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Advantage: can avoid obstacles

> Q Disadvantage: Relaying with RIS weaken the strength of waves « Combinatorial Online Prediction with non-linear rewards
'ﬁﬂj‘b I\ t W - j due to distance, weather, moving obstacles and etc.  Different from standard Online shortest (longest)
Want to find a path optimizing the strength of received signal to user pCl'l'h prOblem with additive rewards
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Our Results-Sample Complexity for M > 1
Example: Medicine Treating Multiple Diseases

Intuition: Treat overweight (effect A) and
type 2 diabetes (effect B) simultaneously. Setting Find one good arm Find all good arms
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Requirements:

i ici = (m) _ dg*= —EforM =1
\ E3 X — : Which medicine should be g* = max mm (M S ) and g% = fip, — ¢ :
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Background: What is "worst-class error"? Visualization of boundaries OExEF
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\samples  samples samples ) confusion matrix worst-class errol : Gan vector All results are averaged over 5000 repetations.
. . . . . Forpeach i € [K], let We consider two variables — § and .
B Even if the average error is low, one class might still have a very high
error (above case average error is 15%)

g = g(u) = max {& — u", & — u®, ..., &y — u™Y.
MW Worst-class error tends to be high in class-imbalanced data Test Avg. err: 23.4% Test Avg. err: 23.9%
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