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w;(t) oc exp {—n(t)L;(t —1)}.

For n(t) = 1) constant in t, this looks like Bayes rule for a parameter in [IV]
e with a flat prior, and
e model likelihood exp{—n/;(t)} for the t-th observation under parameter i.

Variational Formulation

. 1 .
w(t) = rgmin (<W, L(t—1)) + O Umf([/v])))

Gibbs Posterior
1
#¢(0) = arg min (EgNﬁL(;(t 1)+ ——KL(#| 7r)>

FEM(O) n(t)

7e(6) o< w(0) exp{—n(t)Ly(t — 1)}
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Recall:
e Ny is the number of of effective experts,
e /g is the effective stochastic gap.

Theorem BNR20
If the player has oracle knowledge of Ny > 1, taking ¢ o< \/log (Np) gives

ER(T) < /Tiog N + 8N
~ 0" (log No)Ay”

In all three cases, we interpret terms involving...
e T: long run regret accumulation after adapting

e (log N, Ap): adversarial regret over adaptation period of duration O ((log N)Z)
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Three Key Insights:

1. From our oracle Hedge bound, we want a learning rate o< /(log Np)/t.
2. The regret of Hedge closely depends on the entropy of the weights:

H(w) =~ w;log(w).

i€[N]

3. Worst-case adversary forces weights to concentrate to Unif(Zp), so

H(w) = log Ny.

What if we could have our learning rate at time t, n(t), look like
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= [ndexed by time-homogeneous convex constraints on the environment.
= Interpolate between the pure stochastic and adversarial settings.
= Data that we want to predict won't be purely adversarial or stochastic.
= We want to know that we do well in intermediate scenarios as well.

2. Characterized the difficulty of learning along the spectrum using Ny and A,.
= Defined what it means to be adaptively minimax optimal along the spectrum.

3. Derived regret bounds for Hedge along spectrum from |.1.D. to adversarial.
= In terms of the constraint D via explicit dependence on (No, Ao).
= Requires oracle knowledge to get minimax optimal dependence on T and Np.

= Therefore Hedge is not adaptively minimax optimal.

4. Provided a new algorithm, Meta-CARE, and corresponding regret bounds.
= Adapts optimally to our full spectrum of relaxations of the I.I.D. assumption.

= _._.without using oracle knowledge of Np.
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