Shape or Texture: Understanding Discriminative
Features in CNNs
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Motivation

Geirhosetal. (ICLR 2019)

Texture Image Shape Texture-Shape Cue Conflict

ResNet50  81.4% Indian elephant 71.1% Tabby cat ¢ 63 9% Indian elephant )

~_——_

)e-Biased ResNet50 ) 53.2% Tabby cat 50.6% Tabby cat



Motivation

Class Label: Bird

Stylized Image

“Shape biased models make predictions based on the object’s shape”
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Class Label: Bird

Motivation

Stylized Image

Segmentation GT

‘Shape’

‘Semantic’

“Shape biased models make predictions based on the object’s shape”

How much shape information do CNNs encode?




Problem:

Lack of metrics for shape and texture information!

Network Dissection
Bauetal. (CVPR 2017)

Based on semantic segmentation ground truth

!

‘Shape’ segmentation maps do not exist
Unable to measure shape neurons

Shape Bias
Geirhos etal. (ICLR 2019)

Measures accuracy of Shape-texture cue conflict
images

\

Lacks ability to measure shape on a
per-pixel level



Our Solution

Two new metrics for measuring shape information
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Method 1 - Estimating the number of shape encoding neurons

Image pairs reflecting semantics E(Ia ) =z

a

<
> (e
MI(2¢, 2 20)
Z
| Zshape |
Texture pair Shape pair E(I b ) =
Cov (zz w2

MI(22, 2%) > ——log( —p?), where p; =

/Var(z#) Var(2?)

(Kraskov et al., 2004; Foster & Grassberger, 2011)



Method 2 - Decoding Per-Pixel Shape from A Pre-Trained Network

Semantic



Estimating Shape & Texture Dimensionality

Model Shape  Texture

ResNet50 349 692

BagNet33 1984 \ 825
«
BagNet? \ 276, 841

All models trained on ImageNet



Estimating Shape & Texture Dimensionality

Dataset* Shape Texture
ImageNet (IN) 349 692
Stylized ImageNet (SIN) '/ /5?38 Y 477
IN +SIN '\ 376, 640

Models trained on datasets are ResNet50s*



When Does Shape Become Relevant During Training?
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Quantifying Shape Information in CNN Latent Representation

Training Initialization Bin. Semantic
IN 79.8 61.6
SIN 76.4 53.7
IN+SIN 77.8 58.0




Quantifying Shape Information in CNN Latent Representation

SIN 76.4 53.7



Where is Shape Information Stored?

Shape Texture

Stage2 14.1 40.2

(f2)  sIN| 144 42.6

Stage5 IN 17.0 33.8

(f5)  sN| 262 233




Where is Shape Information Stored?

Stage2
(f2) SIN| 141 426 Bin

Stage5
(f5) SIN‘ 262 233 e




Conclusion

Introduced two new methods for quantifying shape information in the latent
representations of neural networks in terms of Neurons and Pixels
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1) Shape is learned early during training
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