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“One-way” kernel puncturing: Improving over subsampling
ü Setting: X = [x1, . . . ,xn], Rp 3 xi ∼ N (±µ, Ip), p, n→∞, p/n→ c0

→ kernel matrix K = 1
p

XTX ∈ Rn×n

→ data subsampling Kss ∈ Rnε×nε

→ kernel puncturing
Kε ≡ K�B with Bij ∼ Bern(ε) i.i.d.

ü Spectral clustering phase transition: (c0 = 0.01),
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“Two-way” kernel puncturing: Trading off storage and complexity
ü Puncturing in sample vs. in kernel: (reminder xi ∼ N (±µ, Ip))

KεS ,εB =
1
p

{
(X� S)T(X� S)

}
�B (Sij ∼ Bern(εS), Bij ∼ Bern(εB))

ü Asymptotic clustering error Pe: as n, p→∞, p/n→ c0, εS , εB � 1,

Pe = Q
(√

ζ/(1− ζ)
)

+O(n−1), ζ = 1−
c0

‖µ‖4ε2
SεB

.
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“Two-way” kernel puncturing: From theory to practice!

ü BigGAN images (‘tabby’ vs ‘collie’): VGG features, p = 4 096, n = 2 500 (left),
n = 10 000 (right)
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“Two-way” kernel puncturing: From theory to practice!
ü MNIST-fashion (‘trouser’ vs ‘pullover’): p = 784, n = 512 (left), n = 2048
(right)
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