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ABSTRACT

While successful for various computer vision tasks, deep neural networks have
shown to be vulnerable to texture style shifts and small perturbations to which
humans are robust. In this work, we show that the robustness of neural networks can
be greatly improved through the use of random convolutions as data augmentation.
Random convolutions are approximately shape-preserving and may distort local
textures. Intuitively, randomized convolutions create an infinite number of new
domains with similar global shapes but random local texture. Therefore, we explore
using outputs of multi-scale random convolutions as new images or mixing them
with the original images during training. When applying a network trained with our
approach to unseen domains, our method consistently improves the performance
on domain generalization benchmarks and is scalable to ImageNet. In particular,
in the challenging scenario of generalizing to the sketch domain in PACS and to
ImageNet-Sketch, our method outperforms state-of-art methods by a large margin.
More interestingly, our method can benefit downstream tasks by providing a more
robust pretrained visual representation.

1 INTRODUCTION

Generalizability and robustness to out-of-distribution samples have been major pain points when
applying deep neural networks (DNN5s) in real world applications (Volpi et al., 2018). Though DNNs
are typically trained on datasets with millions of training samples, they still lack robustness to domain
shift, small perturbations, and adversarial examples (Luo et al.; 2019). Recent research has shown that
neural networks tend to use superficial features rather than global shape information for prediction
even when trained on large-scale datasets such as ImageNet (Geirhos et al.,[2019). These superficial
features can be local textures or even patterns imperceptible to humans but detectable to DNNGs, as is
the case for adversarial examples (Ilyas et al.|[2019). In contrast, image semantics often depend more
on object shapes rather than local textures. For image data, local texture differences are one of the
main sources of domain shift, e.g., between synthetic virtual images and real data (Sun & Saenko,
2014). Our goal is therefore to learn visual representations that are invariant to local texture and
that generalize to unseen domains. While texture and color may be treated as different concepts, we
follow the convention in|Geirhos et al. (2019) and include color when talking about texture.

We address the challenging setting of robust visual representation learning from single domain
data. Limited work exists in this setting. Proposed methods include data augmentation (Volpi
et al., 2018 |Q1a0 et al.,|2020; |Geirhos et al., 2019), domain randomization (Tobin et al., 2017;[Yue
et al., 2019), self-supervised learning (Carlucci et al., [2019), and penalizing the predictive power
of low-level network features (Wang et al.l [2019a). Following the spirit of adding inductive bias
towards global shape information over local textures, we propose using random convolutions to
improve the robustness to domain shifts and small perturbations. While recently [Lee et al.|(2020)
proposed a similar technique for improving the generalization of reinforcement learning agents in

'Code is available at https: //github.com/wildphoton/RandConv,
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Figure 1:Top: lllustration thatRandConv randomize local texture but preserve shapes in the imdgdle:

First column is the input image of si224?; following columns are convolutions results using random Iters
of different sizek. Bottom: Mixing results between an image and one of its random convolution results with
different mixing coef cients .

unseen environments, we focus on visual representation learning and examine our approach on visual
domain generalization benchmarks. Our method also includes the multiscale design and a mixing
variant. In addition, considering that many computer vision tasks rely on training deep networks
based on ImageNet-pretrained weights (including some domain generalization benchmarks), we
ask“Can a more robust pretrained model make the netuned model more robust on downstream
tasks?” Different from (Kornblith et al.; 2019; Salman et|al., 2020) who studied the transferability of

a pretrained ImageNet representation to new tasks while focusing on in-domain generalization, we
explore generalization performance wmseen domain®r new tasks.

We make the following contributions:

We developRandConv, a data augmentation techniquging multi-scale random-convolutions

to generate images with random texture while maintaining global shafyesxplore using the
RandConv output as training images or mixing it with the original images. We show that a
consistency loss can further enforce invariance under texture changes.

We provide insights and justi cation on whHyandConv augments images with different local
texture but the same semantics with the shape-preserving property of random convolutions.

We validateRandConv and its mixing variant in extensive experiments on synthetic and real-
world benchmarks as well as on the large-scale ImageNet dataset. Our methods outperform
single domain generalization approaches by a large margin on digit recognition datasets and for
the challenging case of generalizing to the Sketch domain in PACS and to ImageNet-Sketch.

We explore if the robustness/generalizability of a pretrained representation can transfer. We
show that transferring a model pretrained witdndConv on ImageNet can further improve
domain generalization performance on new downstream tasks on the PACS dataset.

2 RELATED WORK

Domain Generalization(DG) aims at learning representations that perform well when transferred

to unseen domains. Modern techniques range between feature fusion (Shen et al., 2019), meta-
learning [([Li et al.| 2018a; Balaji et al., 2018), and adversarial traifing (Shaolet al|, 2019; Li et al.,
2018b). Note that most current DG work (Ghifary etjal., 2016; Li ét al., 2018a;b) requires a multi-
source training setting to work well. However, in practice, it might be dif cult and expensive to
collect data from multiple sources, such as collecting data from multiple medical centers (Raghupathi
& Raghupathi, 2014). Instead, we consider the more strict single-domain generalization DG setting,
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where we train the model on source data from a single domain and generalize it to new unseen
domains (Carlucci et al., 2019; Wang et al., 2019b).

Domain Randomization (DR) was rst introduced as a DG technique by Tobin et al. (2017) to
handle the domain gap between simulated and real data. As the training data in (Tobin et al., 2017) is
synthesized in a virtual environment, it is possible to generate diverse training samples by randomly
selecting background images, colors, lighting, and textures of foreground objects. When a simulation
environment is not accessible, image stylization can be used to generate new domains (Yue et al.,
2019; Geirhos et al., 2019). However, this requires extra effort to collect data and to train an additional
model; further, the number of randomized domains is limited by the number of prede ned styles.

Data Augmentation has been widely used to improve the generalization of machine learning mod-
els (Simard et al., 2003). DR approaches can be considered a type of synthetic data augmentation.
To improve performance on unseen domains, Volpi et al. (2018) generate adversarial examples
to augment the training data; Qiao et al. (2020) extend this approach via meta-learning. As with
other adversarial training algorithms, signi cant extra computation is required to obtain adversarial
examples.

Learning Representations Biased towards Global Shap&eirhos et al. (2019) demonstrated that
convolutional neural networks (CNNSs) tend to use super cial local features even when trained on
large datasets. To counteract this effect, they proposed to train on stylized ImageNet, thereby forcing a
network to rely on object shape instead of textures. Wang et al. improved out-of-domain performance
by penalizing the correlation between a learned representation and super cial features such as the
gray-level co-occurrence matrix (Wang et al., 2019b), or by penalizing the predictive power of local,
low-level layer features in a neural network via an adversarial classi er (Wang et al., 2019a). Our
approach shares the idea that learning representations invariant to local texture helps generalization
to unseen domains. Howev&andConv avoids searching over many hyper-parameters, collecting
extra data, and training other networks. It also scales to large-scale datasets since it adds minimal
computation overhead.

Random Mapping in Machine Learning Random projections have also been effective for di-
mensionality reduction based on the distance-preserving property of the Johnson—Lindenstrauss
lemma (Johnson & Lindenstrauss, 1984). (Vinh et al., 2016) applied random projections on entire
images as data augmentation to make neural networks robust to adversarial examples. Lee et al. (2020)
recently used random convolutions to help reinforcement learning (RL) agents generalize to new
environments. Neural networks witked random weights can encode meaningful representations
(Saxe et al., 2011) and are therefore useful for neural architecture search (Gaier & Ha, 2019), genera-
tive models (He et al., 2016b), natural language processing (Wieting & Kiela, 2019), and RL (Osband
etal., 2018; Burda et al., 2019). In contrd@andConv usesnon- xed randomly-sampled weights

to generate images with different local texture.

3 RANDCONV: RANDOMIZE LOCAL TEXTURE AT DIFFERENT SCALES

We propose using a convolution layer with non- xed random weights as the rst layer of a DNN
during training. This strategy generates images with random local texture but consistent shapes, and
is bene cial for robust visual representation learning. Sec. 3.1 justi es the shape-preserving property
of a random convolution layer. Sec. 3.2 descriBemdConv, our data augmentation algorithm

using a multi-scale randomized convolution layer and input mixing.

3.1 A RANDOM CONVOLUTION LAYER PRESERVESGLOBAL SHAPES

Convolution is the key building block for deep convolutional neural networks. Consider a convolution
layer with Iters 2 R" W Cin Cow wijth aninputimage 2 R" W Cn  whereH andW are

the height and width of the input ar€}, andC,,; are the number of feature channels for the input
and output, antt andw are the height and width of the layer's lter. The output (with appropriate
input padding) will beg = | withg 2 R? W Cou

In images, nearby pixels with similar color or texture can be grouped into primitive shapes that
represent parts of objects or the background. A convolution layer linearly projects local image
patches to features at corresponding locations on the output map using shared parameters. While a
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convolution with random Iters can project local patches to arbitrary output features, the output of a
random linear projection approximately preserves relative similarity between input patches, proved
in Appendix B. In other words, since any two locations within the same shape have similar local
textures in the input image, they tend to be similar in the output feature map. Therefore, shapes that
emerge in the output feature map are similar to shapes in the input image provided that the Iter size
is suf ciently small compared to the size of a typical shape.

In other words, the size of a convolution Iter determines the smallest shape it can preserve. For
example, 1x1 random convolutions preserve shapes at the single-pixel level and thus work as a
random color mapping; large lters perturb shapes smaller than the Iter size that are considered
local texture of a shape at this larger scale. See Fig. 1 for exanites.discussion and a formal

proof are in Appendix A and.B

3.2 MULTI-SCALE IMAGE AUGMENTATION WITH A RANDOMIZED CONVOLUTION LAYER

Algorithm 1 Learning with Data Augmentation by Random Convolutions

1: Input: Model , task loss. sk , training imaged | glL; and their label$ yi gL, , pool of lter sizes
K = f1;::;ng, fraction of original datg, whether tamix with original images, consistency loss weight

2: function RANDCON (I, K, mix, p)

3 Samplg U(0;1)

4 if po <p andmix is Falsethen

5: returnl . When not inmix mode, use the original image with probabilfty

6 else

7 Sample scalk K

8 Sample convolution weights 2 R * 3 2 N (0; 51,)

9 le = | . Apply convolution onl

10 if mix is Truethen

11 Sample U(0;1)

12 returnl +(1 M . Mix with original images

13: else

14. returnl (¢

15: Learning Objective:

16:fori=1"! N do

17 forj =11 3do

18 W= FRandConv(I i) . Prlgdict labels for three augmented variants of the same image
19:  Leons = 1-3:1 KL(9!jjyi) wherey; = j3=1 ¥=3 . Consistency Loss
20: L= Luask (95 yi)+  Lcons . Learning with the task loss and the consistency loss

Sec. 3.1 discussed how outputs of randomized convolution layers approximately maintain shape
information at a scale larger than their Iter sizes. Here, we develofjRaumndConv data augmenta-

tion technique using a randomized convolution layer v@tf; = Ci, to generate shape-consistent
images with randomized texture (see Alg. 1). Our goal is not tdReselConv to parameterize or
represent texture as in previous Iter-bank based texture models (Heeger & Bergen, 1995; Portilla &
Simoncelli, 2000). Instead, we only use the three-channel outpiRamdConv as new images with

the same shape and different “style” (loosely referred to as "texture”). We also note that, a convolution
layer is different from a convolution operation in image ltering. Standard image ltering applies the
same 2D lter on three color channels separately. In contrast, our convolution layer applies three
different3D lters and each takes all color channels as input and generates one channel of the output.
Our proposedRandConv variants are as follows:

RCimg: Augmenting Images with Random TextureA simple approach is to use the randomized
convolution layer outputd, , @s new images; where are the randomly sampled weights dnd

is a training image. If the original training data is in the domiaity a sampled weight , generates
images with consistent global shape but random texture forming the random ddfnalinus, by
random weight sampling, we obtain an in nite number of random domRihdD ®;:::;D?* . Input
image intensities are assumed to be a standard normal distrituigimri) (which is often true in
practice thanks to data whitening). As the outputRaﬁdConvpshould follow the same distribution,
we sample the convolution weights frad(0; 2) where =1= C;, h w, whichis commonly
applied for network initialization (He et al., 2015). We include the original images for training at a
ratio p as a hyperparameter.
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RCmix: Mixing Variant As shown in Fig. 1, outputs frorRCing can vary signi cantly from the
appearance of the original images. Although generalizing to domains with signi cantly different local
texture distributions is useful, we may not want to sacri ce much performance on domains similar
to the training domain. Inspired by the AugMix (Hendrycks et al., 2020b) strategy, we propose to
blend the original image with the outputs of tRandConv layer via linear convex combinations

I +(1 )(I ), where is the mixing weight uniformly sampled frof@; 1].In RCyx, the
RandConv outputs provide shape-consistent perturbations of the original images. Varying
continuously interpolate between the training domain and the randomly sampled domai@sgof

Multi-scale Texture Corruption As discussed in Sec. 3.1, image shape information at a scale
smaller than a lter's size will be corrupted lgandConv. Therefore, we can use lters of varying

sizes to preserve shapes at various scales. We choose to uniformly randomly sample a lter size
k from a poolK = 1;3;::n before sampling convolution weights 2 R ¥ Cn Cou from a
Gaussian distributioi (0; ﬁ) Fig. 1 shows examples of multi-scakandConv outputs.

Consistency RegularizationTo learn representations invariant to texture changes, we use a loss
encouraging consistent network predictions for the sBaedConv-augmented image for different
random Iter samples. Approaches for transform-invariant domain randomization (Yue et al., 2019),
data augmentation (Hendrycks et al., 2020b), and semi-supervised learning (Berthelot et al., 2019)
use similar strategies. We use Kullback-Leibler (KL) divergence to measure consistency. However,
enforcing prediction similarity of two augmented variants may be too strong. Instead, following
(Hendrycks et al., 2020b), we uBandConv to obtain 3 augmentation samples of images; =
RandConv/ (1) forj =1;2; %,and obtain their predlctlorg with amodely! = ( G!). We then

compute theelaxedloss as i-1 KL(y! jjy), wherey = i-1 yl =3 is the sample average.

4 EXPERIMENTS

Secs. 4.1 to 4.3 evaluate our methods on the following datasets: multiple digit recognition datasets,
PACS, and ImageNet-sketch. Sec. 4.4 uses PACS to explore the out-of-domain generalization of a
pretrained representation in transfer learning by checking if pretraining on ImageNet with our method
improves the domain generalization performance in downstream tasks. All experiments are in the
single-domain generalization setting where training and validation sets are drawn from one domain.
Additional experiments with ResNet18 as the backbone are given in the Appendix

4.1 DiGIT RECOGNITION

The ve digit recognition datasets (MNIST (LeCun et al., 1998), MNIST-M (Ganin et al., 2016),
SVHN (Netzer et al., 2011), SYNTH (Ganin & Lempitsky, 2014) and USPS (Denker et al., 1989))
have been widely used for domain adaptation and generalization research (Peng et al., 2019a;b;
Qiao et al., 2020). Following the setups in (Molpi et al., 2018) and (Qiao et al., 2020), we train a
simple CNN with10,000MNIST samples and evaluate the accuracy on the test sets of the other four
datasets. We also test on MNIST-C (Mu & Gilmer, 2019), a robustness benchmarksastimmon
corruptionsof MNIST and report the average accuracy over all corruptions.

Figure 2: Average accuracy and 5-run variance of MNIST model on MNIST-M, SVHN, SYNTH
and USPS. Studies for: (a) original data fractpfor RGng; (b) multiscale design (1-n refers to
using scales 1,3,..,n) f(#Cmgp=0 :5 (Orange) andRCyx (blue); (c) consistency loss weightfor
RCimgl 7,p=0:5 (orange) and Rgixl 7 (blue).
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Selecting Hyperparameters and Ablation Study.Fig. 2(a) shows the effect of the hyperparameter

p onRCing with Iter size 1. We see that adding onll0% RandConv data 0 = 0:9) immediately
improves the average performance (DG-Avg) on MNIST-M, SVHN, SYNTH and USPS performance
from 53.53 to 69.19, outperforming all other approaches (see Tab. 1) for every dataset. We choose
p = 0:5, which obtains the best DG-Avg. Fig. 2(b) shows results for a multiscale ablation study.
Increasing the pool of lter sizes up improves DG-Avg performance. Therefore we use multi-
scalel-7to study the consistency loss weightshown in Fig. 2(c). Adding the consistency loss
improves bothRandConv variants on DG-avgRCnixi 7 favors = 10 while RGmg1 7;p=0 5
performs similarly for =5 and = 10. We choose = 10 for all subsequent experiments.

Results. Tab. 1 compares the performanceREimg1 7;p=0:5; =10 aNAdRCyix1 7, =10 With other
state-of-the-art approaches. We show results of the adversarial training based methods GUD (Volpi
etal., 2018), M-ADA (Qiao et al., 2020), and PAR (Wang et al., 2019a). The baseline model is trained
only on the standard classi cation loss. To shBandConv is more than a trivial color/contrast
adjustment method, we also compare to ColorJitfata augmentation (which randomly changes
image brightness, contrast, and saturation) and GreyScale (where images are transformed to grey-
scale for training and testing). We also tested data augmentation with a xed Laplacian of Gaussian
Iter (Band-Pass) of size=3 and = 1 and the data augmentation pipeline (Multi-Aug) that was used

in a recently proposed large scale study on domain generalization algorithms and datasets (Gulrajani
& Lopez-Paz, 2020).RandConv and its mixing variant outperforms the best competing method (M-
ADA) by 17% on DG-Avg and achieves the best 91.62% accuracy on MNIST-C. While the difference
between the two variants &andConv is marginalRCnix1 7. =10 performs better on both DG-Avg

and MNIST-C. When combined with Multi-AugrandConv achieves improved performance except

on MNIST-C. Fig 3 shows t-SNE image feature plots for unseen domains generated by the baseline
approach an®Cnix1 7: =10 . TheRandConv embeddings suggest better generalization to unseen
domains.

Table 1: Average accuracy and 5-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. BotlRandConv variants signi cantly outperform all other methods.

| MNIST | MNIST-M  SVHN USPS SYNTH DG-Avg | MNIST-C

Baseline 98.4Qo.84) | 58.813.73) 33.415.28) 79.272.70) 42.435.46) 53.5Qa.23) | 88.2Q2.10)
GreyScale 98.820.02) | 58.4%0.99) 36.0G1.48) 80.451.000 45.0Qo.80) 54.980.86) | 89.150.44)
ColorlJitter 98.720.05) | 62.720.66) 39.6%0.88) 79.180.60) 46.4Q0.3a) 56.980.39) | 89.480.18)
BandPass 98.650.11) | 70.222.73) 48.34256) 78.6Qo.s2) 57.172.01) 63.581.89) | 87.890.68)
MultiAug 98.8Qo.05) | 62.320.66) 39.070.68) 79.3%1.02) 46.480.80) 56.790.34) | 89.540.11)
PAR (our imp) 98.7o0.05) | 61.160.21) 36.081.27) 79.951.18) 45.480.35) 55.670.33) | 89.340.45)
GUD - 60.41 35.51 77.26 45.32 54.62 |-

M-ADA - 67.94 42.55 78.53 48.95 59.49 |-

RCmg1-7,p=05, =5 98.86Go.05) | 87.670.37) 54.951.90) 82.081.46) 63.37158) 72.021.15) | 90.940.51)
RCmix1-7; =10 98.850.04) | 87.76G0.83) 57.522.009) 83.3Go.96) 62.880.78) 72.880.58) | 91.620.77)
RGChix1-7;: =10 + MultiAug | 98.820.06) | 87.890.29) 62.07M0.62) 84.391.02) 63.9Q0.63) 74.56G0.46) | 91.4Q0.93)

4.2 PACS KXPERIMENTS

The PACS dataset (Li et al., 2018b) considers 7-class classi cation on 4 domains: photo, art painting,
cartoon, and sketch, with very different texture styles. Most recent domain generalization work studies
the multi-source domain setting on PACS and uses domain labels of the training data. Although we
follow the convention to train on 3 domains and to test on the fourth, we simply pool the data from
the 3 training domains as in (Wang et al., 2019a), without using domain labels during the training.

Baseline and State-of-the-Art Following (Li et al., 2017), we use Deep-All as the baseline, which
netunes an ImageNet-pretrained AlexNet on 3 domains using only the classi cation loss and tests on
the fourth domain. We test olRandConv variantsRGmgi-7:p=0 :5 aNdRCrix1.7 With and without
consistency loss, and ColorJitter/GreyScale/BandPass/MultiAug data augmentation as in the digit
datasets. We also implemented PAR (Wang et al., 2019a) using our baseline mdgjx1-7

2See PyTorch documentation for implementation details; all parameters are set to 0.5.
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MNIST-M SVHN USPS SYNTH

Figure 3: t-SNE feature embedding visualization for digit datasets for models trained on MNIST
without (top) and with oURCqix1-7; =10 approach (bottom). Different colors denote different classes.

Table 2: Mean and 5-run standard deviation (in parenthesis) results for domain generalization on
PACS. Best results with our Deep-All baseline aréboild. The domain name in each column
represents the target domain. Base column indicates different baselines and results under different
baselines are not directly comparable. MLDG and CIDDF used domain labels for training.

Base Method Photo Art Cartoon Sketch Average

Deep-All 86.770.42) 60.1%133) 64.12032) 55.284.71) 66.571.36)

GreyScale 83.9847) 61.6Qi18) 62.12061) 60.072.47) 66.930.83)

ColorJitter 84.6(bs3) 59.0%0.24) 61.43068) 62.44168) 66.880.33)

BandPass 87.@87 59.4Go27) 64.3951) 55.39295 66.580.73)

ours MultiAug 85.2%0.477 59.5%038) 62.881.01) 61.670.76) 67.320.23)

PAR (our imp.) 87.2%042) 60.170.95) 63.63088) 55.83257) 66.7%0.58)

RCimgt1-7.p=05 86.5Qo.72) 61.1Qo.38) 64.24062) 68.5Q1.83) 70.090.43)

RGChix1-7 86.6Qo67) 61.74090) 64.05066) 69.74066) 70.530.25)

RGChix1-7 + MultiAug 86.230.74) 61.9%076) 62.6Q0.76) 67.741.21) 69.640.49)

RGmg1-7,p=05, =10 81.15076) 59.560.79) 62.42059) 71.740.43) 68.720.58)

RGCix1-7, =10 81.78111) 61.14051) 63.57%0.29 71.97038 69.620.24)

Results below are not directly comparable due to different Deep-All implementations.

Deep-All (our run) 88.40 66.26 66.58 59.40 70.16
Wang et al. (2019a) | PAR (our run) 88.40 65.19 68.58 61.86 71.10
PAR (reported) 89.6 66.3 68.3 64.1 72.08

) Deep-All 89.98 66.68 69.41 60.02 71.52
Carlucei etal. (2019)) - 5ige 89.00 67.63 71.71 65.18 73.38
Lietal. (20184 Deep-All 86.67 64.91 64.28 53.08 67.24
tetal- (20182) | \j| DG (use domainlabelsy  88.00 66.23 66.88 58.96 70.01
Lietal (2018 Deep-All 77.98 57.55 67.04 58.52 65.27
tetal. (2018¢) | C|DDG (use domaintabels)  78.65 62.70 69.73 64.45 68.88

combined with MultiAug is also tested. Further, we compare to the following state-of-the-art
approaches: Jigen (Carlucci et al., 2019) using self-supervision, MLDG (Li et al., 2018a) using
meta-learning, and the conditional invariant deep domain generalization method CIDDG (Li et al.,
2018c). Note that previous methods used different Deep-All baselines which make the nal accuracy
not directly comparable, and MLDG and CIDDG use domain labels for training.

Results. Tab. 2 showssigni cant improvements on Sketébr both RandConv variants. Sketch

is the most challenging domain with no color and much less texture compared to the other 3
domains. The success on Sketch demonstrates that our methods can guide the DNN to learn global
representations focusing on shapes that are robust to texture changes. Without using the consistency
loss,RCqix1-7 achieves the best overall result improving over Deep-All B#6 but adding MultiAug

does not further improve the performance. Adding the consistency loss with0, RCyix;.7 and
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RGmg1-7:p=0 :5 performs better on Sketch but degrades performance on the other 3 domains, so do
GreyScale and ColorJitteFhis observation will be discussed in Sec.4.4

4.3 GENERALIZING AN IMAGENET MODEL TO IMAGENET-SKETCH

Table 3: Accuracy of ImageNet-trained AlexNet on ImageNet-Sketch (IN-S) data. Our methods
outperform PAR by 5% and are on par with a Stylized-ImageNet (SIN) trained model. Note that PAR

was built on top of a stronger baseline than our model, and both PAR and SIN ne-tuned the baseline
model which helped the performance, while we tr@emdConv model from scratch.

Baseline PAR ; RGmg-7;  RCmix1-7; SIN
‘ (Wang et al., 2019a) (Wang et al., 2019a)‘ Baseline p:o_r;g =10 :IIO ‘ (Geirhos et al., 2019)
Topl 12.04 13.06 10.28 18.09 16.91 17.62
Top5 25.60 26.27 21.60 35.40 33.99 36.22

ImageNet-Sketch (Wang et al., 2019a) is an out-of-domain test set for models trained on ImageNet.
We trained AlexNet from scratch WitRCimg1-7;p=0:5: =10 aNdRCnix1-7; =10 . We evaluate their
performance on ImageNet-Sketch. We use the AlexNet model trained wiRamatConv as our
baseline. Tab. 3 compar£&Rand its baseline model and AlexNet trained with Stylized ImageNet
(SIN) (Geirhos et al., 2019) on ImageNet-Sketch. AlthoBgtRuses a stronger baselirkandConv

achieves signi cant improvements over our baseline and outperfBiRby a large margin. Our
methods achieve more than a 7% accuracy improvement over the baseline and surpass PAR by 5%.
SIN as an image stylization approach that can modify image texture in a hierarchical and realistic way.
However, albeit its complexity, it still performs on par with RandConv. Note that image stylization
techniques require additional data and heavy precomputation. Further, the images for the style source
also need to be chosen. In contrast, RandConv is much easier to use: it can be applied to any dataset
via a simple convolution layer. We also measure the shape-bias metric proposed by Geirhos et al.
(2019) forRandConv trained AlexNetRCmgi1.7:p=0:5: =10 @NdRCnix1.7; =10 improve the baseline

from 25:36%t0 48:24% and54:85% respectively.

4.4 ReEVISITING PACSWITH MORE ROBUST PRETRAINED REPRESENTATIONS

A common practice for many computer vision tasks (including the PACS benchmark) is transfer
learning, i.e. netuning a backbone model pretrained on ImageNet. Recently, how the accuracy on
ImageNet (Kornblith et al., 2019) and adversial robustness (Salman et al., 2020) of the pretrained
model affect transfer learning has been studied in the context of domain generalization. Instead, we
study how out-of-domain generalizability transfers from pretraining to downstream tasks and shed
light on how to better use pretrained models.

Impact of ImageNet Pretraining A model trained on ImageNet may be biased towards tex-
tures (Geirhos et al., 2019). Finetuning ImageNet pretrained models on PACS may inherit this
texture bias, thereby bene tting generalization on the Photo domain (which is similar to ImageNet),
but hurting performance on the Sketch domain. Therefore, as shown in Sec. 4. Rasit@onv

to correct this texture bias improves results on Sketch, but degrades them on the Photo domain.
Since pretraining has such a strong impact on transfer performance to new tasks, \@aaske
generalizability of a pretrained model transfer to downstream tasks? |.e., does a pretrained model
with better generalizability improve performance on unseen domains on new taskafswer this,

we revisit the PACS tasks based on ImageNet-pretrained weights where odatvdConv variants

of Sec. 4.3 are used during ImageNet training. We studly if this results in performance changes for the
Deep-All baseline and for netuning witRandConv.

Better Performance via RandConv pretrained modelWe start by testing the Deep-All baselines
using the twoRandConv-trained ImageNet models of Sec. 4.3 as initialization. Tab. 4 shows
signi cant improvements on Sketch. Results are comparable to netuningRatidConv on a

normal pretrained model. Art is also consistently improved. Performance drops slightly on Photo as
expected, since we reduced the texture bias in the pretrained model, which is helpful for the Photo
domain. A similar performance improvement is observed when using the SIN-trained AlexNet as
initialization. UsingRandConv for bothimageNet training and PACS netuning, we achieve 76.11%
accuracy on Sketch. As far as we know, this is the best performance using an AlexNet baseline. This
approach even outperforms Jigen (Carlucci et al., 2019) (71.35%) with a stronger ResNet18 baseline
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Table 4: Generalization results on PACS wiRandConv and SIN pretrained AlexNet. ImageNet
column shows how the pretrained model is trained on ImageNet (baseline represents training the
ImageNet model using only the classi cation loss); PACS column indicates the methods used for
netuning on PACS Bestandsecond besaccuracy for each target domain are highlighted in bold
and underlined.

PACS | ImageNet | Photo Art Cartoon Sketch Avg
Baseline 86.770.42) 60.1%1.33) 64.12032 55.284.71) 66.571.36)

Deep-All RGimg1-7p=0 :5; =10 84.48052) 62.6%1.23) 66.13080) 69.24080) 70.6%0.53)
p RCnix1-7: =10 85.590.40) 63.3Qo.99) 63.830.85 68.291.27) 70.250.45)
SIN 85.33066) 65.85087) 65.39.62 65.75059 70.580.21)

RG . Baseline 81.15076) 59.5G0.79) 62.42059) 71.740.43) 68.720.58)
:o'ggl:'zov RCimg1.7:p=0 5. =10 | 84.3G036) 63.73091) 68.07055 75.4%57) 72.890.33)
PR RCnix1-7: =10 84.630.97) 63.4%1.22) 66.3G0.43) 74.59084) 72.25054)
RCy; Baseline 81.781.11) 61.14051) 63.57029) 71.970.38) 69.620.24)
:TOH RGCimg1-7:p=0 :5; =10 85.16G1.03) 63.17038 67.68060) 76.1%043 73.030.46)
RCnix1-7: =10 86.17056) 65.331.055 65.521.13) 73.2J1.03) 72.560.50)

model. Cartoon and Art are also improved. The best average domain generalization accuracy is
73.03%, with a more than 6% improvement over our initial Deep-All baseline.

This experiment con rms that generalizability may transfer: removing texture bias may not only
make a pretrained model more generalizable, but it may help generalization on downstream tasks.
For similar target and pretraining domains like Photo and ImageNet, where learning texture bias may
actually be bene cial, performance may degrade slightly.

5 CONCLUSION AND DISCUSSION

Randomized convolutiorRandConv) is a simple but powerful data augmentation technique for
randomizing local image textur&andConv helps focus visual representations on global shape
information rather than local texture. We theoretically justi ed the approximate shape-preserving
property ofRandConv and develope®RandConv technigues using multi-scale and mixing designs.

We also make use of a consistency loss to encourage texture invarRarmgConv outperforms
state-of-the-art approaches on the digit recognition benchmark and on the sketch domain of PACS
and on ImageNet-Sketch by a large margin. By netuning a model pretrainedRaitlConv on

PACS, we showed that the generalizability of a pretrained model may transfer to and bene t a new
downstream task. This resulted in a new state-of-art performance on PACS in the Sketch domain.

RandConv can help computer vision tasks when a shape-biased model is helpful e.g. for object
detection.RandConv can also provide a shape-biased pretrained model to improve performance
on downstream tasks when generalizing to unseen domains. However, local texture features can be
useful for many computer vision tasks, especially for xed-domain ne-grained visual recognition. In
such cases, visual representations that are invariant to local texture may hurt in-domain performance.
Therefore, important future work includes learning representations that disentangle shape and texture
features and building models to use such representations in an explainable way.

Adversarial robustness of deep neural networks has received signi cant recent attention. Interestingly,
Zhang & Zhu (2019) nd that adversarially-trained models are more shape biased; Shi et al. (2020)
show that their method for increasing shape bias also helps adversarial robustness, especially when
combined with adversarial training. Therefore, exploring iRendConv affects the adversarial
robustness of models could be interesting future work. Moreover, recent biologically inspired models
for improving adversarial robustness (Dapello et al., 2020) use Gabor Iters with xed random
con gurations followed by a stochastic layer to add Gaussian noise to the network input, which may
explain the importance of randomnes®kandConv. Exploring connections betwe&andConv

and biological mechanisms in the human visual system would be interesting future work.
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