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The BOBW guarantee of HT-INF [Huang et al., 22] requires the following “Truncated
Non-negative Losses” (TNL) assumption (with 1] - | denoting the indicator function):

_Lﬂt.*NPt.*[ft,i* ’ 1[‘ft,i*‘ > M]] Z O,VM> O, [ € [T] .

Without TNL, there is NO 3 with optimal regret even solely for the adv. regime

Handling heavy tails without TNL would further allow us to enjoy:

1. The first optimal regret in the adv. regime when observed losses are
contaminated by the Huber model

2. The first BOBW regret when losses are protected under pure Local
Differential Privacy (LDP)



Key Question

In heavy-tailed MAB, are there any fundamental barriers to the worst-case
optimal regret in the adversarial regime and the BOBW guarantee?
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Concluding Remarks

1. In heavy-tailed MAB, we achieve the first optimal adv. guarantee and the first
BOBW guarantee without TNL assumption

2. By relaxing TNL, we also achieve the first optimal adv. guarantee in the
Huber contamination model and the first BOBW guarantee under pure LDP

3. All the guarantees above hold with high probability, and hence have the
potential to handle adaptive adversaries &




