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4. The learner uses the feedback to update her policy
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Online Learning with Switching Costs

Forroundtr=1,..., T :

1. The learner chooses (or plays) one of the K actions, denoted by X,

2. The learner suffers the loss of the chosen action, which is determined by
the (oblivious)  The learner additionally suffers one unit of loss

(i.e., switching cost) if X, # X

3. The learner receives some feedback associated with the losses at this
round

4. The learner uses the feedback to update her policy
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A Strong Separation with Switching Costs

Minimax regret (with switching costs)

feedback: @(\/ T In K) [Geulen et al., 10] [Devroye et al., 10]

feedback: @(TZ/BKI/S) [Arora et al., 12] [Dekel et al., 13]

Minimax ~ 2/3 ? 1/2
Regret ®(T ) ®(T )
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Feedback: Bandit + By losses in total

Minimax Regret
A

Extra Beox =0 Box = (K T
Observations (Bandit) (FuII information) 0(T??® @
Minimax 2/3 ? 1/2
Regret ®(T ) @(T ) ?
O(VT) O
/\ 0 >
0 (K—-1)T

Key Question:
How do extra observations help
improve the regret in general?
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Minimax Regret
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Extra observations do not help 0 O(KY*T??) (K — DT
until the amount is large enough




An Interesting Phase Transition

Extra B.. =0 _ 23 -1/3 _ 23131 Bex = (K—1)T
(Iggndit) Bex = O(T7"K )| Bex = Q(I77K™) (F%)I(I-information)

’(;)’(TZ/B)
I\/I;iggreelx (:)(T2/3) (:)(TZB) @(T/\/B_ex) @(TI/Z)

Lower bound: Multi-scale random walk [pekel et a1, 13]
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An Interesting Phase Transition

- - 0 - K- DT Minimax Regret
Xtra = _ 2/3 1-1/3 _ 2/3 1-1/3 = (K —
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Upper bound: Instructive to study a different setup (to be introduced)
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Feedback: Bandit + 554 B losses in total
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Learning under Total Observation Budget

Feedback: Bandit + 554 B losses in total

B € [K,KT]

Total Observations
Without With

Switching Costs | Switching Costs

Key Questions:
[s:il(if Qf)m b 1.Is this lower bound tight with
~ - switching costs?
B 2.What is the best upper bound
[Seldin et al., 14] ; we can achieve?
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The Same Minimax Regret Rate

B € |K,KT]

Total Observations
Without With

Switching Costs | Switching Costs

Lower Bound Q(T/\/B) Q(T/\/B)

Upper Bound O(T/+/B) O(T/+/B)

Adding switching costs does not
Minimax Regret (:)(T/\/E) (:)(T/\/EB <_increase the minimax regret rate
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Minimax Regret
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Minimax Regret
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