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Abstract—This paper delves into the application of Deep
Reinforcement Learning (DRL) for Reconfigurable Intelligent
Surfaces (RISs) to enhance wireless networks capabilities. RIS
uses beamforming to reflect signals and is instrumental in
improving network efficiency and service quality in B5G and 6G
networks. Although DRL provides real-time adaptability, it also
may introduce security risks due to the lack of explainability in
deep learning models. Our current research focuses on developing
a simulation environment to rigorously test the robustness of DRL
models against attacks such as eavesdropping. By analyzing these
vulnerabilities, we aim to develop more resilient DRL models
and effective mitigation strategies. This work is foundational
for future research on the security of DRL-driven RIS, paving
the way for more capable, secure, and robust communication
networks.

Index Terms—Reconfigurable Intelligent Surface, Deep Rein-
forcement Learning, Cybersecurity, BSG & 6G networks

I. INTRODUCTION

Reconfigurable Intelligent Surface (RIS) is a new technology
aimed at improving wireless communications both in terms
of capacity and coverage [10]. These innovative devices are
composed of arrays of low-cost reconfigurable elements that
can dynamically alter the wireless propagation environment
by reflecting signals in a controlled and precise manner. Us-
ing advanced beamforming techniques, RIS can significantly
improve signal precision, thus improving overall network effi-
ciency and reliability [6]. This capability makes RIS a pivotal
component in the ongoing evolution toward B5G (Beyond 5G)
and 6G networks, where the demand for higher data rates,
lower latency and seamless connectivity is ever increasing.
Figure 1 illustrates how RISs will be integrated into the B5G
and 6G infrastructure.

RIS technology offers a multitude of advantages that ad-
dress the challenges facing current wireless networks [6]. By
optimizing signal paths and mitigating interference, RIS can
substantially reduce energy consumption. Moreover, their abil-
ity to adapt to dynamic network conditions in real time allows
to provide superior quality of service, even in complex and
congested environments [6]. This adaptability is particularly
crucial as the number of connected devices continues to grow
exponentially, driven by the Internet of Things (IoT) and other
emerging technologies.
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Fig. 1: General usage framework for RIS in B5SG and 6G
networks

II. THE ROLE OF REINFORCEMENT LEARNING IN RIS

Recent advancements in Artificial Intelligence (Al), particu-
larly in Reinforcement Learning (RL) [13], have shown great
potential in optimizing RIS performance [7]. RL models,
including Deep Reinforcement Learning (DRL), are highly
effective in adapting to dynamic network conditions in real
time by continuously interacting with the environment to learn
optimal policies. This adaptability is crucial for managing the
complex and time-varying nature of wireless networks, where
signal paths and interference patterns change unpredictably.
By utilizing DRL techniques and advanced architectures such
as Deep Deterministic Policy Gradient (DDPG) [9], Twin
Delayed DDPG (TD3) [5] or Proximal Policy Optimization
(PPO) [12], RIS can intelligently adjust beamforming strate-
gies to enhance signal quality and reduce interference. Further-
more, these models can operate with minimal computational
overhead during inference, making them well-suited for real-
time deployment on Field Programmable Gate Array (FPGA)
to handle dynamic wireless environments.

The integration of RL into RIS also offers significant advan-
tages in terms of scalability [11]. The ability to embed these
models into constrained physical components, such as the
individual elements of a RIS, allows for efficient deployment
across large-scale networks. This scalability is essential for fu-
ture network infrastructures, where adaptability and efficiency
are paramount. As networks become more densely populated
with devices and users, the need for intelligent real-time
optimization becomes increasingly important. RL provides a
powerful framework for achieving this optimization, making



it an attractive solution for next-generation wireless networks.

However, RL integration into RIS also presents new security
challenges that must be addressed. Deep learning models,
which underpin many RL algorithms, are often criticized for
their lack of explainability [14]. The black-box nature of
deep learning models makes it difficult to understand the
decision-making processes of these models, creating potential
vulnerabilities that can be exploited by malicious actors. For
example, adversaries could manipulate the environment in
ways that cause the RL model to make suboptimal decisions,
leading to degraded network performance or even security
breaches [8]. Therefore, it is crucial to conduct thorough
studies to identify and mitigate these vulnerabilities, ensuring
the robustness of RL-driven RIS.

III. RESEARCH DIRECTIONS

Our research is focused on the following key areas to address
the aforementioned challenges and opportunities:

1) Simulation Environment Development — We are
developing a comprehensive Python-based simulation
environment, inspired by the research of Peng et al. [11],
for full-duplex communications between a base station
(BS) and users via a RIS. This environment will include
the presence of eavesdroppers, allowing us to simulate
real-world scenarios and test the robustness of DRL
models under various conditions. The development of
this environment is a critical first step in our research, as
it provides a controlled setting for experimentation and
validation. By simulating different network conditions
and attack scenarios, we can better understand the
strengths and weaknesses of DRL-driven RIS.

2) Attack Schemes and Vulnerability Analysis — To
evaluate the robustness of our RL model, we will
explore various attack schemes that manipulate the
environment. Eavesdroppers, assumed to be entirely
passive, will employ mobility patterns to disrupt the RIS.
They may also use intelligent positioning strategies,
using their own RL or Multi-Agent Reinforcement
Learning (MARL) algorithms [1] to maximize their
impact. By understanding these attack vectors, we can
develop more resilient DRL models to operate the RIS.
This involves analyzing how different attack strategies
affect the performance and security of the RIS and
developing countermeasures to mitigate these risks.

3) Defense Mechanisms and Mitigation Techniques
— To address the vulnerabilities identified in the Al
controller of the RIS, we will develop and implement
robust defense mechanisms. This includes redesigning
the reward mechanism of the DRL agent to better align
with the goals of ensuring both safety and optimal
performance for each user. Additionally, we will
explore architectural enhancements, such as integrating
RNNs or LSTMs, to enhance reliability. We will

also employ adversarial training with a second Al
agent designed to identify and exploit vulnerabilities.
Curriculum Learning (CL) [2] [3] for RL is another
promising approach to reduce training time by gradually
introducing more complex scenarios. Furthermore, we
will refine the simulation environment and address
specific attack schemes targeting the AI model, such
as environment poisoning (altering the environment
from the Al system’s perspective) and reward poisoning.

4) Findings — To ensure the rigor and reliability of our
findings, we propose to conduct a thorough statistical
analysis of the results obtained from our simulations
and experiments. We would employ methods such as
those described in [4]. This approach could potentially
allow us to make meaningful comparisons between
different RL algorithms and evaluate their performance
under various conditions. By applying robust statistical
techniques, we aim to draw valid conclusions about
the effectiveness and resilience of DRL models in
RIS, potentially providing a solid foundation for future
research and practical implementations.

5) Transitioning to Real Testbeds — After successfully
achieving reliable results from our simulations, our next
objective is to test our system in real-world conditions
using prototypical RIS developed for the PEPR Future
Network project. This transition to physical testbeds
is crucial for validating our theoretical findings and
ensuring the practical viability of our solutions. We will
proceed with this phase of testing as soon as these sys-
tems, which are currently under development, become
available. It is important to note that RIS technology is
still in its nascent stages.

IV. CONCLUSION

The purpose of our research is to investigate the potential
vulnerabilities of the RL systems used to operate RIS. By
exploring these attack vectors and their consequences, we aim
to contribute to the development of more secure and robust
communication networks. Our work lays the foundation
for future research in this area, paving the way for more
resilient and adaptive use of DRL to operate RIS. As wireless
networks continue to evolve, it will be crucial to ensure the
security and efficiency of RIS will be crucial to realize the
full potential of these advanced technologies.
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