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@ Kernels are data-driven
@ Key ingredient: whitening.
@ No (published) results on ImageNet.

Contributions

@ Simple convolutional kernel method: K-nearest-neighbors encoding,
Mahanalobis distance, linear kernel.

@ Comparable accuracies on CIFAR-10 with shallow classifier.

@ Scalable to ImageNet: S.O.T.A. as non-learned visual representation.
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Convolutional kernel methods
X,y images.
Kio,x(x,y) = k(®xLxx, PxLxy)
Ingredients:
@ Training data

X
@ Shift and rescale (e.g. whitening) operator
Ly

@ Representation
by

@ Predefined (e.g. Linear, Gaussian, Neural Tangent) kernel
k(x,y)
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» L: whitening of patches
» &: shrinked convolutions with random patches of X’
» k: linear kernel

@ Enhanced convolutional NTK (Li et al., 2019): 88.9 %

» [ and ®: same as random features
» k: Neural Tangent kernel (NTK)

o Neural Kernels Without Tangents (Shankar et al., 2020): 89.8 %

» L: whitening of the image
» k: Custom Neural Kernel

2 Convolutional kernel methods 6 /16



Plan

© Our method

3 Our method 7/ 16



Our method

Dictionary D Dictionary D l{(*])r‘(*m‘nlg\‘i()n
B B (x)

..I.. vt W [T 1] -
||=|I_||=— patch 2 . _ l»ml\_

Spatial
Average pooling

input

.... Sple e e I _ I
in overlapping 1>\Hlxv~

Find Q—nu;u‘ost neighbours

per patch

3 Our method



Our method

Dictionary D Dictionary 1D l{(*])l'(*m‘nl{\‘i()n
input N o (,)
’ [ | [ ]
.. - pucit [l [T 1 1] v [l

>il®s W p . m

.... Sple e e I _ [ |
in overlapping 1>\Hhv~

Find Q—vm;u'('st neighbours

Spatial
Average pooling

per patch

@ x: image viewed as a collection of overlapping patches.

3 Our method



Our method

Dictionary D
input
B
EEEE vt W [T 1]
EEEN » |||=|=||=. v B ] _
[ [ [ [] :

Split the imag
EEEE e e _
in overlapping patches
T
Find @-nearest neighbours

per patch

Dictionary 1D

patch 1 .
pm]\_

Average pooling

@ x: image viewed as a collection of overlapping patches.

@ L: whitening operator

L:x— (Z4+ M) x—p)
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Our method
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@ x: image viewed as a collection of overlapping patches.
@ L: whitening operator

L:x— (Z4+ M) x—p)

@ ®: K-nearest-neighbor encoding in a dictionary D of randomly
selected whitened patches.
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Our method
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@ x: image viewed as a collection of overlapping patches.
@ L: whitening operator

L:x— (Z4+ M) x—p)

@ ®: K-nearest-neighbor encoding in a dictionary D of randomly
selected whitened patches.

@ k(x,y): linear kernel.
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CIFAR-10 Dictionary
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First layer of AlexNet
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CIFAR-10

Linear classification

Method D]  VQ Online P Acc.

Coates et al. (2011) 1k v X 6 68.6
Wavelets (Oyallon et al. 2015) - X X 8 822
Recht et al. (2019) 02M X X 6 85.6
SimplePatch (Ours) 10k v v 6 856
SimplePatch (Ours) 60k X v 6 86.9
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Recht et al. (2019) 02M X X 6 85.6
SimplePatch (Ours) 10k Vv v 6 856
SimplePatch (Ours) 60k X v 6 86.9
Non-linear classification
Method VQ Depth Classifier Acc.
SimplePatch (Ours) v 2 1-hidden-layer ~ 88.5
AlexNet (Krizhevsky et al. 2012)  x 5 e2e 89.1
NK (Shankar et al. 2020) X 5 kernel 89.8
CKN (Mairal et al. 2016) X 9 kernel 89.8
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ImageNet

Linear classification

Method /D] VQ P Depth Res. Topl Topb
Random CNN - X - 9 224 189 -
Zarka et al. (19) - x 32 2 224 261 447
Ours 2k v 12 1 128 359 574
Ours 2k x 12 1 128 36.0 57.6
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ImageNet

Linear classification

Method /D] VQ P Depth Res. Topl Topb
Random CNN - X - 9 224 18.9 -
Zarka et al. (19) -  x 32 2 224 261 447
Ours 2k v 12 1 128 35.9 57.4
Ours 2k X 12 1 128 36.0 57.6

Non-linear classification
Method VQ P Depth Res. Classif. Topl Top5

Belilov. al. (18) x - 2 224 e2e - 44
Ours v b6 2 64 1-layer 394 62.1
Brendel al. (19) x 9 50 224  e2e ~ 700
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Ablation Study

Train accuracies in blue, test accuracies in red.
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