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Non-stationary regrets

Focus on switching regret:

-
R(T,S) = ul;r:;?i);(ﬂgs R(T,u1.7), where S(uy.7) =1+ Z Hu; # ui_q}

t=2
Example: u,
= + + + t
0 2 4 6 8 T=10

Reduction to adaptive regret:

p,q€E[T] ucd

q
R(B, T)= max max» E[fi(x:) - fi(u)].
0<q—p<B t=p
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ExO: choose surrogate loss
and exploratory distribution
by optimizing worst-case

clipping: to bi_as—variance tradeoff
enforce exploration [Lat? and Gyorgy, 2021]
) 7
Aleorithm clipped Exploration by Tilted-EW Average with
& Optimization (cExO) Sleeping Experts (TEWA-SE)
1 3
G I GC dS«Ta
eneral convex (GC) N VdSiTa
Strongly convex (SC) dv'ST

® Conceptual design
Features ® Minimax-optimal in S, T
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® Adaptive to curvature «
® Not poly-time computable ® Poly-time
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Sleeping experts (full-information)

fort=1,2,..., T do
Let {Ei,..., En} be the active experts at t with E; = Ei(/;).
fori=1,2,...,n: do
Expert E; outputs action x; .
end for

Play action using exponential-weights (EW):
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fori=1,2,...,n do
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Increment cumulative loss Ly, = Le—1,;, + fe(Xe,)
end for
end for

[Daniely et al., 2015, Jun et al., 2017, Zhang et al., 2018b]
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Corollary
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Underline: minimax-optimal rates.
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[Liu et al., 2025]

® Links to coin betting:

® Coin-betting with KT potential yields optimal parameter-free R{( T, S) for OCO
[Jun et al., 2017, Orabona and Pal, 2016]
® TEWA as a coin-betting scheme with the log-sum-exp potential for BCO
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e Conceptual desien ® Adaptive to curvature «
? .cep ue .e5|g . ® Optimal in S, T for SC losses
Features ® Minimax-optimal in S, T )
. ® Poly-time
® Not poly-time computable .

Natural betting interpretation

Future directions: Towards minimax-optimal, efficient, parameter-free algorithms.
® Combine TEWA-SE with coin betting [Jun et al., 2017]?

® | everage second-order information like online Newton methods from
[Fokkema et al., 2024, Suggala et al., 2024] that achieve state-of-the-art v/ T static regrets?
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