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How should seller
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lots of recent work]
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Stochastic framework:
Ut i.0.d.

Elve] = v (unknown)

Adversarial framework:

no assumption on vy
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Bound pseudo regret:
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just need to learn v!
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Theorem:

UCBID yields a pseudo regret bound of
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Margin condition [Tsybakov]:

u{(v,v+u]} < Cu® Yu >0
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[Upper Contidence Bid] Vi > 0

Theorem:

It m: ~ p i.i.d. and p satisties margin condition, then
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Lower bound:
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|dea: Maintain a series of nested partitions of |0, 1].

0 T 1
| i i i i o— i I

w1 Wy Wi
past bids M

of adversary

| | | | | |
W | | | | wz |w2,| | Wy

wy + w, = wy, proportional to lengths
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Play variant of EXP3 on intervals, reassigning weights with
each split.
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Theorem:
EXPTREE yields a pseudo-regret bound of

Rr < 4+/Tlog(1/A°)

where A° is width of interval containing best fixed bid.

s dependence on A° necessary? Yes.

Lower bound:

Rr > o /Tllog,(1/287)



Further Questions

e \What are the effect of covariates”?

e Are better bounds available for well behaved
adversaries?



Upper bound Lower bound

Stochastic O(logT/A AN +/TlogT)
With margin condition O(Tl_Ta logHTa (7)) QT =)
Adversarial O(1/T log(1/A°)) Q(+/Tlog(1/A°))




