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Reveal that 4 existing
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can be reduced to MIL
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Motivation
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A-RIS path planning optimization is highlighted to maximize the
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Hence, we leverage
= Perturbed history exploration (PHE) [1]
* Mini- max optimal Thompson sampling (MOTS) [2]
In particular, both algorithms are improved versions from the famous UCB and
TS algorithms, respectively.

Overview of our results
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(a) Mean Rate.

(b) Energy Efficiency.
Exa m |e Mean rate and energy efficiency against distinct hotspots number spread within 16
p Km2 simulation area and 64 RIS antenna elements.
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