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Leveraged volume sampling

Volume sampling
Jointly choose set S of k ≥ d indices s.t.
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ŵ(S) = argmin
w

∑
i∈S

1

`i

(
x>
i w − yi

)2
New Theorem For k = O(d log d + d/ε)

E
[
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New volume sampling algorithm

Determinantal rejection sampling trick
repeat

Sample i1, . . . , is i.i.d. ∼ (`1, . . . , `n)

Sample Accept ∼ Bernoulli

[
det (

∑s
t=1

1
`it

xit x
>
it
)

det(X>X)

]
until Accept = true

preprocessing O(nd2)︸ ︷︷ ︸
improvable to Õ(nd+poly(d))

+ sampling O(d4)︸ ︷︷ ︸
no dependence on n

Experiments – 7 datasets from Libsvm

Check out poster #151
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