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Global Shape VS Texture

Deep neural networks have the tendency to utilize the superficial features like color and local
texture rather than global shapes!t
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(a) Texture image (b) Content image (c) Texture-shape cue conflict
[ 81.4% Indian elephant 71.1%  tabby cat 63.9% Indian elephant |
10.3% ifidii 17.3% grey fox 26.4% indri
8.2% black swan 3.3% Siamese cat 9.6% black swan

Figure 1: Classification of a standard ResNet-50 of (a) a texture image (elephant skin: only texture
cues); (b) a normal image of a cat (with both shape and texture cues), and (¢) an image with a
texture-shape cue conflict, generated by style transfer between the first two images.

This bias can make neural networks vulnerable to domain shift and small perturbations.

[1] ImageNet-trained CNNs are biased towards texture; increasing shape bias improves accuracy and robustness



Global Shape VS Texture
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Figure 2: Accuracies and example stimuli for five different experiments without cue conflict.




Rand Conv

* A convolution layer with random sampled weights generates images
with random texture but consistent shapes

conv filters
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Multi-scale & Mix

In put

Figure 1: Top: Illustration that RandConv randomize local texture but preserve shapes in the image. Middle:
First column is the input image of size 224°; following columns are convolutions results using random filters
of different sizes k. Bottom: Mixing results between an image and one of its random convolution results with
different mixing coefficients .




Consistency Loss
* 3 augmented variants of the same image
G; = RandConv’ (I)
* Use a model to predict for the 3 variants and the average predictions
Yy =®(G) 7= Zy”/3

* Penalize the KL divergence between the average prediction and
individual predictions.
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Algorithm

Algorithm 1 Learning with Data Augmentation by Random Convolutions

1: Input: Model ®, task loss Liqsk, training images {I;};* ; and their labels {y;}2 ;, pool of filter sizes
K = {1, ...,n}, fraction of original data p, whether to mix with original images, consistency loss weight A

2: function RanpConv(l, K, mix, p)

3 Sample po ~ U(0, 1)

4 if po < p and mix is False then
5: return / > When not in mix mode, use the original image with probability p
6: else
7: Sample scale k ~ K
8 Sample convolution weights @ € R¥*¥*3X3 N (0, 1)
9
10

y 2
. =1x0O " > Apply convolution on [
: if mix is True then
11: Sample o ~ U (0, 1)
12: return o + (1 — ) I, > Mix with original images
13: else
14: return I,

15: Learning Objective:

16: fori =1 — N do

17: forj=1— 3do

18: ! = ®(RandConv(I;)) o> Predict labels for three augmented variants of the same image
19: Leons = A 23:1 KL(]||g:) where 4; = Z?Zl gl /3 > Consistency Loss
20: L= Liask(Gi i) + Meons > Learning with the task loss and the consistency loss




Domain Generalization

Table 1: Average accuracy and S-run standard deviation (in parenthesis) of MNIST10K model on
MNIST-M, SVHN, SYNTH, USPS and their average (DG-avg); and average accuracy of 15 types of
corruptions in MNIST-C. Both RandConv variants significantly outperform all other methods.

MNIST MNIST-M SVHN USPS SYNTH DG-Avg | MNIST-C
Baseline 08.400.84) | 58.873.73) 33415280 79272700 42.43:5.46) 53.501.23) | 88.202.10)
Data GreySc;ale 08.820.02) | 58.41099) 36.06(1.48) 80.45(1.000 45.000.80) 54.980.86) | 89.15(0.44)
Augment ColorlJitter 098.720.05) | 62.72066) 39.610.88) 79.180.60) 46.400.34) 56.980.39) | 89.48(0.18)
Jtion BandPass 08.650.11) | 70.222.73)y 48.341256) 78.600.82) 57.172.01) 63.581.89) | 87.89(0.68)
MultiAug 08.8000.05) | 62.320066) 39.070.68) 79.311.02) 46.480.80) 56.790.34) | 89.540.11)
Adversial  PAR (our imp) 98.7900.05) | 61.16021) 36.08(127) 79.9501.18) 45.48035 55.670.33) | 89.34(0.45)
GUD - 60.41 35.51 77.26 45.32 54.62 -
M-ADA - 67.94 42 .55 78.53 48.95 59.49 -
RCimg1-7. p=05, A=5 08.86(0.05) | 87.67037) 54.951.90) 82.08(1.46) 63.371.58) 72.02(1.15) | 90.94(0.51)
RChix1-7,A=10 08.8500.04) | 87.76(0.83) 57.522.090 83.36096) 62.880.78) 72.880.58) | 91.62(0.77)
RChix1-7,A=10 + MultiAug | 98.82(0.06) | 87.890.29) 62.070.62 84.391.02) 63.9000.63) 74.56(0.46) | 91.40(0.93)




Robustness

MNIST-M SVHN USPS SYNTH

Figure 3: t-SNE feature embedding visualization for digit datasets for models trained on MNIST
without (top) and with our RCy,ix1-7, A=10 approach (bottom). Different colors denote different classes.




PAC Dataset

Base Method Photo Art Cartoon Sketch Average
Deep-All 86.77w4) 60.11033 64.12032 55.281@71y  66.57(1.36)
GreyScale 83.930147y 61.6001.18) 62.12061) 60.07247) 66.93(0.83)
Colorlitter 84.610.8) 59.0l024) 61.43068) 62.4401.68 66.88(0.33)
BandPass 87.080.57 59.460.277 64.390.51 55.390295  66.58(0.73)

Ours MultiAug 85.21w0.47y 59.51038 62.880.01) 61.6707) 67.3200.23)
PAR (our imp.) 87.21w0.42 60.170957 63.630088) 55.8312577 66.710.59)
RCimg1-7, p=05 86.500.72y 61.10038) 64.24062 68.5001.83)  70.09(0.43)
RChix1-7 86.600.67y 61.740900 64.05066) 69.740.66) 70.53(0.25)
RCix1-7 + MultiAug 86.230.74) 61.910.76¢0 62.690.76) 67.74121) 69.64(0.49)
RCimg1-7, p=0.5, =10 81.150.76) 59.5600.799 62.420059 71.74043  68.720.58)
RCix1-7.2=10 81.781.11y  61.14051) 63.570299 71.97038 69.6200.24)




Transfer Pretrained Model

PACS ImageNet Photo Art Cartoon Sketch Avg
Baseline 86.77042 60.11033 64.120032) 55.28@71)  66.57(1.36)
Deen-All RCimg1-7,p=0.5,a=10 | 84.48052  62.61123  66.130080) 69.24080 70.61(0.53)
P RCnix1-7.2=10 85.590.400 63.300099) 63.830085 68.290127)  70.25(045)
SIN 85.330066) 65.850.877 65.39062 65.75059  70.58021)
RC. Baseline 81.150.769  59.560.799 62.42059 71.74043  68.72(0.58)
=0‘;ni‘:2’ RCimg1-7,p=0.5,x=10 | 84.36036)  63.73091) 68.07055 7541057 72.89033
P RChix1-7,A=10 84.63097) 63.410220 66.360043) 74.59084) 72.25(054)
RC... Baseline 81.78.11y  61.14051) 63.57029 71.97038) 69.62(0.24)
An:;;l-? RCimg1-7,p=0.5,2=10 | 85.1601.03)  63.17038)  67.680.60) 76.11043  73.03(0.46)
RChix1-7,A=10 86.170s6)  65.33(1.05) 65.5201.13) 73.210.03  72.56(0.50)




Ablation Study
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Figure 2: Average accuracy and 5-run variance of MNIST model on MNIST-M, SVHN, SYNTH
and USPS. Studies for: (a) original data fraction p for RCj,,; (b) multiscale design (1-n refers to
using scales 1,3,..,n) for RCj, p—0.5 (orange) and RC,;x (blue); (c) consistency loss weight A for
RCimg1_7,p:0,5 (orange) and RijX1_7 (blue).




