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Absolute loss: Minimax regret is⇥(
p

T logK )
[Cesa-Bianchi et al., 1997]



Mixable losses break lower bound
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    -Mixability
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     -Mixability             -Stochastic Mixability

DEFINITION

A problem                is   -stochastically mixable if (`,F , P) !

there is some              such that for all distributions     over     :f ! 2 F F⇡

E(X ,Y )! P `
�
(X ,Y ), f " �  E(X ,Y )! P �
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⌘
log Ef ! ! e# " !

�
(X ,Y ),f

�

E(X ,Y )! P !⌘-mix
�
(X ,Y ), ⇡

�

! !

[Van Erven et al.]
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Cramér-Chernoff

S = average of iid negative excess losses
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The worst distribution

Among all distributions on            with mean[! 1, 1] ! µ

what is the largest that            can be?! ( ! !

2 )

and whose CGF satisÞes                 ,! (! ! ) = 0

subject to

EP e! ! Z = 1

sup
P ([ ! 1,1])

EP e
! !

2 Z

EP Z = ! µ
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Stochastic mixability concentration
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Stochastic mixability concentration
sup
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The danger of non-unique minimizers

For some n and some target       approaching          as
ERM learns at a slow rate for p-losses

fBayes

f !
1

f !
2

F

f (n) fBayes n ! "

[Mendelson]



Conclusions

¥ We strengthened the already strong connection between 
mixability and stochastic mixability.

¥ Stochastic mixability implies fast rates for ERM, analogous to how 
mixability implies constant regret in prediction with expert 
advice.

¥ New insights into the fast rates phenomenon through geometry 
and duality
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Connections to other conditions

Margin condition

MassartÕs noise condition

Bernstein conditionStochastic mixability
bounded losses

BERNSTEIN IS 2-SIDED,
STOCHASTIC MIXABILITY IS 1-SIDED!

Ee! ! ( f ! f ! ) ! 1 E(f ! f ! )2 " cE(f ! f ! )!

f ! = f Bayes ! F

! = 1

[GrŸnwald, Van Erven, Reid, Williamson]

! = 1


