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THE GAME: LEARNER vs ADVERSARY
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“Brake arbitrarily any problematic comparisons.
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W.r.t.Rule, P1 early bets are almost costless!
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BOB question: A learner performing optimally in " R oramer o, i FOR" Rt g FORY

both the stochastic and adversarial cases while eanv(g)(n) = O [ exp Tog (K H 06 08
not being aware of the nature of the rewards 7 08 UNIF(g) o5-

o
£
1 1

O
o

Why is the BOB question challenging?
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Empirical behavior in the figures mimics the

Pull uniformly for too long and incur a large _ s
~ behavior of the complexities in the table.

variance of order K in Gy ;.
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