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[: Input: Budget 7’

2: initialize Sy < |n|

3: for r=0to [log,n| — 1 do

4:  select a set 7, of t, reference points uniformly at random
without replacement from |n| where

tr =41V d A
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Problem Formulation Theorem Statement
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* Notation: d(xl,x]) — d(x;, x;) is op;—subgaussian
* Theorem: corrSH identifies the medoid within T distance
computations with probability at least
T . -AQ’I:) _
L= Jdlognexp 1602 logn > T z'p%z.)
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* High dimensional generalization of median
 Unlike mean, medoid is inside dataset
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For each 7 € S, set 9,5')) = ti Z;je;f,. d(-“l“-z'-. -"If;j)
if £, = n then
Output arm in S, with the smallest 95')
else .
Let S, be the set of [|S,|/2] arms in .S, with the smallest 91( K
end if
. end for
. return arm in Syiog, ]

Computation = Estimation: Bandits!

* Estimate 6; via random sampling
i{d(z;,x5)} = 0; J ~ Unif(|n])
* RAND: estimate each 8; to same degree of accuracy
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Big Picture
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 Medoid Bandit (Med-dit): sample adaptively (UCB) [1]
 Can we do better than UCB?
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Simulation Results
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* Can overcome via correlating our sampling 4 |- --» - | $ | can yield massive gains
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» Sample rows of D, D; ; = d(x-, xl.) g o : | A | Similar approach can work for k-NN
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* Needto prove 0; < 6, . Number of Pulls needed Number of Pulls needed
* Control §,-6, instead of 6;, 6, . . .
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