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Abstract

Despite significant progress of deep neural networks in
image classification, it has been reported that CNNs trained
on ImageNet have heavily focused on local texture infor-
mation, rather than capturing complex visual concepts of
the objects. To delve into this phenomenon, recent stud-
ies proposed to generate images with modified texture in-
formation for training the model. However, these meth-
ods largely sacrifice the classification accuracy on the in-
domain dataset while achieving improved performance on
the out-of-distribution dataset. Motivated by the fact that
human tends to focus on shape information, we aim to re-
solve this issue by proposing a shape-focused augmenta-
tion where the texture in the object’s foreground and back-
ground are separately changed. Key idea is that by applying
different modifications to the inside and outside of an ob-
ject, not only the bias toward texture is reduced but also the
model is induced to focus on shape. Experiments show that
the proposed method successfully reduces texture bias and
also improves the classification performance on the original
dataset.

1. Introduction
With the rapid development of deep learning algorithms,

current deep neural networks (DNN) achieved remarkable
performance in image classification [8, 10, 15, 18]. How-
ever, recent works discovered that DNNs often learn only
shallow correlations between images and their labels, in-
stead of learning intrinsic visual concepts [5, 11, 16]. For
example, convolutional neural networks (CNN) trained on
ImageNet [15] rely on texture information when classify-
ing images, i.e. biased toward texture [5]. This induces the
model to be vulnerable to out-of-distribution samples and
results in poor generalization capability [14].

To reduce the model’s heavy reliance on the image’s
texture information in classifying images, numerous works
[7, 17] proposed to generate images whose texture is mod-
ified and to train the model on the generated images along

(b) Shape-focused augmentation(a) Original Image

Figure 1. Shape-focused augmentation. (a) Image sample of label
’spoonbills’ in ImageNet-100. (b) Same image sample that differ-
ent augmentations are applied to the foreground and background
of ’spoonbills’ in the image.

with the original dataset. This method improves the model’s
robustness by preventing the model from relying on the
spurious correlation between the image’s texture and its la-
bel [7]. For example, Geirhos et al. [7] proposed Stylized-
ImageNet (SIN) where they utilized neural style transfer [4]
to change the texture of the samples in ImageNet to that
of artistic paintings. Sauer-Geiger [17] proposed counter-
factual generative network (CGN) changing the texture of
the foreground and background of an object in the image
from ImageNet separately to the texture of other classes.
However, while these methods force the model to be less
reliant on texture information and successfully improve the
model’s robustness to out-of-distribution samples, it is also
shown that the model’s classification accuracy decreases
when tested on the original dataset. This trade-off indicates
the drawback of these methods which only focus on dimin-
ishing the model’s reliance on texture.

Our hypothesis is that the radical modification of texture
information e.g., replacing with another image’s texture as
done in prior works [7, 17] hinders the model from learn-
ing semantically meaningful representations of images in
the original dataset and thus negatively affects the model’s
accuracy on the in-domain samples. Motivated by the prior
work [7] empirically showing that humans tend to classify
images by their shape rather than by their texture and in-
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creasing this shape bias improves the model’s robustness to
out-of-distribution samples, we propose a novel data aug-
mentation scheme, shape-focused augmentation. In our
method, the augmentation is applied to reduce the spuri-
ous correlation between the image’s texture and its label,
but separately on each side of the shape boundary, i.e., the
inside and outside of an object. Among the set of data aug-
mentations, i.e., ColorJitter, RandomGrayscale
and RandomGaussianBlur, subsets are randomly sam-
pled twice and each is applied to the foreground and back-
ground of the object respectively as shown in Fig. 1. This
simple technique not only mitigates the model’s reliance on
texture information but also emphasizes shape feature in the
image and induces the model to focus on it, as humans do.

We implemented the experiment to validate the effective-
ness of shape-focused augmentation by comparing it with
the prior method [17] in terms of the accuracy on both
the original dataset (ImageNet-100) and out-of-distribution
samples (OOD dataset [6]). The experiment results show
that the proposed method outperforms baselines on both
datasets which implies that our method effectively allevi-
ates the model’s texture bias and enables the model to learn
robust representations by focusing on shape without sacri-
ficing the test accuracy on the original dataset.

Our contributions are summarized as follows:

• Motivated by the human behavior that focuses on
shape, our method successfully improves the classi-
fier’s robustness to out-of-distribution samples without
degrading the accuracy on the original dataset.

• Our method is simple yet effective, and it can be
equipped with various models and applied to both su-
pervised and self-supervised learning tasks.

2. Related works
Reducing the texture bias of CNN. As one of the criti-
cal pitfalls of current deep neural networks, there have been
several approaches to reduce the model’s reliance on lo-
cal texture information. Bahng et al. [1] trained the model
which is intentionally biased to the image’s texture by ex-
tremely reducing the size of receptive fields of the CNN
model. With the biased model, they train a de-biased model
by enforcing the learned representation to be independent
of the biased model’s representation.

Another approach is to generate images whose texture
is modified from the original dataset and train the model
with the generated dataset. For example, Geirhos et al. [7]
utilizes neural style transfer [4] to generate a dataset whose
texture is changed to that of artistic paintings. Sauer-Geiger
[17] proposed the generative model to create counterfactual
images where the texture in the foreground and background
of an object are independently altered to that of other classes
in ImageNet. The classifier to be trained on the generated

images consists of 3 multiple heads with a shared backbone
to predict each label of shape, foreground, and background
in counterfactual images and use the average of output from
3 heads when predicting the label of samples in ImageNet.

Hermann et al. [9] examined the effectiveness of data
augmentations in preventing the model from preferentially
classifying images by their texture feature. They showed
that data augmentation is as effective as the methods us-
ing the additional set of generated images e.g., Stylized-
ImageNet [7], in terms of reducing the model’s texture bias.

Our work in this paper falls into the same category as the
previous work by Hermann et al. [9] in the point that both
works utilize data augmentations as the tool to relieve the
correlation between an image’s label and its texture. How-
ever, our work also partly shares the same intuition with
CGN [17] in that defining visual features in an image more
structurally as the foreground and background of the object
and giving different variations to each part.
Importance of shape-bias for OOD robustness. It is
known that humans classify images based on their shape
rather than their texture [7] and there exists a significant
gap between the robustness of humans and neural networks
on out-of-distribution samples [6]. In this regard, it has been
argued that training the model to focus on the shape attribute
of an image, i.e., shape bias, is essential for improving its
robustness to out-of-distribution samples [7].

Geirhos et al. [6, 7] emphasized the importance of im-
proving the model’s shape bias by comparing the model’s
vulnerability to out-of-distribution samples to the robust-
ness of humans. To measure the robustness, they proposed
OOD benchmark dataset [6]. This dataset is generated
from ImageNet by applying 17 kinds of adjustments to its
texture. It is divided into 2 groups and we denote these
groups as OOD-noise and OOD-style. OOD-noise
contains images changed by 12 kinds of noise-related mod-
ifications to their texture. OOD-style consists of images
adjusted by 5 kinds of style-related alterations to the texture
of images.

Our work is along the same line as previous works [6, 7]
in the standpoint that the model needs to be biased to-
ward shape to obtain the robustness to out-of-distribution
samples. However, being deviated from former research
streams usually concentrating on relatively increasing the
model’s shape bias by reducing its texture bias, our work
looks into the method directly emphasizing the shape fea-
ture of the image during training.

3. Method
In this section, we first describe the overall process of

our proposed method, shape-focused augmentation. To
demonstrate the necessity and effectiveness of our method,
we sequentially show 1) the influence of drastic adjust-
ment of texture in the images from the original dataset
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Figure 2. Overall process of shape-focused augementation. Pretrained U2-Net [13] is used for segmenting the mask of shape.

on the model’s test accuracy across out-of-dstribution and
in-domain samples and 2) the efficacy of data augmenta-
tions when applied separately to the object’s foreground and
background in an image. Lastly, we suggest the necessity of
the learning algorithm directly emphasizing the highlighted
shape features in the output images of the shape-focused
augmentation.

3.1. Shape-focused Augmentation

The overall process of shape-focused augmenta-
tion is shown in Fig. 2. The original image has
been augmented via RandomResizedCrop and
RandomHorizontalFlip. We compose two indepen-
dent sets of data augmentations by randomly sampling
them from ColorJitter, RandomGrayscale, and
RandomGaussianBlur. Each of two sets of indenpen-
dently sampled data augmentations is applied to the original
image respectively and it consequently creates two images
which are augmented differently from one another. These
two dissimilarly augmented images are combined into
one image by the shape mask generated from pretrained
U2-Net [13]. In other words, two disparately augmented
images fill in the inside and outside of the shape mask,
respectively.

Algorithm1 summarizes how the shape-focused aug-
mentation can be plugged into the training process of a
vanilla model in the supervised learning setting. First, we
get two independently augmented images, a foreground
image f and a background image b, with the random
data augmentation module A. The data augmentations
in module A are arbitrarily chosen from ColorJitter,
RandomGrayscale, and RandomGaussianBlur on
every implementation. Then, we extract the shape mask m
of the object in the given image by utilizing pretrained U2-
Net [13], denoted as U . Finally, the foreground image f

and the background image b are combined into the shape-
focused image xaug by summing the element-wise multipli-
cations of the shape mask m and 1−m with f and b, respec-
tively. The augmented image xaug is fed into the ResNet-50
model R and the cross-entropy(CE) loss is minimized dur-
ing its training.

Algorithm1: Shape-focused Augmentation

Input: image x, label y, iteration t, end of iteration T
U : Pretrained U2-Net
R : ResNet-50
CE : Cross-entropy loss
A : Random data augmentation
for t = 1 to T do

f ← A(x)
b← A(x)
m← U(x)
xaug ← m⊙ f + (1−m)⊙ b
Train R with CE(R(xaug), y)

end

3.2. Effects of Modifying Texture on the Accuracy

In spite of the neural network’s improved robustness to
out-of-distribution samples by training it on generated im-
ages with modified textures, the model often shows a de-
cline in the accuracy on the original dataset as a trade-
off [9]. To figure out the factors affecting this degradation,
we scrutinize the influence of the degree of changing the
image’s texture from the original dataset. We hypothesized
that the model’s decreasing accuracy on the original dataset
is influenced by the adjustment of the training image’s tex-
ture to the extent of losing the semantic similarity with the
images with the same label in the original dataset.
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(b) Shape = Foreground

Shape: ‘golden retriever’
Foreground: ‘golden retriever’

Background: ‘hay’

(a) Shape ≠ Foreground

Shape: ‘golden retriever’
Foreground: ‘broccoli’

Background: ‘hay’

Figure 3. Samples of counterfactual images. (a) The sample of
counterfactual images that texture in both foreground and back-
ground of an object is altered. (b) The sample of counterfactual
images that texture only in the object’s background is adjusted.

In this regard, we compare the two extremely differ-
ent cases of texture modification. By utilizing CGN [17]’s
method, we generate a set of the counterfactual images
where the alteration of texture makes them semantically not
resembled with the images of the identical label from the
original dataset as shown in Fig. 3 (a). On the contrary, we
also create another set of counterfactual images explicitly
discernible as the images with the same label from the orig-
inal dataset by adjusting the texture only in the background
of the object like Fig. 3 (b). Then, we train the model jointly
on each set of the counterfactual images and the original
dataset, i.e., ImageNet-100.

Model ImageNet-100 OOD-noise OOD-style

ResNet-50 77.64 39.41 35
CGN(a) 69.54 (-8.1) 53.96 37
CGN(b) 76.44 (-1.2) 43.83 33

Table 1. Top-1 classification accuracy(%). CGN(a) denotes the
ResNet-50 model trained on the set of counterfactual images in
Figure 3 (a) along with ImageNet-100. CGN(b) denotes the
ResNet-50 model trained on the set of counterfactual images in
Figure 3 (b) along with ImageNet-100. Numbers in parenthesis
is the accuracy difference on ImageNet-100 between the vanilla
model and each model.

In Tab. 1, the considerable improvement in the test accu-
racy on OOD datasets is shown by the model trained on the
counterfactual images like Fig. 3 (a) which is unrecogniz-
able as ’golden retriever’ of the original dataset anymore.
However, the model shows the sharp drop of the accuracy
on ImageNet-100 when compared to the vanilla model. On
the other hand, the model trained on the counterfactual im-
ages like Fig. 3 (b) which is still perceptible as ’golden re-
triever’ in the original dataset exhibits much less difference
from the vanilla model in the accuracy across all datasets.

Through this result, we empirically show that losing
the semantic representation of the images in the original
dataset by exhaustively changing their texture leads the
model trained on the modified images to misclassify the in-
domain samples often than before.

3.3. Effectiveness of Shape-focused Augmentation

Based on the caveat from the previous experiment result,
we assumed that the image’s texture needs to be modified
within the range of retaining the semantic closeness to the
images of the same label in the original dataset in order to
prevent the model trained on the adjusted images from miss-
ing the capability of classifying in-domain images.

In this respect, Hermann et al. [9] empirically show
the comparable effectiveness of data augmentations to gen-
erating new images with the altered textures in improv-
ing the model’s robustness to out-of-distribution samples.
We assume that data augmentations give variations to the
image’s texture while sufficiently retaining recognizable
semantic attributes of the original images. Additionally,
Sauer-Geiger [17] proposed the method differentiating an
image into two parts by the shape silhouette of the ob-
ject and independently altering texture in each divided part
to the texture of other classes. Consequently, this method
brings a more diversified texture to the image.

Motivated by the findings from the prior works [9, 17],
we designed the shape-focused augmentation introduced in
Sec. 3.1. As shown in Fig. 1, shape-focused augmentation
emphasizes the shape attribute in the output image by apply-
ing data augmentations separately to the inside and outside
of the object in an image.

We hypothesize that the model is trained to focus more
on the image’s shape feature while alleviating its inclination
to classify images by their texture information through the
application of shape-focused augmentation in its learning
process as elaborated in Sec. 3.1. In this aspect, we expect
the model becomes less susceptible to out-of-distribution
samples without compromising the capacity of classify-
ing the images from the original dataset. To validate our
hypothesis, we examine the test accuracy of the model
trained with the shape-focused augmentation on both out-
of-distribution samples and in-domain samples. Then, we
demonstrate the efficiency of our method by comparing it
with the results of other baselines.

In Tab. 2, the model trained with the shape-foucsed aug-
mentation shows a substantial improvement over the vanilla
model in the accuracy on both two types of OOD datasets.
The enhancement of the test accuracy on OOD datasets
is even larger than that of the model trained on counter-
factual images. The model trained with our method also
shows the encouraging result of reducing the gap with the
vanilla model in the accuracy on the original dataset when
compared to the model trained on counterfactual images.
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Model ImageNet-100 OOD-noise OOD-style

ResNet-50 77.64 39.41 35
+ShapeAug 74.56 (-3.08) 62.62 40
CGN(a) 69.54 (-8.1) 53.96 37

Table 2. Top-1 classification accuracy (%). +ShapeAug denotes
the ResNet-50 model trained with shape-foucsed augmentation in
Figure 2. CGN(a) denotes the ResNet-50 model trained on coun-
terfactual images in Figure 3 (a) along with ImageNet-100. Num-
bers in parenthesis is the accuracy difference on ImageNet-100
between the vanilla model and each model.

Regarding the superior performance of the model trained
with shape-focused augmentation over the model trained
on counterfactual images across all OOD datasets, we sup-
posed that it results from the inherent limitations that the
model architecture in CGN [17] has. The model is formed
with a shared backbone and three multiple heads. On the
counterfactual images which have shape, foreground, and
background labels for one image, each of the three heads
output a logit for the respective labels, and it is trained to
be invariant to all but one feature out of the three features of
counterfactual images. However, on the normal images with
one label per image, the model calculates the average of
three logits respectively came from each of the three heads
to predict the image’s label. In this respect, we presumed
that this averaging operation might have decreased the max-
imum upper bound of the model’s predictability on OOD
dataset’s images with one label even if the specific head’s
logit might have shown the maximal accuracy in classify-
ing the image.

Accordingly, it also displays the convenience of the
shape-focused augmentation which is able to be utilized by
simply plugging it into the existing learning steps of the
vanilla model without the additional modifications to the
model architecture.

The experiment results show that the shape-focused aug-
mentation simultaneously improves the model’s robustness
to OOD datasets and reduces the gap with the vanilla model
in the accuracy on the original dataset. Furthermore, our ap-
proach also has uncomplicated processes in the usage than
the method generating the additional set of images with the
adjusted texture. Namely, the shape-focused augmentation
can be utilized by simply adding it to the model’s current
learning procedures without changing the model architec-
ture. However, the generation-based models need to gen-
erate additional images in advance to train the model on it,
and some of the models even needs to alter the model struc-
ture which can affect their classification performance.

3.4. The Necessity of Shape-focused Learning

Our proposed method applies different subsets of ran-
domly sampled data augmentations to the image’s two sep-
arated parts which are segmented by the object’s shape
boundary. It highlights the shape of the object in the image
more explicitly, e.g., the example in Fig. 1. This approach
brought a noticeable enhancement in the model’s robust-
ness to out-of-distribution samples and also in the reduction
of the amount of falling accuracy on the in-domain sam-
ples. However, the vanilla CNN does not have the learn-
ing properties of directly accentuating the highlighted shape
features of augmented images during their training. We
make an assumption that the vanilla CNN’s lack of learn-
ing processes immediately emphasizing the shape attribute
results in the still remaining reduction of the accuracy on the
original dataset despite the application of the shape-focused
augmentation during training.

To jump over the constraints in the vanilla CNN, we ap-
ply the shape-focused augmentation to contrastive learn-
ing models [2, 12] by replacing their existing augmenta-
tion procedures with ours. The fundamental idea of con-
trastive learning is to pull together an anchor image and its
augmented sample, i.e., a positive sample, in the embed-
ding space, and to push apart the anchor image from all the
other samples, i.e., negative samples. In this way, the model
learns the common meaningful representations between the
anchor image and its positive sample by contrasting them
with negative samples without utilizing the supervision by
the image’s label. We expect this contrastive characteristic
contributes the model to learn the emphasized shape fea-
tures between the images augmented by shape-focused aug-
mentation.

In our work, we choose the supervised contrastive learn-
ing [12] as the main model where the shape-focused aug-
mentation is employed on. In this method, not only a single
positive sample augmented from an anchor image but also
all images with the same label as the anchor image are in-
cluded in its positives. We presume that this aspect enables
the model to learn the common shape attributes among im-
ages with the same label as the anchor image as well as the
accentuated shape features in output images of the shape-
focused augmentation.

The general outline of the application of shape-
focused augmentation in supervised contrastive learning
is shown in Fig. 4. The positive sample is augmented
from an anchor image via RandomResizedCrop and
RandomHorizontalFlip augmentations. The anchor
image and the positive are passed through the shape-focused
augmentation module respectively and the two output im-
ages are represented into the embedding space. The details
of the implementation of shape-focused augmentation are
the same as depicted in Sec. 3.1. In the embedding space,
the anchor image and positives are pulled closer and nega-
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Figure 4. The overall overview of the application of shape-focused augmentation in supervised contrastive learning.

tives are pushed away from the anchor image. The positives
include the image augmented from the anchor image and
other images with the same label as the anchor image, and
the negatives contain all of the remaining images in a batch.

We expect that the inherent learning property of super-
vised contrastive learning encourages the model to learn
the common representations of shape attributes in the out-
put images from shape-focused augmentation and the im-
ages with the same label. Accordingly, in the next section,
we empirically show that the employment of shape-focused
augmentation with contrastive learning methods leads us to
achieve our conflicting goal, i.e. increasing the model’s ro-
bustness to out-of-distribution samples without the decline
of accuracy on the original dataset.

4. Experiment

In this section, we demonstrate the effectiveness of our
method in both reducing the classifier’s texture bias and in-
creasing its accuracy on the in-domain dataset. We apply
the shape-focused augmentation to two contrastive learning
models, i.e., supervised contrastive learning (SupCon) [12]
and SimCLR [2], each in supervised and self-supervised
settings respectively. In Sec. 4.2, we verify the efficacy
of our method under supervised contrastive learning model,
and in Sec. 4.3 we show our method’s efficiency in self-
supervised learning setting, which is SimCLR.

4.1. Implementation details

Baselines. We compare our method with vanilla contrastive
models, i.e. SupCon and SimCLR, and the model pretrained
on counterfactual images generated by CGN [17].
Datasets. We utilized ImageNet-100 dataset for pretrain-
ing the vanilla model and the model with our method. As
the comparison model, we pretrained the model jointly on
ImageNet-100 dataset and counterfactual images generated
from CGN as shown in Fig. 3 (a). We used OOD dataset to
measure the model’s robustness to texture bias and also used
the validation set of ImageNet-100 to measure the accuracy
on the in-domain samples.
Training details. We pretrained contrastive learning
models with ResNet-50 backbone. All the implementa-
tions of the models are from the prior work [3] and five
types of data augmentations are randomly applied to the
images during the vanilla model’s pretraining, which are
RandomResizedCrop, RandomHorizontalFlip,
RandomGaussianBlur RandomGrayscale, and
ColorJitter. For our method, we employ the shape-
focused augmentation to the models as illustrated in
Sec. 3.4 during their pretraining. For the comparison
model, we pretrained the model jointly on ImageNet-100
and counterfactual images. By following the linear eval-
uation protocol in both contrastive learning models, we
trained a linear classifier on ImageNet-100 dataset on top
of the frozen version of pretrained models.

4328



4.2. Results on Supervised Contrastive Learning

Model ImageNet-100 OOD-noise OOD-style

SupCon 80.06 69.61 49
+CGN 77.42 (-2.64) 68.324 47
+ShapeAug 82.24 (+2.18) 71.82 54

Table 3. Top-1 classification accuracy (%). SupCon denotes
the vanilla supervised contrastive learning model. +ShapeAug
denotes SupCon pretrained with shape-foucsed augmentation as
shown in Fig. 4 and +CGN denotes SupCon jointly pretrained on
ImageNet-100 and counterfactual images in Fig. 3 (a). Numbers in
parenthesis is the accuracy difference on ImageNet-100 between
the vanilla model and each model.

We show the efficiency of our method when it is applied
on supervised contrastive learning. We compare the model
pretrained with our method with the vanilla model and the
model pretrained on the counterfactual images by measur-
ing each model’s accuracy on OOD datasets and ImageNet-
100 dataset. Tab. 3 shows the comparison of each model’s
accuracy on each dataset.

Remarkably, our approach demonstrates the enhanced
performance over the vanilla model on OOD datasets and
even on the original dataset by large gaps. It shows the pro-
posed method successfully reduces the model’s propensity
to predict the image’s label by its texture information while
not losing, even advancing, its ability to classify images in
the original dataset. We suppose that it resulted from the
supervised contrastive learning model’s learning properties
which reinforce our method’s efficacy. In other words, the
model is encouraged to learn the common representations in
the images of the same label as well as the highlighted shape
features in the output images of shape-focused augmenta-
tion by contrastively comparing them with images with dif-
ferent labels.

On the other hand, the model pretrained on counterfac-
tual images along with ImageNet-100 shows the decreased
accuracy on not only ImageNet-100 dataset but also OOD
dataset. It respectively indicates the importance of preserv-
ing the semantic closeness to the original dataset when mod-
ifying the image’s texture, and the efficaciousness of data
augmentations in improving the model’s robustness to tex-
ture bias.

4.3. Results on SimCLR

We show the effectuality of our method when it is ap-
plied on a self-supervised learning setting, i.e SimCLR
which has a single positive augmented from an anchor im-
age without utilizing label information in the dataset. We
compare the performance of our method with that of the
vanilla model and the model pretrained jointly on counter-
factual images and ImageNet-100.

Model ImageNet-100 OOD-noise OOD-style

SimCLR 74.98 66.67 49.5
+CGN 69.74 (-5.24) 67.59 44
+ShapeAug 77.64 (+2.66) 67.22 53.5

Table 4. Top-1 classification accuracy (%). +ShapeAug denotes
SimCLR pretrained with the shape-foucsed augmentation in Fig. 2
and +CGN denotes SimCLR jointly pretrained on ImageNet-100
and counterfactual images in Fig. 3 (a). Numbers in parenthesis
is the accuracy difference on ImageNet-100 between the vanilla
model and each model.

Tab. 4 shows the comparisons of each model’s accu-
racy on ImageNet-100 and OOD datasets. Our method
also shows the enhanced accuracy over the vanilla model
across all validation sets. Contrary to our method, the
model pretrained on counterfactual images shows the lower
accuracy on ImageNet-100 than the vanilla model. How-
ever, it shows higher accuracy on one of OOD datasets,
OOD-noise, than the vanilla model and our method. This
results were not shown in the experiment on supervised con-
trastive learning setting. We presume it is caused by the
difference of the learning protocol between supervised con-
trastive learning and SimCLR, which means whether they
incorporate images with the same label as the anchor image
in positives or not.

4.4. Ablation studies

Model ImageNet-100 OOD-noise OOD-style

SupCon 80.06 69.61 49
+Aug-Aug 78.8 (-1.26) 70.90 58.5
+ShapeAug 82.24 (+2.18) 71.82 54

Table 5. Top-1 classification accuracy (%). +Aug-Aug denotes
SupCon pretrained by applying data augmentations twice. +Sha-
peAug denotes SupCon pretrained with shape-foucsed augmenta-
tion as shown in Fig. 4. Numbers in parenthesis is the accuracy
difference on ImageNet-100 between the vanilla model and each
model.

As an ablation study, we show that the trade-off be-
tween the model’s robustness to out-of-distribution samples
and the accuracy on the original dataset are not able to be
overcome by merely applying multiple times of data aug-
mentations during training. We compare the accuracy of
our method with that of the supervised contrastive learning
model which is pretrained by consecutively applying data
augmentations twice.

Tab. 5 shows the accuracy on OOD datasets and
ImageNet-100 by each model. Only our approach shows the
higher accuracy across all test sets than the vanilla model.
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Model Mixed-Same Mixed-Rand BG-Gap ⇓
SupCon 76.59 69.04 7.55
+CGN 75.93 66.52 9.41
+ShapeAug 79.19 72.30 6.89

Table 6. Top-1 classification accuracy (%) on two subsets of Back-
grounds Challenge dataset [19], i.e., Mixed-Same and Mixed-
Rand, and BG-Gap score. +CGN denotes SupCon jointly pre-
trained on ImageNet-100 and counterfactual images as shown in
Fig. 3 (a). +ShapeAug denotes SupCon pretrained with shape-
foucsed augmentation as show in Fig. 4. Downwards Arrow ⇓
implies the lower measure the less dependence of the classifier on
the image’s background information.

The experiment results show the importance of differentiat-
ing the foreground and background of the object in an image
when we give variety to the image’s texture.

As an additional ablation study, we evaluate our
method’s accuracy on two subsets of Backgrounds Chal-
lenge dataset [19] and measure the gap between the accura-
cies on the two subsets.

The two subsets are Mixed-Same and Mixed-Rand
dataset. Mixed-Same dataset contains the images with the
background which is modified to the background of rele-
vant classes of images in ImageNet. By contrast, Mixed-
Rand dataset includes the images whose backgrounds are
randomized and have no more correlation with the labels of
the original images. Xiao et al. [19] also proposed BG-Gap
score which is the gap in the model’s accuracies on Mixed-
Same and Mixed-Rand as the measure of the model’s re-
liance on the background information when classifying the
images. We compare the BG-Gap score of our method with
that of other baselines.

Tab. 6 exhibits the accuracy on Mixed-Same and Mixed-
Rand by each model and consequently its BG-Gap score.
Our method not only displays the highest accuracy on both
Mixed-Same and Mixed-Rand dataset but also the lowest
BG-Gap score. It means that there is less drop in the
model’s classification performance even if the object in
an image from the original dataset is located on out-of-
distribution backgrounds. This outcome shows that our
method enables the model to be trained to perceive im-
ages more structurally by differentiating the foreground and
background of the object in an image while increasing the
model’s robustness to out-of-distribution samples.

5. Conclusion
In this paper, our work aims to overcome the trade-

off between improving the classifier’s robustness to out-of-
distribution samples and increasing its accuracy on the in-
domain samples. For this challenging issue, we proposed a
novel data augmentation scheme called shape-focused aug-

mentation. Our method differently modifies the texture of
the foreground and background of the object in an image.
The main intuition in shape-focused augmentation is train-
ing the model to concentrate on the global shape feature
in the augmented image while reducing the model’s depen-
dence on the image’s local texture feature when classifying
images. We experiment our method on both the supervised
learning model and the self-supervised learning model and
demonstrated the effectiveness of our method by compar-
ing its accuracy on various datasets with multiple baselines.
As a result, we showed that our aims to overcome the con-
flicting trade-off issues in the classification model can be
achieved when the shape-focused augmentation is applied
to contrastive learning methods.
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