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Layer Optimization Problem Formulation | \_ 2. Nonstationary Spectrum sharing among coexisted mobile users (e.g., mobile robot, human

-------------------------------------------------- operators) and stationary users (e.g., fixed machinery, etc.).

Reconfigurable
Intelligent Surface

Technical Objectives
1. Formulate a hardware-driven cross-layer
optimization problem for RIS-enhanced wireless

3. Develop distributed computational
efficient learning mechanism to reduce
the network risk during learning

3. Dynamic security requirement for control and automations units in distributed industrial
environment

network with hardware constraints
Driving application Optimal, Secured, and Dynamic Wireless Network for Industrial 4.0
A key issue is how to balance optimality, security, time-efficiency in wireless network

management that can be used for industrial 4.0 even under dynamic and uncertain industrial
environment?

4. Develop and experimentally characterize
various RIS implementation for wireless
networks.

2. Design data-enabled learning algorithm to solve
the formulated cross-layer optimization problem

Technical Approach and Results ' Dynamic resource allocation for RIS-aided MIMO ||
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Dynamic resource allocation optimization (A Distributed learning based intelligent resource
causal RL approach) allocation for multi-RIS-assisted MANET (A multi-

player multi-armed bandit approach)

RIS Hardware development and wireless system
1 | wireless network with hardware limitations (A barrier testbed

function approach)
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problem for UAV-assisted RIS-aid handle distributed intelligent resource allocation. Then, resource allocation for RIS-aided MIMO wireless network employed to reconfigure the phase states, and a phase

wireless network. use TD3 learning algorithm to solve multi-player MAB. with RIS hardware limitations. difference of is observed over the frequency range of 4.81

N o . R — —5.77 GHz, a 19.2% fractional bandwdith.
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Goal: Design a wideband binary RIS surface at Sub-6
band, and use it for RIS-assisted wireless communication
system test.
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