Image classification with Scattering
and Dictionary learning

* https://arxiv.org/abs/1910.03561

*J. Zarka, L. Thiry, T. Angles, S. Mallat

* Pytorch code soon published on
https://github.com/kymatio/kymatio


https://arxiv.org/abs/1910.03561

Digits classification

* MNIST database
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* Invariance to translations, stability to deformations
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Stability to geometric
transformations

_>

€L ij ) subsampling |

Convolution with Gaussian kernel ¢ :

- stable to geometric deformations
- dimensionality reduction via subsampling
- lots of details are lost



Preserving signal information

Recover information lost in averaging
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Stability to geometric transformations
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Scattering transform

Mallat (2011), Mallat, Bruna (2012)
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Scattering vs Deep ConvNets
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Scattering vs Deep ConvNets

CIFAR-10
322 object images 84.7 % 89.1 % 95.5 %

10 classes
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Scattering vs Deep ConvNets

ImageNet
2242 object images 61.4 % 79.1 % 94.2 %

1000 classes
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First layer learned filters

AlexNet

Krizhevsky et al. 2012
79.1 % top5 accuracy
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image

- skip connections
- up to 152 convolutional Iayers
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First layer learned filters

3x3 conv, 128

ResNet

He et al. 2016
94.2 % top5 accuracy
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Scattering : ImageNet classification

2 :
224x224x3 g 04800 4096 4096 5
14x14x1561: - . . 1000
16x16x3 | Scattering reshape Linear fc | Linear fc
transform — 7 1p M RelU RelLU — — Linear fc :
1x1x1561 : Dropout 0.3 Dropout 0.3 :
x Sx 5 ) _

- Scattering transform has 16x16 receptive field
- Same MLP Classifier as AlexNet
- 38.1 % topl, 61.5 % top5S



Research directions

What are in the convolutional layers of a Deep
Networks ?

- Visualizing and Understanding Convolutional
Networks, zeiler, Fergus 2014

What's needed to fill the gap between Scattering
and DeepNets ?

- Scaling the Scattering Transform: Deep Hybrid
Networks, Oyallon et al. 2017



Shared Local Encoder

Oyallon et al. (2017)

224x224x%x3
| 14x14x1561 14x14x1024 4096 4096 . 1000
Scattering Conv 1x1 | Linear fc Linear fc
T transform , — > BatchNorm — RelLU | ReLU — Linearfc
RelU .| Dropout 0.3 Dropout 0.3
- _ I ! Y
T Sﬂj ~~ :
3 layers Multi-layer perceptron (MLP) Classifier. ... .

- Scattering transform
- 3 layers 1x1 convolution with ReLU and BatchNorm
- MLP Classifier

Performance on Imagenet 2012 :
- 57.8 % topl
- 79.6 % topS



|, sparse coding of Scattering

224x224x3 .
e 14x14x1561 14x14x1024 . i : 1000
7 Scattering | Conv 1x1 Linear fc Linear fc
T transform BatchNorm : RelLU RelU eI ———
RelLU ;| Dropout 0.3 Dropout 0.3
i & i Yy
3 layers . Multi-layer perceptron (MLP) Classifier
]L:[S:L’gjo +b
o M - +b
Conv 1x1 —
o) Conviyx1(Sx)

Non negative sparse coding of Scattering

-(D; A, Sz) = argmin L{a), L(a) = [[Da - Szl|3 + Al

ISTA-like algorithm

- 1 1 A
an+1 = ReLLU ((Id LD D)oszrLD Sx L)



Supervised dictionary learning + LISTA

Mairal et al. (2008), Gregor and Lecun (2011)

SDL

min C (y, f(a, Sz,0)) + Ao[[ Do — Szll5 + A lerlly

LISTA

ap =0, apt1 =sty,,, (VSz+Wa,),n=0...N -1

Performance

64% topl, 86% top5

|11 Convergence




Task Driven dictionary learning + ISTC

Mairal et al. (2011), ours

TDDL
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Theorem

- s support size of ax

= max (D, Dy )

m=z=m’
If sy < 1/2 and 2spu <y <1:
lom — a0 < K"



Scattering + ISTC classification

Architecture

ISTC & 1
| Scattering _ ; y ISTC & S e
transform —‘ et "~ 11 sparse coding ' : Classifier —
z Sz LSx stcpa P Y

ap =0, api1 = sty ((Id—W'D)ay, + W'Sx), (W, D) =1

Results

|, algo ISTC & ISTC Da ALISTA
Top 1 58.0 55.4 61.9
Top 5 80.9 78.3 84.3




Convergence analysis

ISTC ALISTA
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Comments

* Improvement of 20% over Scattering alone

* Large factor A, reconstruction error ||Sz — Dal|/||Sz|| = 0.5

* Hard to reconstruct the original image from «

* Classification works with the reconstruction Da
55 % topl, 78 % top5

* Atoms D,,, are in Scattering space, can not be
visualised like usual dictionary atoms

* ISTC can be replaced by FISTA (requires
classifier retraining)

* Still far from ResNet performance

- what’s in LISTA with SDL ?




Questions ?
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