fig. 3.14 (d)
(74.04,27.20),

(61.99,1.41)

Fig. 3.14 (e)
(94.93,17.62),

(62.25,16.73)

Fig. 3.14 (f)
(84.47,20.94),

(79.96,18.58)

3 4

Fig. 3.14 (g)

(45.15,20.15),

(74.04,21.2),

(62,1.5),

(91.33,22.13)

Fig. 3.14 (h)

(84.47,20.94),

(64.00,26.11),

(79.96,18.58),

(94.22,23.42)

Fig. 3.14 (i)

(62,1.5),

(96,1.5),

(86.96,20),

(46.37,22.50)

3.6 Execution Time Comparison on Edge Platforms

In the MAB algorithm deployed in wireless networks, the execution time of the algorithm

should be as short as possible. In time-slotted communication, a faster MAB algorithm leads

to the early selection of the RIS block, allowing the transmitter more time to transmit the ac-

tual data and achieve high throughput. In Table 3.4 and Fig. 3.18, we compare the execution
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Figure 3.15: Execution Time analysis on Zedboard with ARM Cortex A9 processor working at 666

MHz

Figure 3.16: Execution Time analysis on ZCU706 board with ARM Cortex A9 processor working at

800 MHz

Figure 3.17: Execution Time analysis on ZCU711 board with ARM Cortex A53 processor working at

1.1 GHz

time of three MAB algorithms on three different types of processors used in Edge platforms: 1)

ARM Cortex A9 at 666 MHz, 2) ARM Cortex A9 at 800 MHz, and 3) ARM Cortex A53 at 1.1

GHz. We study the effect of single instruction multiple data (SIMD) NEON co-processor and
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Figure 3.18: Comparison of Average Execution Time (µs) for different algorithms on different proces-

sors.

two different word lengths, single precision floating point (SPFL) and double precision floating

point (DPFL), on the execution time. For R = 25 RIS sub-blocks, we can observe that FEUCB

offers around 33-39% lower execution time than UCB while EFEUCB offers around 64-68%

lower execution time than UCB. As the number of sub-blocks are increased from 25 to 50 and

100, further improvement in the performance of FEUCB and EFEUCB with respect to UCB is

observed. The substantial degradation in the execution time of the UCB can be observed from

Fig. 3.18. For 50 sub-blocks, FEUCB and EFEUCB offer around 46-49% and 68-71% lower

execution time than UCB, respectively. This improvement is increased to 65-66% and 80-85%

for 100 sub-blocks. The huge savings in execution time in proposed algorithms are due to the

focused exploration approach, which reduces the number of computational arithmetic opera-

tions in each time slot. As expected, execution time with DPFL is slightly higher than SPFL,

though we did not observe any degradation in performance with SPFL. Similarly, higher clock

frequency and better processors lead to further reduced execution time, as shown in Table 3.4.

The use of SIMD-based NEON co-processor results in a significant reduction in execution time

for all the algorithms. Further reduction in execution time can be achieved using multiple cores

of these processors along with other co-processors such as graphic processing unit (GPU) or

field-programmable gate array (FPGA).
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Table 3.4: Comparison of Execution Time in Milliseconds of the Various Algorithms on Edge

Platforms

S.No.
Sub

Blocks
Algorithm

Cortex A9

(666 MHz)

Cortex A9

and NEON

(666 MHz)

Cortex A9

(800 MHz)

Cortex A9

and NEON

(800 MHz)

Cortex A53

(1.1 GHz)

Cortex A53

and NEON

(1.1 GHz)

SPFL DPFL SPFL DPFL SPFL DPFL SPFL DPFL SPFL DPFL SPFL DPFL

1

25

UCB(74) 12.73 12.95 9.34 9.21 12.42 12.61 9.11 8.98 5.86 5.91 4.17 4.43

2 FEUCB
8.49

(-33%)

8.60

(-33%)

5.84

(-37%)

5.59

(-39%)

8.29

(-33%)

8.39

(-33%)

5.70

(-37%)

5.45

(-39%)

3.89

(-33%)

3.92

(-33%)

2.69

(-37%)

2.81

(-37%)

3 EFEUCB
4.49

(-65%)

4.57

(-65%)

3.06

(-67%)

2.96

(-68%)

4.35

(-65%)

4.44

(-65%)

2.98

(-67%)

2.93

(-67%)

2.10

(-64%)

2.12

(-64%)

1.41

(-66%)

1.48

(-67%)

4

50

UCB(74) 25.22 25.76 18.56 18.40 24.59 25.14 18.12 17.96 11.64 11.73 8.30 8.81

5 FEUCB
13.55

(-46%)

13.78

(-46%)

9.64

(-48%)

9.37

(-49%)

13.23

(-46%)

13.45

(-46%)

9.40

(-48%)

9.14

(-49%)

6.32

(-46%)

6.37

(-46%)

4.39

(-47%)

4.60

(-48%)

6 EFEUCB
7.84

(-69%)

7.96

(-69%)

5.45

(-70%)

5.40

(-70%)

7.65

(-69%)

7.82

(-69%)

5.24

(-71%)

5.16

(-71%)

3.76

(-68%)

3.79

(-68%)

2.50

(-70%)

2.61

(-70%)

7

100

UCB(74) 49.43 51.25 36.96 36.60 48.24 50.02 36.08 35.72 23.11 23.28 16.48 17.49

8 FEUCB
17.05

(-66%)

17.52

(-66%)

12.46

(-66%)

12.32

(-66%)

16.64

(-66%)

17.10

(-66%)

12.16

(-66%)

12.02

(-66%)

8.08

(-65%)

8.14

(-65%)

5.68

(-65%)

5.98

(-66%)

9 EFEUCB
9.12

(-82%)

9.44

(-82%)

6.05

(-84%)

6.28

(-83%)

8.88

(-82%)

9.24

(-85%)

5.90

(-84%)

5.91

(-83%)

4.67

(-80%)

4.70

(-80%)

2.72

(-83%)

2.96

(-83%)

3.7 Summary

In this chapter, novel UCB-based distributed algorithms, i.e., FEUCB and EFEUCB, have been

proposed to select optimal RIS sub-block. The theoretical regret analysis and the in-depth

simulation results validate the effectiveness and superiority of our proposed algorithm over

the existing state-of-the-art algorithms. The execution time comparison on the edge platforms

demonstrates the compute and memory efficient architecture of the proposed algorithms.
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Chapter 4

High-Speed Compute-Efficient Bandit

Learning for Many Arms

4.1 Overview

MAB are online machine learning algorithms that aim to identify the optimal arm without prior

statistical knowledge via the exploration-exploitation trade-off. The performance metric, regret,

and computational complexity of the MAB algorithms degrade with the increase in the number

of arms, R. In applications such as wireless communication, radar systems, and sensor net-

works, R, i.e., the number of antennas, beams, bands, etc., is expected to be large. In this work,

we consider focused exploration-based MAB, which outperforms conventional MAB for large

R, and its mapping on various edge processors and multiprocessor system on a chip (MPSoC)

via hardware-software co-design and fixed point analysis.
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4.2 Introduction

Multi-armed bandit (MAB) is a subset of reinforcement or online learning algorithms that aim

to identify and select the optimal arm as often as possible without prior statistical knowledge

(111; 112). This is done through sequential arm selection and reward feedback cycle optimized

via exploration-exploitation trade-off over a finite number of slots, i.e., horizon. Analytical

traceability of MAB algorithms and the capability to learn in unknown environments without

prior training have led to their usefulness and adoption in various practical applications such as

circuit design, wireless networks, robotics, and radar systems (113; 114; 115; 101; 116; 117;

118). Some of these applications demand an efficient hardware realization of MAB algorithms

on edge platforms such as system-on-chip (SoC) (119; 120; 121; 122) so that decisions can

be taken at the edge, thereby minimizing the latency when compared to cloud-based decision

making. This demands an efficient hardware realization of MAB algorithms on resource and

power-constrained edge platforms.

Every experiment in the MAB consists of a series of time slots indexed by t ∈ [T ], where

T is the total time horizon, and out of R arms, one arm is selected in each slot. For each arm, the

reward is assumed to be drawn independently across time from distributions that are stationary

and independent across arms. However, the reward distribution is unknown. The well-known

upper confidence bound (UCB) algorithm selects each arm once in the beginning. After R time

slots, UCB calculates the quality factor UCBr(t) for each arm as (111).

UCBr(t) =
X r(t)
Sr(t)

+2

√
log(t)
Sr(t)

(4.1)

where X r(t) and Sr(t) are the total received reward and the total number of selections of an arm

r till time slot t. Then, the arm It with the highest quality factor is selected. The performance

metric is the regret, R, which is given as (111).

R = T X r∗−E

[
R

∑
r=1

X r(T )Sr(T )

]
(4.2)

where r∗ is an optimal arm. For fixed T , the distribution-independent lower bound on regret
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is of the order
√

RT (107). It is evident that the UCB suffers from high exploration time and

complexity, especially when R is large.

In next-generation wireless and radar applications, R, i.e., the number of antennas, beams,

frequency bands, sensors, etc., are expected to be large, ranging from 10-100 (123; 115; 101;

69). Most of these applications are based on a time-slotted approach where each slot is divided

into two sub-slots: 1) the First sub-slot is used for MAB-based arm selection, and 2) the Second

is for applications such as data communication or radar sensing. Larger K in UCB results in a

longer first sub-slot, degrading the performance of communication or radar sensing.

For such large or many arms problems, we proposed two algorithms: 1) Focused Ex-

ploration UCB (FEUCB), and 2) Enhanced FEUCB (EFEUCB) in (53). Though they offer

improved regret than UCB, their hardware feasibility, regret performance and area, delay, and

power analysis are critical for their usefulness in wireless and radar applications. In this chap-

ter, we consider the algorithms to architecture mapping of FEUCB and EFEUCB on Zynq SoC

via hardware-software co-design (HSCD) and fixed point (FP) analysis. Though both offer

lower regret than UCB, their complexity is higher than UCB. To address this, we introduced

a modified EFEUCB (mEFEUCB) that quickly reduces the number of arms from R to R̂ < R,

thereby offering significant savings in complexity over FEUCB and EFEUCB. For wireless

systems with intelligent reflecting surface (IRS) based applications, the proposed mEFEUCB

outperforms UCB with 67% reduction in average cumulative regret, 84% reduction in execution

time on edge processor, 97% reduction in execution time using Field-Programmable Gate Array

(FPGA) based accelerator with UCB on processor, and 10% savings in resources over UCB for

large R = 100. With both UCB and mEFEUCB are on FPGA, mEFEUCB is 51% faster.

4.3 FEUCB and EFEUCB Algorithms

When R is large, it is expected that there will be a limited number of arms with rewards close

to that of the optimal arm. Thus, the performance of the MAB algorithm can be improved if

we identify the subset of such R̂(≤ R) arms before invoking the MAB algorithm. Assuming

this, it is possible to effectively lower the distribution-independent upper bound to
√

R̂T . The

flowchart of the proposed FEUCB and EFEUCB algorithms are given in Fig. 4.1. In both cases,
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each arm is selected once at the beginning. After the first R slots, instead of computing the UCB

quality factor for each arm, we identify the subset of R̂ good arms E (t) as follows (53).

E (t) :=
{

r ∈ [R]
∣∣∣∣X r(t)

Sr(t)
≥ 2

√
log(t)
Sr(t)

}
(4.3)

If R̂ good arms are identified, UCB is focused on these R̂ arms only. Otherwise, all arms are
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Figure 4.1: Flowchart of the FEUCB and EFEUCB algorithms.

considered. In the extended EFEUCB algorithm, we aim to increase the selection of good arms
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during the UCB phase of FEUCB algorithm. This is done by limiting the UCB to only those

arms whose threshold confidence bound (TCB) given by Eq. 5.2 is greater than threshold, τ

(53).

TCBr(t) =
√

Sr(t)|µ̂r(t)| (4.4)

where µ̂r(t) is the empirical mean reward for arm r up to time t. Such thesholding based

approach enables application dependent focused exploration. For instance, in wireless appli-

cations, signal-to-noise ratio (SNR) can be used as threshold to identify good beams. In our

work (53), we theoretically show that FEUCB offers lower regret than UCB while EFEUCB

outperforms FEUCB and UCB in experimental results. However, performance analysis of these

algorithms on edge platforms has not been done yet.

4.4 Proposed Architectures
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Figure 4.2: Hardware software co-design based reconfigurable architecture.

In this section, we discuss algorithms to architecture mapping of UCB, FEUCB, and

EFEUCB algorithms on heterogenous SoC via hardware-software co-design (HSCD) and word

length (WL) analysis. The proposed architecture, shown in Fig. 4.2, is realized on Zynq Soc

consisting of a processing system (PS) and programmable logic (PL) such as ARM processor

and Field-Programmable Gate Array (FPGA), respectively. The sequential and computationally
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simple tasks, such as reward generation for selected arm, regret calculation, and control tasks,

such as algorithm selection and scheduler, are realized on PS. In each time slot, the scheduler in

PS enables the different hardware IPs in PL via the AXI interface, and it receives the selected

arm via the arm selector block in PL. The reward of the selected block is calculated in PS and

communicated to the parameter update block in PL at the end of the time slot. In Section 4.5, we

discuss complete implementation of all algorithms in PS without using PL and corresponding

impact of execution time.

4.4.1 Proposed Architecture for FEUCB and EFEUCB

The proposed combined architecture for realizing parameter update, UCB calculation, and Arm

Selection tasks in the UCB, FEUCB, and EFEUCB algorithms is shown in Fig. 4.3. In the

parameter update task, the reward received from the PS for the selected arm (X It−1) and the

corresponding number of selections (SIt−1) are accumulated and updated in memory A at the

appropriate address. In the UCB calculation task, the quality factor, UCBr(t), is calculated for

each arm, r ∈ R. In this architecture, we use memory B and C to store X r(t)
Sr(t) and 2

√
log(t)
Sr(t) ,

respectively. In the case of FEUCB, memory D is used to store E (t). Similarly, memory E is

used to store the TCB of each arm required in EFEUCB.
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Figure 4.3: Hardware implementation of parameter update, UCB calculation and Arm selection

tasks in UCB, FEUCB and EFEUCB algorithms.

In the Arm Selection task, the quality factor is calculated based on the selected algorithm.
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In the case of UCB (mux control signal UCB set to 0), the element-wise addition between

memory B and C is done to obtain the UCB quality factor. The quality factor of all R arms is

compared to select the arm It with the highest quality factor. In the case of FEUCB (mux control

signals UCB and EFEUCB set to 0) and EFEUCB (mux control signals UCB and EFEUCB set

to 0 and 1, respectively), UCB quality factor calculation for some of the arms is skipped based

on the E (t) and TCB values. Thus, the proposed architecture can dynamically switch between

UCB, FEUCB, and EFEUCB by appropriate control signal selection, UCB, and EFEUCB.

The UCB calculation task is shown to be accomplished sequentially for all R arms. Since

the calculation of the UCB factor is independent for each arm, this task can be parallelized

depending on the availability of resources on PL. Such serial-parallel configuration helps to

reduce the latency at the cost of higher resource utilization and power consumption.

4.4.2 Proposed Architecture for Modified EFEUCB Algorithm

The complexity of the FEUCB and EFEUCB is significantly higher, as observed from the archi-

tecture in Fig. 4.3. This is because all computations needed to calculate the UCB quality factor

except the final adder are done for all R arms. Since the final adder computation for some of

the arms is skipped, FEUCB and EFEUCB offer lower execution times than UCB. Please refer

to Section 4.5 for more details. In this section, we present the modified EFEUCB (mEFEUCB)

algorithm to reduce its computational complexity.
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Figure 4.4: Phase 1 of the modified EFEUCB for selection of top R̂ arms.
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The mEFEUCB algorithm is divided into two phases: 1) Top R̂ arms Selection, and 2)

EFEUCB. The first phase, shown in Fig. 4.4, consists of a sequential selection of all R arms for

β number of times. Thereafter, TCB is calculated for all R arms and the arms with TCB greater

than τ are selected as top R̂ arms. If there are more than R̂ such arms, then the top R̂ arms with

higher X r(t)
Sr(t) are selected. The second phase is the implementation of UCB algorithm on the top

R̂ arms as shown in Fig. 4.5. In this phase, UCB quality factor is calculated for only R̂ arms

resulting in significant saving in resources and memory.
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Figure 4.5: Phase 2 of the modified EFEUCB.

For large R, we can safely assume that R̂≤ R where R̂ are good arms blocks out of R arms

(53). In such a case, it is possible to reduce the distribution-independent upper bound to
√

R̂T

from
√

RT of the UCB algorithm. The expected regret of the UCB scales as O(∑r∈[R]\r∗
logT

∆r
)

where ∆r =X r∗−X r for all r ̸= r∗ (111). For fixed T , the distribution-independent bounds are of

the order
√

RT . It is evident that the UCB suffers from high exploration time, especially when

R is large. On the other hand, the expected regret of the FEUCB scales as O(∑r∈[R̂]\r∗
logT

∆r
).

For fixed T , the distribution-independent bounds are of the order
√

R̂T . Since R̂ < R, FEUCB

offers lower regret than UCB (53). mEFEUCB is an extension of FEUCB in which we have used

round-robin exploration based thresholding and restricted the number of arms to be explored in

Stage 2. Thus, the regret of mEFEUCB is expected to be the same or better than FEUCB.
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4.5 Performance Analysis

We compare the functionality, complexity, execution time and power consumption of UCB,

FEUCB/EFEUCB and mEFEUCB algorithms on Zynq SoC for different WLs and serial-parallel

architectures. All the experimental results on Zynq SoC are averaged for 15 independent exper-

iments with R = {4,8,16,25,50,100}, T = 10000. A similar setup has been discussed in (53),

in which the number of arms is replaced with RIS sub-blocks, and the aim of the player (Trans-

mitter) is to learn and select an RIS sub-block that maximizes the SNR at multiple receivers.

UCB architecture for R = {4,8} is discussed in (119; 120) while we design and implement

UCB for rest values of R.

4.5.1 Regret Analysis

In Fig. 6.3, we compare the cumulative regret of the three MAB algorithms at different instances

of the horizon. Since the regret performance of EFEUCB and mEFEUCB is nearly identical,

we skip EFEUCB. We consider single-precision floating point (SPFP) and fixed point (FP)

architectures. In the case of FP WL, we use the notation (W, I) where W and I represent the

total number of bits and the number of integer bits, respectively. To find appropriate WL, we

first identify I for sufficiently large W followed by identification of W for selected I. It can

be observed that the regret difference between UCB and proposed mEFEUCB and FEUCB

algorithms increases with an increase in R thereby validating the focused exploration approach

and its feasibility on the Zynq SoC. For the RIS application considered in this paper, WL of

(17,5) is observed to be optimal as it offers the same performance as SPFP, as shown in Fig.

6.3. Single bit reduction in WL to (17,4) results in significant deviation in regret performance

compared to SPFP, validating the selection of (17,5). As shown in Table 4.1, mEFEUCB and

FEUCB offer an improvement of up to {67%,53%} and {67%,54%} in regret performance over

UCB for SPFP and FP WLs, respectively.
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Table 4.1: Comparison of Cumulative Regret for Different WLs and R.

WL MAB R=4 R=16 R=50 R=100

SPFP

UCB (120; 119) 67.40 461.50 1632.03 2977.53

FEUCB (53)
56.92

(-18%)

392.38

(-15%)

1076.9

(-34%)

1412.5

(-53%)

mEFEUCB
56

(-19%)

255.84

(-45%)

724.75

(-56%)

983.44

(-67%)

{17,5}

UCB (120; 119) 66.43 451.03 1601.15 2930

FEUCB (53)
55.61

(-16%)

385.86

(-14%)

1064.78

(-34%)

1362.84

(-54%)

mEFEUCB
55.58

(-16%)

243.75

(-46%)

693.55

(-57%)

955.32

-67%

Table 4.2: Comparison of Resource Utilisation, Power Consumption and Execution Time On

Zynq SoC.

K MAB

SLICE LUTs Flip-Flops DSP Power (W) Execution Time (µs)

SPFP {17,5} SPFP {17,5} SPFP {17,5} SPFP {17,5} PS
SPFP (PL) {17,5} (PL)

100 MHz 152 MHz 100 MHz 152 MHz

4 UCB (119; 120) 6590 2985 8194 2832 77 0 1.9 1.9 2.1 2.35 2.28 1.35 1.33

FEUCB
7511

(+13.9%)

2918

(-2.2%)

8727

(+6.5%)

2854

(+0.8%)
80 1 1.9 1.7 1.7 2.15

2.10

(-8%)
1.34

1.3

(-2%)

mEFEUCB
5646

(-14.3%)

2795

(-6.3%)

7313

(-10.7%)

2484

(-12.3%)
77 1 1.9 1.7 1.6 2.24

2.18

(-4%)
1.57

1.42

(-7%)

16

UCB 7547 2970 10175 3231 77 0 1.9 1.7 8.2 2.5 2.48 1.7 1.65

FEUCB
9614

(+27%)

3199

(+8%)

11565

(+14%)

3367

(+4%)
80 1 1.9 1.7 5.6 2.3

2.27

(-8%)
1.5

1.63

(-1%)

mEFEUCB
6556

(-13.3%)

2805

(-5%)

9126

(-10.3%)

2642

(-18.2%)
77 1 1.8 1.6 2.9 2.2

2.08

(-16%)
1.6

1.59

(-4%)

50

UCB 10608 3110 15794 3951 77 0 1.9 1.7 25.2 3.4 3.24 2.3 2.27

FEUCB
16935

(+37%)

3456

(+11%)

18384

(+24%)

4281

(+8%)
80 1 2 1.8 13.6 3.27

3

(-7%)
1.9

1.78

(-22%)

mEFEUCB
9269

(-13%)

2980

(-4.2%)

14172

(-10.2%)

3269

(-17%)
77 1 1.9 1.7 7.8 2.7

2.34

(-28%)
1.7

1.45

(-36%)

100

UCB 15454 3296 23926 4907 77 0 2 1.8 50.5 5 4.87 3.4 3.36

FEUCB
23683

(+53%)

3734

(+13%)

28606

(+19.5%)

5956

(+21%)
80 1 2.1 1.9 17 4.6

4.45

(-9%)
2

1.88

(-44%)

mEFEUCB
13100

(-15%)

3106

(-6%)

21100

(-11.2%)

3910

(-20%)
77 1 1.9 1.8 9 2.8

2.67

(-45%)
1.7

1.64

(-51%)

4.5.2 Complexity and Power Comparison

In Table 4.2, we compare the resource utilization, execution time, and power consumption of

three MAB algorithms for R = {4,16,50,100}. The clock frequency of PS is 666 MHz, and66
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Figure 4.6: Regret Analysis for SPFP and WL (17,5) and (17,4) implementation of our pro-

posed algorithms for (a) R = 4 (b) R = 8 (c) R = 16 (d) R = 25 (e) R = 50 and (f) R = 100.

two PL frequencies of 100 MHz and 152 MHz are used.

For small R = 4, the UCB SPFP architecture offers 13.9%, and 6.5% savings in LUTs

and FFs, respectively, over FEUCB along with 3 lesser DSP units. This is due to the additional

thresholding stage in FEUCB for all R arms. For R = 100, the savings in LUTs and FFs are

increased to 53% and 19.5%, respectively. The power consumption of UCB is marginally lower

than that of FEUCB. Thus, though FEUCB outperforms UCB in regret, its resource utilization

and power consumption are higher. When compared to mEFEUCB, UCB needs to compute

the UCB quality factor for R arms, while in mEFEUCB, TCB is calculated for R arms, while

the UCB quality factor is calculated for R̂ arms only. The complexity of TCB is significantly

lower than that of the UCB quality factor. Thus, mEFEUCB SPFP architecture offers savings of

around 14% and 10% in LUTs and FFs over UCB. Thus, proposed modifications to EFEUCB

result in significant savings in resource utilization and lower regret.

The FP WL of {17,5} offers more than 50% savings in LUTs and FFs. In addition, the

need for DSP units can be eliminated as the corresponding multiplication and accumulation

operations can be realized in LUTs. The FP architecture can be parallelized to reduce the
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execution time further at the cost of increased resource utilization.

4.5.3 Execution Time Comparison

In wireless and radar sensing applications, each time slot consists of arm selection using MAB

in the beginning. Thus, the execution time of the MAB should be as small as possible to have

more time available for communication or sensing tasks. In Table 4.2 (last five columns), we

compare the execution time of three algorithms on PS (ARM Cortex A9 at 666 MHz) and PL

(FPGA at 100 MHz and 152 MHz). For R = 4, PS realization of FEUCB and mEFEUCB offer

19% and 24% reduction in execution time over UCB. For R = 100, PS realization of FEUCB

and mEFEUCB offer 66% and 82% reduction in execution time over UCB. Thus, as R increases,

mEFEUCB outperforms FEUCB by more than 50%.

Next, we accelerate MAB algorithms on PL. For small R = 4, acceleration on PL is not

possible due to significant overhead in data communication between PS and PL when compared

to actual computation. For large R = 100, the mEFEUCB in PL offers 70% lower execution

time than mEFEUCB in PS, resulting in an overall reduction of 94% and 83% over UCB and

EFEUCB in PS, respectively. Further reduction in execution time is observed when the WL

is changed from SPFP to FP and increasing the PL clock frequency to the maximum possible

152 MHz by efficiently pipelining the circuit. As shown in the last column of Table 4.2, the

mEFEUCB in PL offers 82% lower execution time than mEFEUCB in PS, resulting in an overall

reduction of 97% and 90% over UCB and EFEUCB in PS, respectively. Further, mEFEUCB in

PL is up to 51% and 13% faster than UCB and FEUCB in PL, respectively.

To analyze the performance on different edge platforms, we compare the execution time on

Cortex A9 and Cortex A53 ARM processors operating at different frequencies and augmented

with single instruction multiple data (SIMD) NEON co-processor. The detailed comparison for

different R is shown in Table 4.3. For R = 4, FEUCB and mEFEUCB offer execution time

reduction by 18%−22% and 22%−26%, respectively. The savings in execution time increases

substantially with an increase in R, and for R = 100, FEUCB and mEFEUCB offer a reduction

of 65%− 66% and 80%− 84%, respectively. These results validates the superiority of the

mEFEUCB algorithm on different types of edge platforms.
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Table 4.3: Comparison of Execution Time on Edge Platforms

Arms

(R)
Algorithm

Cortex A9

(666MHz)

Cortex A9

and NEON

(666MHz)

Cortex A9

(800MHz)

Cortex A9

and NEON

(800MHz)

Cortex A53

(1.1GHz)

Cortex A53

and NEON

(1.1GHz)

4

UCB 2.11 1.52 2.09 1.51 0.94 0.68

FEUCB
1.73

(-18%)

1.17

(-23%)

1.71

(-18%)

1.15

(-24%)

0.78

(-17%)

0.54

(-21%)

mEFEUCB
1.65

(-22%)

1.12

(-26%)

1.63

(-22%)

1.10

(-27%)

0.74

(-21%)

0.51

(-24%)

16

UCB 8.19 5.97 8.14 5.93 3.78 2.73

FEUCB
5.65

(-31%)

3.88

(-35%)

5.58

(-31%)

3.82

(-35%)

2.59

(-31%)

1.78

(-36%)

mEFEUCB
2.87

(-65%)

1.92

(-68%)

2.81

(-65%)

1.85

(-69%)

1.33

(-65%)

0.89

(-67%)

50

UCB 25.18 18.57 24.58 18.11 11.6 8.30

FEUCB
13.57

(-46%)

9.62

(-48%)

13.23

(-46%)

9.40

(-48%)

6.32

(-46%)

4.39

(-47%)

mEFEUCB
7.79

(-69%)

5.38

(-70%)

7.65

(-69%)

5.24

(-71%)

3.76

(-68%)

2.50

(-70%)

100

UCB 50.46 36.96 49.24 36.07 23.11 16.48

FEUCB
16.99

(-66%)

12.53

(-66%)

16.67

(-66%)

12.14

(-66%)

8.08

(-65%)

5.68

(-65%)

mEFEUCB
9.09

(-82%)

6.05

(-84%)

8.87

(-82%)

5.91

(-84%)

4.67

(-80%)

2.84

(-83%)

4.6 Summary

In this chapter, we consider the design and implementation of multi-armed bandit (MAB) al-

gorithms with many arms on Zynq system on chip (SoC) via hardware software co-design and

fixed-point analysis. The proposed algorithm and its architecture offers a 67% reduction in av-

erage cumulative regret, a 97% reduction in execution time, and 10% savings in resources over

state-of-the-art MABs for 100 arms. This is due to focussed exploration approach in which

number of candidate arms are limited in the beginning thereby minimizing the selection of

sub-optimal arms and corresponding computations in hardware.
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Chapter 5

Optimizing RIS Block Selection for Power

Consumption

5.1 Overview

The next generation of wireless networks aims to achieve higher data rates, seamless connec-

tivity, and enhanced energy efficiency. In multi-Reconfigurable Intelligent Surface assisted

systems, optimizing RIS selection to maximize throughput and signal-to-noise ratio presents

a significant challenge due to the large number of RIS sub-blocks. Conventional approaches

often select the RIS sub-block that yields the highest SNR; however, this method can lead to ex-

cessive power consumption. Determining the optimal number of active sub-blocks, M is critical

for balancing target SNR and power efficiency, as increasing M typically enhances key perfor-

mance metrics such as outage probability and ergodic capacity. To address this, we propose a

novel sensor selection-based multi-armed bandit (MAB) framework that dynamically learns and

selects the optimal RIS sub-block, achieving an efficient trade-off between power consumption

and SNR.
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5.2 Introduction

Sensor selection problems present a powerful abstraction for resource-constrained decision-

making tasks and offer useful insights into RIS sub-block selection. In applications such as

security surveillance, medical diagnostics, and robotics, a series of sensors—each with different

costs and error rates—are queried sequentially to identify events or states with high confidence.

The learner must select a sensor that balances the need for reliable information against the

overhead of cost and delay.

Formally, sensor selection is often modeled as a cascading structure, where low-indexed

sensors are cheaper and offer quick but noisy feedback, while high-indexed sensors offer precise

but expensive results. The cascade architecture is naturally suited to real-time systems, where

early termination may be necessary to meet latency or energy budgets. In RIS-aided com-

munication systems, the analogy is immediate: small subsets of RIS elements (or sub-blocks)

provide partial gains at low power cost, while full configurations maximize signal strength at

the expense of energy efficiency.

Many sensor selection problems fall under the umbrella of stochastic partial monitoring, a

generalization of MABs where the learner receives indirect or partial feedback. Unlike classical

MABs that receive exact rewards, partial monitoring setups return signals that correlate with

outcomes, requiring inference over noisy observations. Applications in crowdsourcing (124),

resource allocation (125), and medical testing (126) highlight scenarios where exact labels or

rewards are infeasible to obtain.

The stochastic nature of feedback and cost-reward trade-offs calls for robust algorithms

that can handle budgeted learning under uncertainty. Works such as (127; 128) have laid foun-

dational theories on efficient sensor querying under partial observability. These frameworks

define reward structures and budget constraints and propose upper confidence-based selection

rules, regret bounds, and cascading optimality conditions.

The relevance to RIS is compelling: intelligent sub-block selection can be seen as querying

parts of a reflective surface with increasing spatial resolution. Like cascading sensors, each

additional RIS sub-block refines the received signal estimate but adds to power consumption.

Therefore, extending sensor selection frameworks to RIS configurations provides a structured
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way to achieve energy-efficient link optimization under real-time and uncertainty constraints.

5.3 Network Model

In this chapter we consider the network model same as (53), as shown in Fig. 5.1. The network

layout consists of a system with a single transmitter, K RIS, and N receivers. Further, each

RIS is divided into L sub-blocks, and each sub-block consists of Z sub-λ sized passive RIS

elements. A group composed of any M sub-blocks is denoted as a block. In the selected block,

the amplitude A ranges from [0,1], while the phase θ ranges from [0,2π]. These parameters are

optimized to establish communication with N receivers. It is the selected block in time slot t.

It needs to be noted that each RIS can have different number of elements and different number

of sub-blocks. However, in our simulations we have considered all RIS to be identical. It is

also considered that, with the increase of number of RIS elements in a sub-block, there will

be an increase in the total consumed power. We analyze the channel model outlined in (23),

where channels linked to elements within the same RIS are assumed to be independently and

identically distributed (IID). Conversely, channels associated with different RISs are regarded as

independent but not identically distributed (INID), with the system experiencing Nakagami-m

fading.

5.4 Proposed Work

In (53), selecting the best RIS block in systems with multiple RISs and receivers has been com-

pared to solving a multi-armed bandit (MAB) problem,where the transmitter (player) selects

RIS blocks (arms). In each time slot, the player selects an arm and receives a reward (equiv-

alent to the SNR at each receiver). The existing MAB algorithms are not always effective in

handling the complexities of such scenarios. This work builds on earlier research by focusing

on improving the process of selecting a set of M RIS sub-blocks block with multiple receivers,

and it highlights the weaknesses of existing MAB algorithms in these situations.
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RIS 3

Figure 5.1: Illustrations of network model for multi-RIS-aided wireless system with active M

blocks from different RIS

5.4.1 Limitations of Existing MAB Framework in RIS Aided Wireless

Communication

In (53), the utilization of the MAB Framework in RIS-aided wireless communication to choose

the RIS sub-block that maximizes the SNR at the receivers has been discussed. It considers the

RIS selection for fixed M, i.e., all candidate RIS sub-blocks are identical in size and, hence,

consume the same power as the consumed power is directly linked to the number Z sub-λ size

passive RIS elements. In this work, we do not assume fixed M.

5.4.2 Modifying the Existing MAB Framework for selection of sub-blocks

The proposed work modifies the MAB algorithms in (53) with an aim to learn and select the

optimal block size, M, to achieve a target SNR. This is achieved by modifying the reward

function which takes the consumed power and the error rate into account. Since the error rate
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is not known but strongly correlated to the actual SNR, the modified reward function is written

as:

X It =
iM

∑
v=i1
v∈[It ]

(
N

∏
n=1

1SNRr
n>∆

N

∑
n=1

SNRr
n

)
− (CpIt +φIt ) (5.1)

The average reward for the nth receiver during block r is represented as SNRr
n. Consequently, the

total reward in time slot t is computed by incorporating the sum of the consumed power CpIt and

error rate φIt of the selected arm It is considered as a penalty along with the actual reward. When

selecting with a block with smaller number of sub-blocks, the reward is mainly influenced by

the error rate. Conversely, in a block with a more number of sub-blocks, the reward is primarily

driven by the consumed power. The Enhanced Focused Exploration Upper Confidence Bound

Algorithm 1 EFEUCBwCost

1: Input: R, R̂,T

2: Initialize X̂ r(t)← 0, Sr← 0 for all r

3: for t = 1 to T do

4: Select block It = t if t ≤ R, else compute E (t) :=
{

r ∈ [R]
∣∣∣∣X̂ r(t)≥ 2

√
log(t)
Sr(t)

}
5: If |E (t)| ≥ R̂, set UCBr(t) = X̂ r(t)

Sr(t) +2
√

log(t)
Sr(t) for r ∈ E (t)

6: Else, calculate TCBr(t) =
√

Sr(t)
∣∣∣ X̂ r(t)

Sr(t)

∣∣∣ and update UCBr(t) for r ∈ [R] where

TCBr(t)> SNRd

7: Select It = argmaxr∈[R] (UCBr(t)), configure and transmit with It , then update X̂ r(t), SIt

based on SNR

8: end for

(EFEUCBwCost) algorithm is based on thresholding approach to better identify optimal RIS

blocks in scenarios where the number of candidate blocks is high. EFEUCBwCost improves

the exploration-exploitation process by incorporating an empirical thresholding approach. In

EFEUCBwCost, each RIS block is first assessed for sufficient performance by computing a

Threshold Confidence Bound (TCB), as given by:

TCBr(t) =
√

Sr(t)
∣∣∣∣ X̂ r(t)

Sr(t)

∣∣∣∣ (5.2)
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This TCB term helps to select RIS blocks with SNR above a certain threshold SNR, focus-

ing exploration on only the most promising blocks that exceed this threshold. This selective

sampling enables EFEUCBwCost to converge to the optimal RIS blocks faster, especially in

sparse environments where only a few RIS blocks are highly effective.In Algorithm 1, initially,

blocks are sequentially selected ( Line 4). The blocks meeting reward thresholds are considered

in (Line 5). If the number of such blocks are sufficient, UCB values are computed for them

(Line 6), otherwise, TCB is calculated for all blocks, and only those exceeding a defined SNR

threshold are updated (Line 7). The block with the maximum UCB is selected.

5.4.3 Conditions for Optimal RIS sub-block

The optimal RIS sub-block m∗ is considered to satisfy the following conditions,

∀p < m∗ : Cp∗m−Cpp ≤ φp−φ
∗
m (5.3)

∀p > m∗ : Cpp−Cp∗m > φ
∗
m−φp (5.4)

The aforementioned equations are not able to build a trustworthy sub-block selection criterion

since the loss of a sub-block is not directly observable. As a result, establishing a link between

observable and unobservable components becomes essential. We can calculate the likelihood

of disagreement between sub-block in our design by comparing their feedback.

5.4.4 Consumed Power Aware Upper Confidence Bound (CPAUCB) based

Selection of Optimal RIS sub-block

The proposed algorithm is based on the sensor selection based approach, in which different

groups of RIS-sub blocks are assumed as sensors. With M = 1 as the sensor with least consumed

power and high error rate, and the sensor with maximum consumed power is assumed when all

the sub-blocks of a RIS work together, i.e. Mk = ∑
L
i=1 i. The illustration can be well understood
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from Fig. 5.1. The algorithm helps to select a combination of M sub-blocks which is ideal in

the case of consumed power - SNRth trade-off for a particular achievable rate.

For higher SNRth (keeping same constant achievable rate as earlier), we combine the opti-

mal blocks from different RIS to form a new RIS, now it is interesting to note that it is important

to arrange the RIS blocks as a requirement for algorithm, for this, we have arranged the blocks

as per the SNR at the receiver. Starting from the least to the maximum SNR. As shown in

Fig. 5.2. Since the RIS are randomly placed, therefore it is not necessary that a block with

higher value of M will guarantee more SNR as compared to the RIS which is placed near to the

receivers and is able to achieve the target SNR with lower values of M. As mentioned in the
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Selection of optimal combination of
blocks from different RIS for higher

target SNR

Figure 5.2: Schematic representation for selecting a block for higher target SNR from individual

best blocks from each RIS

previous sub-section that Eq. 5.3 and Eq. 5.4 are not able to build a trust-worthy block selection

criterion since the loss of a block is not directly observable. Therefore we replace the error rates

with the probability of disagreements, i.e. P(P∗1/0m
̸= P1/0p). Using this term, the Eq. 5.3 and

Eq. 5.4, can be modified as

α =

{
∀p < m∗ : Cp∗m−Cpp ≤ P(P∗1/0m

̸= P1/0p)

}
∪{Mi =

L=1

∑
i=1

i} (5.5)
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β =

{
∀p > m∗ : Cpp−Cp∗m > P(P∗1/0m

̸= P1/0p)

}
∪{M =

L

∑
i=1

i} (5.6)

P(P∗1/0m
̸= P1/0p) is observable as P1 and P0 are easily available at the transmitter, based on

SNRth. The following equations are followed individually by each K RIS. Since there are total

of LK sub-blocks.

Updating Eq. 5.5 and Eq. 5.6 for all k ∈ K by the optimistic estimates we get :

α =

{
∀p < m∗ : Cp∗m−Cpp ≤ µ

k
mp(t)+φ

k
mp(t)

}
∪{Mi =

L=1

∑
i=1

i} (5.7)

β =

{
∀p > m∗ : Cpp−Cp∗m > µ

k
mp(t)+φ

k
mp(t)

}
∪{M =

L

∑
i=1

i} (5.8)

where µk
mp(t) is the mean of disagreements (Xk

pm(t)) and number of times the pair of blocks

m, p ∈Mk = ∑
L
i=1 i of RIS k has been explored and φ k

mp(t) is the related optimistic upper confi-

dence bound, derived from (74).

Lemma 4 The optimal block m∗ should satisfy the Eq.5.7 and 5.8. s.t.

m∗ = (α ∩β ) (5.9)

Proof: Inspired from the literature (128), and considering our scenario. There are three condi-

tions where a sub-block/block can be considered as optimal :

1. Mi = ∑
L=1
i=1 i < m∗ < M = ∑

L
i=1 i

2. m∗ = Mi = ∑
L=1
i=1

3. m∗ = M = ∑
L
i=1 i

Case 1). When Mi = ∑
L=1
i=1 i < m∗ < M = ∑

L
i=1 i

Since, m∗ is an optimal sub-block/block, which implies that ∀p > m∗ : Cpp−Cp∗m > P(P∗1/0m
̸=

P1/0p)⇒Cpp−Cp∗m ≰P(P∗1/0m
̸= P1/0p)⇒∀p > m∗ /∈ α−1(s.t.α−1 = α\Mi = ∑

L=1
i=1 i). For any
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block a ∈ α−1 then a≤ m∗

α−1 = {a1,a2 . . .m∗}where(1 < a1 < a2 . . .m∗) (5.10)

α = α−1∪
{

Mi =
L=1

∑
i=1

i
}
=

{
Mi =

L=1

∑
i=1

i,a1,a2 . . .m∗
}

(5.11)

similarly , ∀p < m∗ : Cp∗m−Cpp ≤ P(P∗1/0m
̸= P1/0p)⇒Cp∗m−Cpp ≯ (P∗1/0m

̸= P1/0p)⇒∀p <

m∗ /∈ β−M=∑
L
i=1 i(s.t.β−M=∑

L
i=1 i = β\M = ∑

L
i=1 i). For any block b ∈ β−M=∑

L
i=1 i then b≥ m∗

β−M=∑
L
i=1 i = {m

∗,b1 . . .M =
L

∑
i=1

i}i.e.(m∗ < b1 < .. .M =
L

∑
i=1

i) (5.12)

β = β−M=∑
L
i=1 i∪

{
M =

L

∑
i=1

i
}
=

{
m∗,b1 . . .M =

L

∑
i=1

i
}

(5.13)

combining the Eq. 5.11 and Eq. 5.13, we get

m∗ = (α ∩β ) (5.14)

Case 2). When m∗ = Mi = ∑
L=1
i=1

From Eq. 5.10, it is clear that α−1 = /0, therefore α = Mi = ∑
L=1
i=1 i, and from Eq. 5.13, we have

β =

{
Mi = ∑

L=1
i=1 i,b1,b2, . . .M = ∑

L
i=1

}
i that also implies that :

m∗ =
{

Mi =
L=1

∑
i=1

i
}

(5.15)

Case 3). When m∗ = M = ∑
L
i=1 i

From Eq. 5.12, it is clear that β−M=∑
L
i=1 i = /0, therefore β = M = ∑

L
i=1 i, and from Eq. 5.11, we
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have β =

{
Mi = ∑

L=1
i=1 i,a1,a2, . . .M = ∑

L
i=1

}
i that also implies that :

m∗ =
{

M =
L

∑
i=1

i
}

(5.16)

The lemma presented above states all the possible conditions of an optimal block m∗.

Algorithm 1 CPAUCB
1: Input: K,L,T,SNRth

2: Initialize: Xk
pm(t)← 0 and Sk

pm(t)← 0 for all m

3: Select block Ik
t (1) = Mk

4: for k = 1,2 . . .K, do

5: Observe P1/01(1) . . .P1/0Mk
(1) based on SNRth

6: Update Xk
pm(1)← Xk

pm(1)+1(P1/0m ̸=P1/0p)
∀m < p≤Mk

7: Update Sk
pm(1)← Sk

pm(1)+1 ∀m < p≤Mk

8: for t = 2,3 . . .T do

9: µk
mp(t) =

Xk
pm(t−1)

Sk
pm(t−1) ∀m < p≤Mk

10: φ k
mp(t) =

√
2log(t)

Sk
pm(t−1) ∀m < p≤Mk

11: Ik
t (t) = min{(α ∩β )∪Mk}

12: Observe P1/01(t) . . .P1/0
Ik
t
(t) based on SNRth

13: Update Xk
pm(t)← Xk

pm(t−1)+1(P1/0m ̸=P1/0p)
∀m < p≤ Ik

t (t)

14: Update Sk
pm(t)← Sk

pm(t−1)+1 ∀m < p≤ Ik
t (t)

15: end for

16: end for

17: Arrange the learnt optimal blocks from each K RIS based on the SNR achieved at the

Receivers.

18: Update the SNRth, since this RIS made up of selected blocks from other K RIS will target

higher values of SNRth.
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5.5 Performance Analysis

We investigate the performance of a time-slotted multi-RIS-assisted communication system

comprising a single transmitter and multiple receivers. In this framework, the transmitter dy-

namically selects one Reconfigurable Intelligent Surface (RIS) block per time slot to transmit

data packets. The primary objective is to maximize the selection frequency of the optimal RIS

block, thereby enhancing resource utilization efficiency.

To assess the system’s effectiveness, we evaluate the proposed Consumed Power-Aware

Upper Confidence Bound (CPAUCB) algorithm against established benchmark algorithms de-

signed for multi-RIS-aided communication scenarios. The comparative study includes learning-

based methods such as FEUCB and EFEUCB (53; 129), in addition to a modified version of

the classical UCB algorithm (74) that integrates power consumption and signal-to-noise ratio

(SNR) constraints to guide optimal arm (RIS block) selection.

In our system model, we consider a multi-RIS-assisted communication framework with

number of receivers N = 4, number of RIS K = [5,10]. Each RIS is partitioned into five sub-

blocks, with the number of elements per sub-block represented by the array Z = [25,25,25,25,25].The

aggregated elements within each block are denoted as Mi = ∑
L
i=1 i = {25,50,75,125,225}. The

horizon size, denoted as T , ranges within the interval of 10000. Each result is averaged over 15

independent experiments over the horizon size. For each trial, the receiver and RIS locations are

randomly initialized, while the transmitter position remains fixed. The equivalent noise power

at the receiver is given as:σ2
n = N0 +10log(BW )+NoiseFigure[dBm] where N0 is the thermal

noise power density.

The outage probability is the probability that the SNR falls below a predefined threshold.

Outage Probability is affected by multiple factors, including channel fading, receiver noise,

and RIS block selection, which collectively impact the SNR. A lower outage probability is

correlated with an increased number of selected RIS blocks M, as larger RIS configurations

enhance signal reflection and improve link reliability.

The ergodic capacity is the maximum achievable data rate at which information can be

reliably transmitted over a selected channel, averaged over all possible channel realizations. It

is the average capacity in scenarios where the channel undergoes stochastic variations over time,
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Table 5.1: Parameters

Parameters Values

Location of Transmitter (0,0)

Location of Receivers Random

Location of RISs Random

Transmit Power [dBm] [-40,40]

Amplitude reflection coef., A 1(53)

Number of RIS 5 and 10

Number of Sub-blocks per RIS 5

Number of Elements in sub-blocks [25,25,25,25,25]

Threshold SNR (SNRth) 15dBm and 31dBm

Bandwidth 10 MHz (53)

Noise Figure 10 (53)

Thermal noise power density,(N0) -174 (53)

Antenna gain[dB] 5 (53)

Carrier Frequency [GHz] 3 (53)

Circuit Dissipated Power in RIS [mW] 7.8 (53)

Circuit Dissipated Power in TX and RX[mW] 10 (53)
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assuming both the transmitter and receiver have perfect CSI. Analogous to outage probability,

higher ergodic capacity is typically observed for larger values of M, as increase in number of

RIS elements enhances signal diversity and improves spectral efficiency.

As outlined in the previous sections, the primary objective of this work is to determine

the optimal value of M that achieves a balanced trade-off between power consumption and the

target SNR threshold. While alternative learning algorithms may require lower transmit power

to attain reduced outage probability and may yield higher ergodic capacity, this is attributed

to the reduced frequency of selecting the optimal arm compared to the CPAUCB algorithm.

Furthermore, existing learning algorithms tend to select sub-optimal arms with higher M values

more frequently, leading to inefficient resource utilization, whereas the CPAUCB algorithm

prioritizes energy-efficient arm selection to optimize system performance.

5.5.1 Regret Comparison

We begin by evaluating multiple MAB algorithms for RIS selection, considering K = [5,10],

L = 5 and N = 4. Figure 6.3 illustrates the cumulative regret over a horizon of 10,000 time

steps. Among all learning-based algorithms, our proposed CPAUCB algorithm demonstrates

superior performance compared to EFEUCB, FEUCB, and UCB (53; 129; 74). This advantage

arises because CPAUCB eliminates suboptimal RIS blocks from the outset, specifically those

that do not satisfy Equations 5.7 and 5.8, thereby reducing the exploration time. In contrast,

FEUCB, EFEUCB, and UCB initially explore all arms, only filtering out suboptimal blocks

over time. Due to the thresholding mechanism employed in FEUCB and EFEUCB, they out-

perform UCB by converging faster to optimal selections. In Figure 6.3(a), where the number of

arms is relatively small, the performance difference between FEUCB and EFEUCB is negligi-

ble. However, as seen in Figure 6.3(b), where the number of arms increases, EFEUCB exhibits

a slight performance gain over FEUCB, indicating its improved adaptability in larger action

spaces. Additionally, the Opportunistic RIS-Aided (ORA) scheme (23), which selects the RIS

block solely based on maximum SNR without considering power consumption, exhibits consis-

tently high regret in both cases. This is because ORA lacks a learning mechanism and always

selects the block with the maximum number of RIS elements, leading to suboptimal power

efficiency and excessive regret accumulation.
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Figure 5.3: Comparison of Average Cumulative Regret for different algorithms for (a) K = 5,L = 5 (b)

K = 10,L = 5

5.5.2 Achievable Rate

In this sub-section, we analyze the impact of consumed power and transmit power on the achiev-

able rate, which represents the maximum data rate that can be effectively transmitted over a

communication channel under given constraints. It is a measure that quantifies the effective

throughput, considering channel impairments, noise, interference, and modulation schemes.

Figure 5.4 illustrates the transmit power required to achieve a specific target data rate. It is

observed that the ORA scheme requires the least transmit power, as it selects the RIS block

with the maximum number of elements, thereby maximizing SNR. In contrast, learning-based

schemes optimize RIS block selection for a specific target SNR, leading to a higher transmit

power requirement. However, as seen in Figure 5.5, the total consumed power of the ORA

scheme is significantly higher than that of the learning-based approaches. This is due to the

ORA scheme activating the maximum number of RIS sub-blocks, leading to excessive power

consumption. Among the learning-based algorithms, our proposed CPAUCB algorithm out-

performs the other schemes, as it is tightly bounded and rapidly converges to the optimal RIS

block, thereby ensuring an efficient trade-off between achievable rate and power consumption,

as discussed in the previous sub-section.
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Figure 5.4: Comparison of Transmit Power vs. Achievable Rate for different algorithms for (a) K =

5,L = 5 (b) K = 10,L = 5
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Figure 5.5: Comparison of Consumed Power vs. Achievable Rate for different algorithms for (a) K =

5,L = 5 (b) K = 10,L = 5

5.5.3 Ergodic Capacity and Outage Probability

In Figure 5.6, we evaluate the performance of Outage Probability (OP) and Ergodic Capacity

(EC) with Transmit Power. Figures 5.6 (a) and (b) illustrate that the ORA scheme achieves the

highest ergodic capacity, as it utilises the maximum number of RIS sub-blocks, thereby max-

imizing SNR. Among the learning-based algorithms, the CPAUCB algorithm closely approx-

imates the optimal case, efficiently balancing target SNR and power consumption. However,

EFEUCB, FEUCB, and UCB exhibit slightly higher ergodic capacities due to their exploration

of sub-optimal RIS blocks containing a greater number of sub-blocks, thereby introducing fluc-

tuations in the average reliable data transmission rate over a selected channel. In Figures 5.6
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(c) and (d), we observe that the ORA scheme requires the lowest transmit power to achieve

lower outage probabilities, owing to its selection of RIS blocks with a higher number of sub-

blocks (M). Among the learning-based algorithms, EFEUCB, FEUCB, and UCB demonstrate

lower outage probabilities than CPAUCB, as highlighted in the figure. This is attributed to their

selection of sub-optimal RIS blocks with larger M,which inherently results in lower outage

probabilities but at the cost of increased power consumption. Meanwhile, CPAUCB achieves

performance closest to the optimal case, which is defined as the configuration satisfying Equa-

tions 5.3 and 5.4, assumed to be known in hindsight. Furthermore, the penalty of excessive

exploration is evident in the lower outage probabilities, where deviation from the optimal RIS

block selection becomes noticeable due to the exploration of a greater number of arms.
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Figure 5.6: Comparison of Ergodic Capacity and Outage Probability with respect to Transmit Power

for different algorithms for (a),(c) K = 5,L = 5 (b),(d)K = 10,L = 5

Similarly, we can see in Fig. 5.7 (c) and (d) where we have compared the outage prob-

ability with the consumed power. It is evident that the ORA scheme requires significantly

higher power consumption compared to the learning-based approaches, owing to its selection

of RIS blocks with the maximum number of sub-blocks, without optimizing for energy effi-

ciency. Additionally, the impact of selecting sub-optimal blocks during the exploration phase
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of the learning algorithms can be observed, as they gradually converge toward the optimal RIS

configuration. However, the proposed CPAUCB algorithm demonstrates superior convergence

characteristics, achieving zero outage probability at a considerably faster rate than the other

learning-based schemes, highlighting its efficient trade-off between outage reduction and power

consumption optimization.
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Figure 5.7: Comparison of Ergodic Capacity and Outage Probability with respect to Consumed Power

for different algorithms for (a),(c) K = 5,L = 5 (b),(d)K = 10,L = 5

5.5.4 Execution Time

The execution time of MAB algorithms plays a vital role in applications like wireless networks.

An ideal MAB algorithm should converge to selecting the optimal arm, especially when choos-

ing RIS blocks while balancing power consumption and target SNR. In this work as shown

in Tab.5.2, we evaluated the execution time of our proposed CPAUCB algorithm with the ex-

isting UCB, FEUCB and EFEUCB algorithms. Performance analysis were carried out on

edge computing processors: (1) ARM Cortex-A9 (666 MHz) and (2) ARM Cortex-A9 (800
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Sub-Blocks

(M)
Algorithm

Cortex A9

(666 MHz)

Cortex A9

and NEON

(666 MHz)

Cortex A9

(800 MHz)

Cortex A9

and NEON

(800 MHz)

SPFP DPFP SPFP DPFP SPFP DPFP SPFP DPFP

5

UCB 2.57 2.61 1.85 1.81 2.12 2.17 1.54 1.51

FEUCB 2.26 2.29 1.52 1.48 1.88 1.91 1.26 1.23

EFEUCB 2.22 2.28 1.5 1.47 1.87 1.90 1.25 1.22

CPAUCB 5.51 5.54 4.18 4.27 4.58 4.59 3.48 3.55

10

UCB 5.04 5.13 3.67 3.57 4.18 4.27 3 2.97

FEUCB 4.93 5 3.36 3.29 4.10 4.16 2.79 2.73

EFEUCB 4.35 4.41 2.95 2.9 3.62 3.67 2.46 2.41

CPAUCB 16.19 14.97 12.2 11.9 12.39 13.31 10 10.2

MHz). Additionally, the impact of the Single Instruction Multiple Data (SIMD) NEON co-

processor was analyzed, along with the i different numerical precision Single Precision Floating

Point (SPFP) and Double Precision Floating Point (DPFP)—on execution time, providing in-

sights into computational efficiency across varying hardware configurations. Results show that

EFEUCB achieves a 12˘14% reduction in execution time compared to UCB. This improvement

is primarily due to the algorithm’s focused exploration strategy, which reduces the number of

arithmetic computations required per time slot. However, the proposed CPAUCB algorithm

takes more time as compared to the existing algorithms, this is because of exploring each block

which are lined up before the selected block, therefore the complexity increases.
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Chapter 6

Online Learning and Change Detection

based Multi-RIS-Aided Wireless Systems

for Dynamic Environment

6.1 Overview

Reconfigurable intelligent systems offer on-the-fly control over the radio propagation environ-

ment, and various works have demonstrated the need for multiple RIS to support a wide range

of mobile users (MU). In such a multi-RIS-aided wireless system, a multi-armed bandit based

online learning has been explored to select the subset of RIS blocks for a given MUs. However,

due to a large number of subblocks and dynamic environments where optimal RIS subblock

changes over time, existing change detection-based MAB perform poorly. In this work, we pro-

pose a dynamic discounting and restarting (DDR) based enhanced focussed exploration based

upper confidence bound (DDR-EFEUCB) algorithm. The DDR-EFEUCB addresses the chal-

lenge of a large number of subblocks via focussed exploration and the challenge of the dynamic
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environment via the DDR approach without any prior knowledge of change intervals.

6.2 Introduction

In highly dynamic wireless environments—such as vehicular networks, UAV communication,

or mobile cellular systems—the statistical properties of the communication channel can vary

over time. This dynamicity renders standard stationary learning algorithms insufficient, mo-

tivating the need for online learning models that can adapt to changing reward distributions.

Change detection in MABs is a prominent approach used to handle non-stationarity in reward

structures.

The two dominant approaches for change adaptation in MABs are: active change detection

and passive adaptation.

Active change detection relies on statistical hypothesis testing over sliding windows or

cumulative sum (CUSUM) statistics. When a significant deviation in the observed rewards is

detected compared to historical trends, the learner triggers a “restart” by resetting empirical es-

timates and reinitiating exploration. Notable algorithms like Discounted UCB, Sliding Window

UCB, and EXP3.S use these principles (130; 131). These algorithms are effective in identifying

abrupt shifts in environments, such as rapid user mobility or sudden link failures.

Passive change adaptation uses discount factors to assign exponentially decreasing weights

to older observations. This allows the learner to “forget” outdated information gradually and pri-

oritize recent data. Passive methods like Discounted Thompson Sampling and AdaUCB avoid

abrupt resets but may adapt slowly to sharp changes. Their strength lies in handling smoothly

evolving environments where transitions occur gradually.

However, applying these approaches to RIS-aided systems faces significant challenges:

The dimensionality of the action space is large due to the number of sub-blocks and com-

binations.

The frequency of changes may vary, requiring flexible thresholds and adaptive strategies.

The heterogeneity in reward impact means that not all changes are equally relevant (e.g.,
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a minor SNR drop vs. a complete link outage).

Moreover, simultaneous change detection across multiple arms can lead to computational

overhead and false positives. Recent works have begun exploring hybrid methods that combine

active restart with passive decay, allowing nuanced adaptation to dynamic conditions.

In RIS-aided systems, where the channel between the transmitter, RIS, and receiver can

fluctuate due to environmental mobility, such frameworks enable robust, low-latency adaptation

of RIS configurations. This is particularly important in multi-user scenarios, where optimal

configurations vary across spatial locations and times. The integration of change detection into

scalable bandit algorithms presents a promising direction for intelligent wireless system design

under realistic deployment conditions.

6.3 Network Model

We consider a multi-RIS-aided system consisting of a single transmitter and MU. Each of K RIS

consists of L sub-blocks and each sub-block consists of Z sub-lambda-sized passive elements,

as shown in Fig. 6.1. The RIS block may consist of single or multiple sub-blocks spanned

across multiple RIS as shown in Fig. 6.1 where MU in the car is supported by multiple RIS and

selected RIS block changes over time.

Base Station Mobile Receiver 

𝒕 = 𝒕𝟎

. . . . . . . . . . . . . . . . . . . . 

1st RIS 2nd RIS 𝑲𝒕𝒉 RIS

𝒕 = 𝒕𝒏𝒕 = 𝒕𝒎

𝒌𝒕𝒉 RIS

l ϵ L
SUB-BLOCKS

z ϵ Z 
 Passive Elements per Sub-block

𝒌𝒕𝒉 RIS

Figure 6.1: Illustrations of network model for multi-RIS-aided wireless system with mobile

receiver for n ∈ {0,m} indicates a change point.
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We consider the channel model in (53), which assumes that the channels associated with

sub-blocks of a given RIS are independent and identically distributed (i.i.d.), while for channels

associated with the sub-blocks of different RISs, independence is assumed but not identical

distributions. We consider Nakagami-m fading. The complex channel coefficient between the

transmitter and the z-th element of the RIS sub-block, l, of the kth RIS is defined in polar form

as Gklz = Gklze jψklz . Similarly, the channel between the z-th element of the RIS sub-block, l,

and the receiver is also expressed in polar form as Hklz = Hklze jφklz . For the direct path between

the transmitter and the receiver, the channel coefficient is given as G = Ge jψ .

When transmitting a symbol xs with power Ps (in dBm), the signal received through the

RIS sub-block l, is:

ykl =
√

Ps

(
G+

Z

∑
z=1

Gklzαklze j(θklz+φklz)Hklz

)
xs +w (6.1)

Here, αklz represents the amplitude reflection coefficient, and θklz refers to the phase shift of

the z-th element of the RIS. The term w corresponds to the Additive White Gaussian Noise

(AWGN), which has zero mean and a variance of σ2. With optimal RIS configuration (assuming

zero phase error), the SNR, can be calculated as:

SNR =
Ps

σ2

∣∣∣∣∣G+
Z

∑
z=1

GklzαklzHklz

∣∣∣∣∣
2

. (6.2)

The goal of the MAB algorithm is to explore and exploit the optimal RIS block with the highest

SNR. In a dynamic environment, the horizon is divided into multiple sub-horizons of different

unknown durations, and the task of the MAB algorithm is to detect the transitions between

sub-horizons and identify the new optimal block as quickly as possible.
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6.4 Proposed Work

6.4.1 Limitations of State-of-the-art

In (53), two algorithms, namely Focused Exploration UCB (FEUCB) and Enhanced Focused

Exploration UCB (EFEUCB), were proposed. These algorithms are based on the concepts of

sparsity (132) and thresholding (133). They aim to quickly learn and select the optimal RIS

block from a large number of sub-blocks, outperforming the standard upper confidence bound

(UCB) algorithm by reducing the regret bound from
√

RT to
√

R̂T , where R is the total number

of arms i.e. (R = KL) and T is the total time horizon and R̂ is shortlisted set of top arms after

focussed exploration stage. For the dynamic case with a large number of arms, the performance

of UCB is expected to be poor due to large exploration time between change points, while it

is not clear how FEUCB and EFEUCB can adapt due to focused exploration that restrict the

exploration to subset of R̂ arms. Thus, there is a need for a change detection mechanism for

MAB algorithms with a large number of arms.

6.4.2 Proposed Algorithm

Identifying the need for unlearning the previously optimal arms post a change point we pro-

pose a new class of algorithms CD-EFEUCB and CD-FEUCB, which are equipped with active

change-detectors to restart the learning once change in arm statistics has been observed by the

change-detector. A necessary assumption in such cases is 1. that changes occur after the dura-

tion required for sufficient sampling of arms described by the value γ times the time-horizon as

given in (53) that is we can only expect changes once initial thresholding of the top R̂ arms has

been done and 2. Changes occur in all arms simultaneously. We examine the change-detectors

used in CD-EFEUCB and CD-FEUCB thoroughly in the subsequent sections.

We equip the thresholding based EFEUCB with an active change-detection algorithm,

Monitored UCB or MUCB (134), which restarts the learning upon encountering a change-point.

We begin by uniformly sampling all R arms once and entering the TCB stage of EFEUCB. Once
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sufficient sampling, using the TCB algorithm (53) has been done, we carry out thresholding to

perform a focused learning over "top" arms, R̂. Here, we sample and locate the optimal arm

using MUCB. This algorithm utilizes a windowing approach over the past rewards encountered

to calculate the value of MCD 6.9. MUCB utilizes the UCB algorithm to sample the most

optimal arm and then estimates the value of MCD by taking the difference of the summation of

the second half window and first half window of expected rewards encountered uptil the current

time instant. It then makes the decision if a change-point has been encountered. If the value of

MCD exceeds the threshold value b, the algorithm flags a change point and restarts learning by

refreshing its memory and re-populating the set of "top" arms.

In more realistic situations, a condition like a "weak change-point" (less significant change

in the arm-statistics of a specific sub-block) might occur where even though the arm characteris-

tics change, the previously optimal arms continue to remain optimal and there is less possibility

of a previously sub-optimal arm to enter into the set R̂ therefore R̂ is expected to remain the

same. Similarly, a "strong change-point" (significant change in the arm-statistics of a specific

sub-block) indicates that one or more arms from the previous R̂ set of arms have fallen to a be-

low optimal behavior and one or more sub-optimal arms are now near-optimal arms. In case of

weak change points, learning can continue, but it has to be restarted in the case of strong change

points so that the latest optimal arms can be thresholded. Thus, we propose Dynamic Discount-

ing and Restart EFEUCB (DDR-EFEUCB) which deploys a mixture of both Active and Pas-

sive Change Detection algorithms, which restarts learning only when it is needed and when a

"strong" change-point is observed thus saving on regret by preventing unnecessary restarts.

We start the algorithm by initially exploring each of the r ∈ R arm once (lines 1-4). After

sufficient exploration has been made using the TCB algorithm (lines 6-8) we enter the phase of

thresholding (line 9) akin to EFEUCB. (53).

TCBr(t) =
√

Sr(t) |µr(t)| . (6.3)

here,

µr(t) =
X̂ r(t)
Sr(t)

(6.4)
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The equation that describes the thresholding is given by (lines 8-9) of the algorithm.

Once the thresholded set of optimal arms have been achieved in R̂ we run our passive-

change detector, based on discounting technique (131), to handle weak-changepoints (lines 11)

and select the optimal arm It . This can be explained by the following equation as given in

(130),(131).

DUCBr(t) = argmax
r

(
µr(t)+

√
max(µr(t)(1−µr(t)),ε) log t

Sr(t)d

)
(6.5)

where,

X̂ r(t)d =
t

∑
τ=0

I(lτ = Iτ)γ
′t−τ X̂ r(t), (6.6)

Sr(t)d =
t

∑
τ=0

I(lτ = Iτ)γ
′t−τ , (6.7)

µr(t) =
X̂ r(t)d

Sr(t)d
. (6.8)

It is to be noted that γ ′ describes the discounting-factor of the DUCB algorithm.The active-

change detector MUCB is then used to handle strong ones (lines 12-13) and restart learning

by refreshing the algorithms memory of arm-statistics and number of pulls that is X r and Sr

respectively. The decision-making of MUCB is described as follows in (134).

MCDr(t) =

∣∣∣∣∣ t

∑
i=W/2+1

µr(i)−
W/2

∑
i=t−W

µr(i)

∣∣∣∣∣ ,where t >=W (6.9)

A change is detected whenever the value of MCD(t) exceeds a threshold b, for a window length

W . In case no "strong-change point" is detected we continue our learning by performing the

incremental step (lines 14)
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Algorithm 5 DDR-EFEUCB
Input: R,T ,γ ,W ,b,γ ′

1 Initialize: X̂ r(t)← 0, Sr← 0 for all r, t ′← 0 , ts, t ′← 1

2 for t = 1 to T do

3 if t ′ ≤ R then

4 It ← t ′

5 else

6 if ts = 1 then

7 while t ≤ T & t ′ ≤ γ ∗T do

8 It ←max(TCBr∈R(t ′)) as in 6.3

9 R̂ :=
{

r ∈ [R]
∣∣∣∣X̂ r(t)≥ 2

√
log(t)
Sr(t)

}
ts = 0

10 else

11 It ←max(DUCBr∈R̂(t
′)) as in 6.5

12 if MCDIt (t
′)> b then

13 Restart learning:

t ′← 0

t← t +1

X̂ r(t)← 0 for all r

Sr← 0 for all r

ts← 1

14 Increment: t ′← t ′+1, t← t +1 Sr← Sr +1, X̂ r(t)← X̂ r(t)+X r
t Transmitter configures

RIS block It Each receiver observes instantaneous normalized SNR and communicates to

the transmitter
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6.4.3 Mathematical Analysis

For the regret analysis of DDR-EFEUCB algorithm, an adaptive learning method based on the

M-UCB framework, we refer to the analysis presented in (135).

Let the time horizon be denoted by T , and consider an environment with R arms and M

piecewise-stationary segments, where the change-points are represented as t0, t1, . . . , tM, with

t0 = 0 and tM = T . Each segment [tm−1, tm) corresponds to a stationary interval during which

the reward distribution remains fixed. Within each segment, the expected reward of arm r ∈R is

assumed to be constant. µr(tk < t < tk+1) or µk
r lies between 0-1. We define a basic assumption

that allows us to tune the parameters used in calculating 6.9 based on the analysis presented by

(135).

Assumption 1. The learning agent can choose w, the window length for M-UCB and γ ,

the factor of time-horizon which is required for sufficient sampling, such that:

(a) M < ⌊T/L⌋ and ti+1− ti > L,∀0≤ i≤M−1, and

(b) ∀1≤ i≤M−1,∃r ∈R such that:

δ
(i)
r ≥ 2

√
log(2RT 2)/w+2

√
log(2T )/w.

where L is given by w⌈R/γ⌉andtheamplitudeo f thechangeo f armrattheithchange− pointasδ
(i)
r =

|µ i+1
r −µ i

r|, ∀1≤ i≤M−1, r ∈R.(6.10)

It should be noted that this assumption is only necessary for the regret analysis and the

proposed algorithm can be implemented regardless. We now come to our main result, the

overall regret bound of DDR-EFEUCB.

Theorem 1. Regret/Cost of running exploration in DDR-EFEUCB can be evaluated due

to two prominent cases (53):

1. Ar(t): Cost/Regret an event of RIS sub-block, r, being selected during the D-UCB phase

when R̂ sub-blocks are sampled sufficiently .

2. Br(t): Cost/Regret an event of RIS sub-block, r, being selected during the UCB phase
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when R̂ sub-blocks are not sampled sufficiently.

Therefore

M

∑
i=1

C̃i ≤ Ar(t)+Br(t) (6.11)

Alternatively we know that the expected regret can be written as(53),

E[R(T )]≤ log(T ) ∑
r∈[R̂]\r∗

1
∆r

. (6.12)

Where,

E[R(T )] = 1+ ∑
r∈R̂\r∗

∆rE

[
T

∑
t=1

1Ar(t)

]

+ ∑
r∈R̂\r∗

∆rE

[
T

∑
t=1

1Br(t)

] (6.13)

Thus, we can rewrite (6.11) as;

M

∑
i=1

C̃i ≤ ∑
r∈R̂\r∗

∆rE

[
T

∑
t=1

1Ar(t)

]

+ ∑
r∈R̂\r∗

∆rE

[
T

∑
t=1

1Br(t)

] (6.14)

Now we may find the regret-bounds of both the events individually as in Lemma 1 and Lemma

2 and rewrite (6.14) to achieve cummulative-regret without considering restarts.

Lemma 1: The regret due to event Ar(t) can be written as described in (130) where γ ′ gives the

discounting-factor

∑
r∈R̂\r∗

∆rE

[
T

∑
t=1

1Ar(t)

]
≤ ∑

r∈R̂\r∗

∆r

(
B(γ ′)T (1−γ

′) log(
1

1−γ ′
)

+C(γ ′)
ϒT

1−γ ′
log
(

1
1−γ ′

))
(6.15)
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Where:

B(γ ′) =
16B2ξ

γ ′1/(1−γ ′)(∆r)2
· ⌈T (1− γ ′)⌉

T (1− γ ′)
+

2
C1 · log(1− γ ′)

·C2 (6.16)

C1 =

 − log(1− γ ′)

log
(

1+4
√

1− 1
2ξ

)
 , C2 =

(
1− γ

′1/(1−γ ′)
)

(6.17)

C(γ ′) =
γ ′−1

log(1− γ ′) logγ ′
· log

(
(1− γ

′)ξ lognK(γ
′)
)

(6.18)

For the event Br(t), the regret bounds would be similar to the FEUCB algorithm as pre-

sented in (53), the EFEUCB algorithm’s exploration-exploitation balance is enhanced by this

thresholding strategy, which reduces the number of number of arms, thereby accelerating con-

vergence to the optimal configuration compared to traditional methods such as FEUCB. How-

ever, the nonlinear nature of the thresholding operation introduces challenges in deriving a

closed-form expression for the algorithm’s regret. Theorem 2. DDR-EFEUCB, with w and

γ satisfying Assumption 1 and b = [w log(2KT 2)/2]1/2, has the following upper-bound when

restarts are taken into consideration.

R(T )≤
M

∑
i=1

C̃i︸ ︷︷ ︸
(a)

+ γT︸︷︷︸
(b)

+
M−1

∑
i=1

2K ·min

(
w
2
,
⌈b/δ (i)⌉

γ
+3
√

w

)
︸ ︷︷ ︸

(c)

+ 3M︸︷︷︸
(d)

.

(6.19)

where δ (i) = maxk∈K δ
(i)
k and C̃i is given by Theorem 1. Theorem 2 reveals that the regret

incurred by DDR-EFEUCB can be decomposed into four terms:

• bounds the cost of the EFEUCB-based exploration given by Theorem 1,

• bounds the cost of the uniform sampling required after each restart caused due to change
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detection,

• bounds the cost associated with the detection delay of the CD algorithm as given in (134),

and described in Lemma 3,and

• is incurred by the unsuccessful and incorrect detection of the M+1 change-points, where

M indicates the number of segments caused due to change-pointsas described in Lemma

4.

Lemma 3: Consider the M-UCB aided DDR-EFEUCB algorithm operating under Assumption

1, with parameters w, b =
√

w
2 log(2KT 2), and γ . Let τi denote the detection time of the ith

change-point νi. Then, the expected cumulative regret incurred by detection delays over all

M−1 change-points is bounded by:

E

[
M−1

∑
i=1

(τi−νi)

]
≤

M−1

∑
i=1

2K ·min
(

w
2 ,
⌈

b
δ (i)

⌉
+3
√

w
)

γ
, (6.20)

where δ (i) = maxk∈K |µ
(i+1)
k − µ

(i)
k | denotes the maximum magnitude of change at the ith

change-point. Proof: Lemma 4 in (134) explicitly provides the bound for the expected de-

tection delay conditioned on successfully detecting the change. Specifically, Lemma 4 states:

E[τi−νi | νi < τi ≤ νi +L/2]≤
min

(
L
2 ,
⌈

b
δ (i)

⌉
+3
√

w ·
⌈

K
γ

⌉)
1−2exp(−wc2/4)

, (6.21)

where L = w
⌈

K
γ

⌉
and c = 2

√
log(2T )

w is chosen to ensure high-probability successful detection.

Given Assumption 1 and the choice of parameters b and c, we ensure that the denominator

1−2exp(−wc2/4) is very close to 1, thus simplifying the expected detection delay to:

E[τi−νi | νi < τi ≤ νi +L/2]≤min
(

L
2
,

⌈
b

δ (i)

⌉
+3
√

w ·
⌈

K
γ

⌉)
. (6.22)

Since DDR-EFEUCB uses uniform sampling to ensure detection within a window of

length L/2 with probability at least 1− 1
T , the total expected regret from detection delays for all

100



M−1 change-points can be summed, yielding:

E

[
M−1

∑
i=1

(τi−νi)

]
≤

M−1

∑
i=1

2K ·min
(

w
2 ,
⌈

b
δ (i)

⌉
+3
√

w
)

γ
. (6.23)

This completes the proof, giving us the cumulative regret term due to detection delays.

Lemma 4: Consider the M-UCB aided DDR-EFEUCB algorithm operating under Assumption

1, with parameters w, b =
√

w
2 log(2KT 2), and γ . Let τi denote the detection time of the ith

change-point νi. Then, the expected cumulative regret incurred by incorrect detections (false

alarms) over all M stationary segments is bounded by:

E [Regret due to incorrect detections]≤ 3M. (6.24)

Proof: Consider a stationary scenario (no true change-points), and define τ1 as the first detection

time of a false alarm. Lemma 2 in (134) provides an explicit upper bound on the probability of

incorrectly raising a false alarm:

P(τ1 ≤ T )≤ wK

(
1−
(

1−2exp
(
−2b2

w

))⌊T/w⌋)
. (6.25)

Using the inequality (1− x)a ≥ 1− ax for 0 < x < 1 and a > 1, we simplify the probability

bound:

P(τ1 ≤ T )≤ wK · 2T
w

exp
(
−2b2

w

)
(6.26)

= 2KT exp
(
−2b2

w

)
. (6.27)

Substituting the choice of b =
√

w
2 log(2KT 2) yields:

P(τ1 ≤ T )≤ 2KT exp
(
− 2

w
· w

2
log(2KT 2)

)
(6.28)

= 2KT · 1
2KT 2 =

1
T
. (6.29)
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Therefore, the expected number of false alarms during each stationary segment (with

length at most T ) is at most 1. Since the total number of segments is M, and each false alarm

contributes at most a constant regret of 3 (due to immediate resets and short-term suboptimal

actions), the cumulative regret due to incorrect detections is thus bounded by:

E[Regret due to incorrect detections]≤ 3M. (6.30)

6.5 Performance Analysis

In this section, we present the synthetic results and its analysis to validate our proposed algo-

rithm and compare its performance with the existing state-of-the-arts i.e.,UCB, FEUCB and

EFEUCB algorithms equiped with Change Detectors (74; 53). We compare their performance

in terms of outage probability, ergodic capacity, energy efficiency and regret.

We consider a MU, and K = 5 RIS. Each RIS is divided into L= 5 sub-blocks. The horizon

size, T , is between 12000. Each result is averaged over 15 independent experiments over the

selected horizon size. In each experiment, the positions of the transmitter, RIS are fixed, and

the receiver changes its position in a piecewise stationary manner.

For an accurate consideration of possible scenarios of user-mobility we formulate three

different cases while performing the analysis.

• Case 1: Receiver changes its position such that each RIS sub-block witnesses a trivial

increase or decrease in performance in a piecewise-stationary manner indicating weak

changepoints.

• Case 2:Receiver changes its position such that few RIS-sub blocks observe a non-trivial

performance degradation, indicating strong changepoints, while some RIS-sub blocks see

a non-trivial improvement, thus a shift in optimal arms is certain and focused exploration

must be repeated to locate the optimal arm which might lie outside the existing set of

thresholded arms.

• Case 3: Receiver changes its position randomly, thus indicating a random combination of

weak and strong changepoints
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The Fig. 6.2 illustrates how the mean (µ) of arms changes across different scenarios, sim-

ulating the effect of receiver movement on the RIS-assisted communication system( only for

illustration purposes). In Case 1, the receiver shifts position in a manner that causes each RIS

sub-block to experience only a slight, piecewise-stationary variation in performance. These

minor fluctuations correspond to weak change points, where the optimal arm likely remains

unchanged or shifts subtly. In Case 2, the receiver’s movement induces significant performance

degradation in some RIS sub-blocks and notable improvements in others. These strong change

points result in a definitive shift in the optimal arm, necessitating renewed exploration, espe-

cially outside the previously shortlisted set of arms. Finally, in Case 3, the receiver moves

unpredictably, causing a mixture of weak and strong change points across the RIS sub-blocks.

This scenario represents a more chaotic environment, requiring a bandit strategy robust to both

subtle and drastic shifts in arm performance.
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Figure 6.2: Illustration of the change in the mean (µ) of arms after each change point.

6.5.1 Regret Analysis

We begin our analysis by benchmarking the proposed algorithm against other mentioned alter-

natives by performing a comparison of their cumulative regret in a slotted time interval over

a horizon of 12000 time samples. On plotting the regret curves of existing techniques like
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UCB, FEUCB and EFEUCB, we observe significantly large values of regret due to absence of

mechanisms for change-point detection. Since the necessity of change-point handling mech-

anisms is evident, we compare the variants of FEUCB and EFEUCB with change-detectors

with the proposed algorithm all of which outperform UCB and other variants. It is observed

that in Case 1, DDR-EFEUCB significantly outperforms existing thresholding techniques with

change-detectors like CD-FEUCB and CD-EFEUCB as the earlier refrains itself from restarting

on change-points that do not cause the thresholded set of arms to be outdated. DDR-EFEUCB

only restarts when it suspects the possibility of a previously sub-optimal arm being optimal

where as the other change-detection algorithms restart at each change-point forcing the learn-

ing algorithm to undergo thresholding again and again unnecessarily. Similarly in Case 2 Fig.

6.3 (c), DDR-EFEUCB is able to detect change-points which are followed by shift in behavior

of a sub-optimal arm to being optimal and vice versa. DDR-EFEUCB only restarts learning

and thresholding in such "strong" change-points thus minimizing regret as compared to other

Change-Detector-aided-thresholding-based algorithms which restart learning at both "strong"

and "weak" change-points .
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Figure 6.3: Regret Analysis of Proposed Algorithms in a Changing Environment
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6.5.2 Comparison of Achievable Rate, Outage Probability, Ergodic Ca-

pacity and Energy Efficiency

In this sub-section, we analyze the effect of the transmit power on the achievable rate. As shown

in Fig. 6.4 (a), different algorithms need different transmit power to achieve a given rate. All

learning-based approaches need a similar transmit power, validating the successful learning and

frequent selection of optimal RIS. However, our proposed DDR-EFEUCB algorithm achieves

the maximum achievable rate at a given transmit power compared to CD-EFEUCB,CD-FEUCB

and CD-UCB because of its superior adaptability to changes in the receiver’s location.
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Figure 6.4: Comparison of Achievable Rate with (a) Transmit Power and (b) Consumed Power

Another notable remark is that, contrary to the intuition, CD-UCB requires a higher trans-

mit power due to the absence of sufficient time-samples to perform learning-restarts, making it

difficult for the algorithm to locate the optimal-arm in time. Thus, for larger number of arms,

the presence of a Change-Detector in a non-thresholding traditional UCB algorithm is counter-

productive. Similarly in Fig. 6.4 (b), DDR-EFEUCB offers the maximum achievable rate at a

given consumed power compared to other algorithms.

Next we compare the outage probability, which is significant in the optimization and de-

sign of wireless communication systems since it helps to balance system capacity and quality

of service trade-offs. In Fig. 6.5 (a), outage probability has been measured against the trans-

mit power, and as expected, the outage probability decreases with the increase in the transmit

power. Since the most optimal sub-block is being selected by the DDR-EFEUCB algorithm

more often, the transmit power required by DDR-EFEUCB is less than other learning algo-

rithms, followed by CD based EFEUCB and FEUCB algorithms. And finally, CD based UCB
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consume maximum transmit power to reach lower values of outage probability. This is because

UCB is able to adapt its learning post change-points and shift focus to the newly optimal arm

before UCB-CD undergoes a restart and sufficient exploration, which increases the selection of

sub-optimal arms. As the DDR-EFEUCB utilizes least transmit power to reach lower values

of outage probability, the total consumed power required by DDR-EFEUCB is also the least as

shown in Fig. 6.5 (b), followed by other learning algorithms, and as expected the CD based

UCB algorithms consumes the maximum total consumed power.
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Figure 6.5: Comparison of Outage Probability with (a) Transmit Power and (b) Consumed

Power

Similarly, in Fig. 6.6, we compare the ergodic capacity with respect to both transmit

power and consumed power. As expected, the DDR-EFEUCB algorithm achieves the highest

ergodic capacity due to its ability to adapt quickly to dynamic environments and learn the op-

timal RIS sub-blocks in each piecewise stationary environment. It efficiently identifies and se-

lects the sub-blocks that maximize the ergodic capacity, enabling better performance compared

to other methods. Furthermore, for a given consumed power, the DDR-EFEUCB algorithm

demonstrates remarkable efficiency by achieving the maximum ergodic capacity while main-

taining optimal resource utilization. This adaptability and power efficiency make it particularly

suitable for scenarios where power constraints are critical, ensuring consistent outperformance

under varying transmit and consumed power levels. This can also be shown in Fig. 6.7, the

DDR-EFEUCB algorithm not only maximizes ergodic capacity but also demonstrates superior

energy efficiency. By adapting to varying conditions and selecting the optimal RIS sub-blocks,

it ensures that the achieved capacity is maximized for a given consumed power. This efficient

utilization of power resources minimizes energy wastage, making DDR-EFEUCB particularly

advantageous in power-constrained scenarios. Its ability to balance high performance and en-
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Figure 6.6: Comparison of Ergodic Capacity with (a) Transmit Power and (b) Consumed Power

ergy consumption enables sustainable operation in dynamic environments. Compared to other

methods, DDR-EFEUCB achieves a higher capacity-to-power ratio, highlighting its potential

for energy-efficient applications in modern wireless communication and sensing systems where

power efficiency is paramount.
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Figure 6.7: Comparison of energy efficiency and average achievable rate for different algo-

rithms

6.5.3 Timing Analysis on Edge Platforms

In practical edge deployments of MAB algorithms for RIS configuration, minimizing execution

time is crucial for real-time decision making in time-slotted wireless communication. A faster

algorithm enables quicker RIS sub-block selection, allowing more time for actual data transmis-

sion and thus improving system throughput. Table 6.1 presents a detailed comparison of execu-

tion time (in milliseconds) for different MAB algorithms implemented using single-precision

floating-point (SPFL) arithmetic on three types of widely-used ARM Cortex processors: 1)

Cortex-A9 at 666 MHz, 2) Cortex-A9 at 800 MHz, and 3) Cortex-A53 at 1.1 GHz.

We have compared CD-based UCB, FEUCB, and EFEUCB, along with our proposed
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novel DDR-EFEUCB algorithm, against the baseline UCB, FEUCB, and EFEUCB algorithms

to assess the impact of change-detection based learning on execution time. As shown in Ta-

ble 6.1, the CD-based variants (CD-UCB, CD-FEUCB, and CD-EFEUCB) exhibit a slight in-

crease in execution time compared to their non-CD counterparts, likely due to the additional

overhead introduced by the change detector. Notably, the proposed DDR-EFEUCB incurs the

highest execution time among all algorithms. This increase is attributed to the integration of dis-

counting and both active and passive change detection mechanisms, which add computational

complexity to support improved adaptability in dynamic environments.

Table 6.1: Performance Comparison of Different Algorithms on Cortex Architectures (Sub

Blocks = 25)

S.No. Algorithm
Arm Cortex Architectures

A9 (666 MHz) A9 (800 MHz) A53 (1.1 GHz)

1 UCB(74; 53) 12.73 12.42 5.86

2 FEUCB(53)
8.49

(-33.31%)

8.29

(-33.25%)

3.89

(-33.62%)

3 EFEUCB(53)
4.49

(-64.73%)

4.35

(-64.98%)

2.10

(-64.16%)

4 CD-UCB
15.00

(+17.83%)

14.23

(+14.57%)

7.43

(+26.79%)

5 CD-FEUCB
11.88

(-6.68%)

11.61

(-6.52%)

4.60

(-21.50%)

6 CD-EFEUCB
4.82

(-62.14%)

4.56

(-63.29%)

2.21

(-62.29%)

7 DDR-EFEUCB
16.96

(+33.23%)

16.53

(+33.09%)

7.80

(+33.11%)
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6.6 Summary

In this work, the DDR-EFEUCB algorithm has been proposed along with a new class of change-

detectors equipped EFEUCB and FEUCB to efficiently select the optimal RIS sub-blocks in a

piecewise stationary environment. Through intelligent adaptation and learning, DDR-EFEUCB

ensures improved performance in dynamic conditions. Extensive and in-depth simulation re-

sults validate the effectiveness and demonstrate the superiority of the proposed algorithm com-

pared to existing state-of-the-art methods in terms of ergodic capacity and energy efficiency.

These results highlight its potential for real-world applications. Future work will focus on the

hardware implementation of these algorithms to evaluate their performance in real-time, dy-

namically varying environments.
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Chapter 7

Conclusions and Future Works

This thesis has presented a comprehensive investigation into online learning-based opti-

mization strategies for Reconfigurable Intelligent Surfaces (RIS) in dynamic wireless commu-

nication environments. Across multiple contributions, the thesis addressed the central challenge

of scalable and adaptive RIS configuration in the face of high-dimensional configuration spaces,

limited feedback, and changing channel conditions. Through novel algorithm design, theoreti-

cal analysis, extensive simulation studies, and hardware-oriented implementations, the work has

laid the foundation for efficient real-time decision-making in RIS-assisted wireless systems.

7.1 Conclusion

In Chapter 3, we proposed two novel distributed learning algorithms, Focused Exploration

UCB (FEUCB) and its enhanced variant Enhanced FEUCB (EFEUCB), for selecting optimal

RIS sub-blocks. These algorithms were designed to operate in large action spaces under limited

feedback, leveraging the exploration-exploitation tradeoff of the Multi-Armed Bandit (MAB)

framework. Theoretical regret analysis and extensive simulation results established the superior
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performance of these algorithms over traditional UCB and -greedy approaches. Furthermore,

implementation on embedded edge platforms demonstrated their computational efficiency, with

significant reductions in execution time. This work validated the viability of distributed on-

line learning for RIS configuration and motivated future extensions toward hardware-software

co-design and deployment in quasi-stationary vehicular environments. Future directions also in-

clude the design of directional analog front-ends and antenna architectures to support multi-RIS

communication.

In Chapter 4, we investigated the problem of bandit learning at scale, focusing on MAB

algorithms designed for large arm sets. A hardware-aware implementation of these algorithms

was developed on a Xilinx Zynq SoC, where performance bottlenecks related to computation

and memory were addressed through algorithm-architecture co-design. The proposed architec-

ture achieved a 67% reduction in cumulative regret, 97% improvement in execution time, and

10% resource savings compared to state-of-the-art MAB implementations for 100 arms. These

gains were made possible by leveraging focused exploration techniques that limit candidate

arms early in the learning process. The results emphasize the importance of hardware-software

synergy in scaling learning algorithms for practical deployment. Future work in this direc-

tion will involve integrating change detection capabilities to support dynamic environments and

adaptively adjust exploration strategies based on reward distribution shifts.

In Chapter 5, we introduced a power-aware RIS sub-block selection algorithm called

Consumed Power Aware UCB (CPAUCB). This algorithm is based on a sensor selection analogy,

where RIS sub-block groups are treated as sensors of varying cost (power consumption) and

accuracy (SNR). The CPAUCB algorithm aims to strike a balance between power efficiency

and communication performance. Rigorous regret analysis and simulations demonstrated its

effectiveness in reducing power consumption while achieving competitive SNR performance.

The distributed nature of the algorithm makes it especially suitable for edge deployments with

multiple RIS panels. Future research will extend CPAUCB for dynamic vehicular environments,

incorporating detection of environment changes to enable adaptive sub-block selection.

In Chapter 6, we addressed the challenge of dynamically varying channel environments

through the Dynamic Discounted Restart FEUCB (DDR-EFEUCB) algorithm. This contri-

bution presented a class of FEUCB-based algorithms equipped with change detection mech-

anisms—both active and passive—to handle piecewise-stationary reward processes. DDR-
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EFEUCB allows the system to autonomously detect significant shifts in RIS performance due

to environmental changes and adapt its configuration policy accordingly. Simulation studies

across multiple dynamic scenarios showed DDR-EFEUCB to outperform existing baselines in

ergodic capacity, regret, and power efficiency. These results underscore the robustness of the

proposed learning framework under real-world dynamics. The next step involves implement-

ing DDR-EFEUCB on embedded platforms to evaluate its latency and energy performance in

practical deployments.

7.2 Future Work

While the current work advances the state of the art in learning-based RIS optimization, several

promising research directions remain open:

• Joint Optimization with Beamforming: Integrating RIS configuration with active beam-

forming strategies at the transmitter and receiver could unlock synergistic performance

gains. Such joint design is particularly valuable in massive MIMO and coordinated mul-

tipoint (CoMP) networks, where spatial diversity and directionality can be exploited for

both energy and spectral efficiency.

• Contextual and Structured Bandits: Future research should incorporate side informa-

tion (context) such as user location, channel statistics, or quality-of-service constraints

into the decision-making process. Structured bandits can further exploit correlations

among arms to improve sample efficiency, making the system responsive to heteroge-

neous environments.

• Hardware-in-the-Loop Prototyping: A critical step for real-world adoption involves

evaluating the proposed algorithms on hardware-in-the-loop testbeds with real channel

emulation. FPGA, SoC, and mixed-signal platforms should be explored to benchmark

latency, power, and scalability. Such platforms could validate RIS optimization under

realistic feedback, noise, and propagation delays.

• Multi-Agent Learning in Cooperative RIS Networks: As RIS deployment becomes

dense, future systems will likely feature multiple RIS panels managed by decentralized
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controllers. Cooperative and federated learning approaches could be employed to coordi-

nate RIS behaviors under communication constraints and partial observability.

• RIS in ISAC (Integrated Sensing and Communication): Future networks aim to unify

communication and sensing functionalities. Extending MAB-based RIS optimization to

also enhance sensing metrics (e.g., radar cross-section, angular resolution) introduces a

new class of multi-objective bandit problems with potential for military, vehicular, and

smart infrastructure use-cases.

This thesis thus contributes a comprehensive suite of algorithms, analysis, and implemen-

tations for learning-based RIS optimization. It sets the stage for a new generation of intelligent

and adaptive wireless systems capable of meeting the demands of 6G and beyond.
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