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Understanding a feature representation (e.g., object shape and texture) of an image is an important clue for
image classification tasks using deep learning models, it is important to us humans. Transformer-based ar-
chitectures such as Vision Transformer (ViT) have outperformed higher accuracy than Convolutional Neural
Networks (CNNs) on such tasks. To capture a feature representation, ViT tends to focus on the object shape
more than the classic CNNs as shown in prior work. Subsequently, the derivative methods based on self-
attention and those not based on self-attention have also been proposed. In this paper, we investigate the
feature representations captured by the derivative methods of ViT in an image classification task. Specifically,
we investigate the following using a publicly available ImageNet pre-trained model, i ) a feature representation
of either an object’s shape or texture using the derivative methods with the SIN dataset, ii ) a classification
without relying on object texture using the edge image made by the edge detection network, and iii ) the ro-
bustness of a different feature representation with a common perturbation and corrupted image. Our results
indicate that the network which focused more on shapes had an effect captured feature representations more

accurately in almost all the experiments.

1 INTRODUCTION

Following the overwhelming success of Convolu-
tional Neural Networks (CNNs) in ImageNet Large
Scale Visual Recognition Challenge (ILSVRC) 2012
challenge, CNNs have been used in numerous com-
puter vision tasks. However, Vision Transformer
(ViT) (Dosovitskiy et al., 2021) has outperformed
CNNSs on image classification tasks. The ViT archi-
tecture applies a transformer (Vaswani et al., 2017)
for natural language processing to computer vision.
ViT first divides an input image into a sequence
of patches and then obtains the correspondence be-
tween patch features by self-attention (SA) to ag-
gregate the tokens and produce their representations.
ViT achieves high recognition accuracy on ImageNet
despite its simple structure. Subsequently, because
of ViT’s sucess in computer vision, many deriva-
tives (Liu et al., 2021)(Touvron et al., 2021)(Wu et al.,
2021) have been proposed.

Swin Transformer (Swin) (Liu et al., 2021) is a
widely used derivative of ViT. Swin has improved the
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computational complexity of the SA within ViT and
its architecture is applicable for a wide range of com-
puter vision tasks such as object detection and seman-
tic segmentation. Additional methods have been pro-
posed, including CvT (Wu et al., 2021) of SA com-
bined with the convolution and a method that use
self-supervised learning (Caron et al., 2021)(Kaim-
ing et al., 2022) have been proposed. The majority
of these were derived from ViT’s SA-based approach.
However, ConvNeXt (Liu et al., 2022a) outperformed
ViT as a result of re-designing of ResNet (He et al.,
2016) on the the basis of ViT architecture. In addi-
tion, MLP-Mixer (Tolstikhin et al., 2021) was mod-
ified from the multi-head attention of ViT to simple
multi-layer perceptron (MLP), and PoolFormer (Yu
et al., 2022) was modified to average pooling. Non-
SA-based methods also have proposed, showing that
ViT is not necessary if the spatial features of the im-
age are captured and highlighting the need for SA in
image classification tasks.

ViT may not be required in computer vision be-
cause models such as CNN, MLP, etc. can improve
recognition. Tuli et al. (Tuli et al., 2021) analyzed the
feature representations that ViT and CNN capture in
image classification. As shown in Figure 1(a), a cat
image is transferred to an elephant texture in the SIN
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Transfer [Leon+ CVPR2016]

Shae label :cat ]
Texture label : elephant

(a) SIN dataset

Classification
cat — shape
elephant — texture

(b) Evaluation method

Figure 1: Evaluation method and example image from SIN
dataset. The texture is generated from the original image by
Style Transfer (Leon et al., 2016) includes shape and texture
labels. The network takes a generated image as input and
classifies it.

dataset (Robert et al., 2019). The transferred image is
given the correct label cat and texture label elephant’.
The evaluation method for the SIN dataset is shown in
Figure 1(b). A network (e.g., CNN or ViT) takes the
transferred image as input, and if the model classifies
the image as a cat, it focuses on the object shape. If
the model classifies the image as an elephant, it fo-
cuses on the object texture. This makes it possible to
analyze the feature representation that the model cap-
tures and recognizes. ViT has the feature representa-
tion of the object shape, while CNN has the texture
representation rather than shape.

We argue that ViT is highly effective for captur-
ing object shapes in image classification, which has
been considered difficult with conventional methods.
However, it is unclear whether the methods derived
from ViT can capture object shapes as well as ViT
itself. In this paper, we investigate the feature rep-
resentations captured by the derivative methods in an
image classification task. Specifically, we investigate
the following on a publicly available ImageNet (Deng
et al.,, 2009) pre-trained model. i) Feature repre-
sentation of either object shape or texture using the
derivative methods. We test the cue conflict between
texture and shape from the methods with the SIN
dataset. ii) Classification without relying on object
texture using the edge image made by the edge de-
tection network (Xavier et al., 2020). We evaluate an
image from the ImageNet validation dataset, exclud-
ing texture, using the edge detection network. The
ImageNet-sketch (Wang et al., 2019) dataset is most

Uhttps://github.com/rgeirhos/texture-vs-shape
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suitable for our purpose, but it includes a shadow tex-
ture on the objects, which results in noisy of object
shape. We investigate whether the model can capture
the shape of the natural object by removing as much
texture as possible from the natural images using the
network. iii ) The robustness of a different feature rep-
resentation with a common perturbation and corrup-
tion image on ImageNet-C (Dan and Thomas, 2019).
We examine the robustness of the shape- and texture-
focused models to common noise (e.g., weather, blur)
that can occur in object recognition. Experimental re-
sults show that the network focusing more on shapes
has an effect on almost all the experiments.

The main contributions of this work are as fol-
lows.

* We clarify the feature representations captured by
the methods derived from ViT.

* We show the potential of learning to capture shape
for building robust models.

2 RELATED WORK

In this section, we review studies on image classifica-
tion with ViT derivative methods.

2.1 Self-Atttention Based Approach

ViT is a model that applies a Transformer to computer
vision tasks. ViT is known to outperform CNN, but in
order to do so, it needs to be pre-trained on a dataset of
300 million images. Otherwise, over-training is likely
to occur when there is insufficient data. Touvron et
al. (Touvron et al., 2021) proposed DeiT, the accu-
racy of which is comparable to CNNs with a similar
number of parameters through various data augmen-
tations and regularization, even with insufficient data.
Thus, DeiT avoids the difficulty of learning encoun-
tered in ViT. Various methods (Liu et al., 2021)(Wu
et al., 2021)(Caron et al., 2021)(Kaiming et al., 2022)
based on ViT have been proposed using the data aug-
mentations and hyperparameters set up in DeiT.
Several methods have been derived from ViT, in-
cluding one that reduces the amount of computa-
tion required for SA (Liu et al., 2021)(Wang et al.,
2021)(Hongxu et al., 2022)(Zhuofan et al., 2022) and
another that combines ViT with Convolution (Wu
et al., 2021)(Zihang et al., 2021)(Zhengzhong et al.,
2022). A method based on self-supervised learn-
ing has been proposed, which can be divided into
two approaches: one based on contrastive learning
to measure similarity between two images (Caron
et al., 2021)(Xinlei et al., 2021) and one based on
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masked image modeling to reconstruct the original
image using masking patch tokens (Kaiming et al.,
2022)(Hangbo et al., 2022). In this paper, we inves-
tigate the feature representation of the representative
method from these. We also investigate the feature
representation of DeiT III (Hugo et al., 2022), which
reconsiders the data expansion of DeiT to make it eas-
ier for ViT to capture the shape.

2.2 Non-Self-Atttention-Based
Approach

Transformers are used in various tasks such as video
recognition (Liu et al., 2022b)(Anurag et al., 2021),
segmentation (Xie et al., 2021)(Zheng et al., 2021),
and generative models (Yifan et al., 2021)(Kwon-
joon et al., 2021) as it was found to be effective for
computer vision models. These methods use self-
attention based models; however, non-SA-based ap-
proach have also been proposed. For example, Liu
et al. (Liu et al., 2022a) proposed ConvNeXt for re-
designing ResNet (He et al., 2016) based on ViT ar-
chitecture. Tolstikhin et al. (Tolstikhin et al., 2021)
proposed MLP-Mixer to modify the multi-head atten-
tion of ViT to a simple MLP, in which the model is
computed by MLP for each feature map. Yu et al. (Yu
et al., 2022) proposed PoolFormer, which changes the
multi-head attention of ViT to average pooling. These
models have the MetaFormer structure, which cap-
tures spatial and dimensional features separately sim-
ilar to ViT. Therefore, the attention mechanism is es-
sentially unnecessary.

These findings lead us to reconsider the neces-
sity of ViT in computer vision. On the one hand,
ViT has enabled image classification which captures
object shapes, which is difficult with conventional
recognition models such as AlexNet, ResNet, etc. It
is unclear whether the non-SA-based approaches are
capable of capturing object shapes as well as ViT.
Thus, we investigate the feature representations of
their models to clarify the usefulness of ViT in com-
puter vision.

2.3 Robustness of Vision Transformer

Most studies on the robustness of ViT compare ViT
with ResNet. These studies (Tuli et al., 2021)(Muza-
mmal et al., 2022) have examined the object shape
and texture feature representations of ViT and CNN
with the SIN dataset (Robert et al., 2019). The robust-
ness has also been examined using natural noise im-
ages(Daquan et al., 2022)(Xiaofeng et al., 2022) and
adversarial training (Sayak and Pin-Yu, 2022)(Kaleel
et al., 2021)(Rulin et al., 2021)(Srinadh et al., 2021).

ImageNet

Contour ImageNet

Figure 2: Example of ImageNet and Contour ImageNet.

The multi-head attention tends to capture a low-pass
filter unlike CNN, as shown in (Namuk and Songkuk,
2022)(Peihao et al., 2022). While most of the prior
studies compare classical CNN with ViT, our paper
compares state-of-the-art methods with ViT.

3 EXPERIMENTS

In this section, we test several models on public
datasets.

3.1 Evaluation Details

Datasets and Evaluation Metrics. We utilize four
widely used image datasets: SIN (Robert et al., 2019),
ImageNet (Deng et al., 2009), ImageNet-C (Dan and
Thomas, 2019), and Contour ImageNet. The SIN
dataset contains 1,280 images with style transforma-
tions between classes. In other words, there are 16
classes with 80 images per class. To compute the
score in the dataset, we calculate shape bias as the
proportion of correct shape decisions out of correct
shape decisions and correct texture decisions. We
only evaluate the subset of images for which either
the shape or texture is correctly classified.

ImageNet (IN) is evaluated on validation data
containing 50,000 images and 1,000 classes. The
edge image was created by the edge detection net-
work (Xavier et al., 2020) from ImageNet’s validation
data, which we refer to as “Contour ImageNet” (Con-
tour). The shape of the natural object is focused on by
removing as much texture as possible from the natu-
ral images using the edge detection network as shown
in Figure 2. The ImageNet-C consists of 15 (+ 4 ex-
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Figure 3: Example of ImageNet-C. A different corruption (blur, noise, etc.) is applied to each sample.

tra) algorithmically corruption images generated from
noise, blur, weather, and digital categories as shown
in Figure 3. Each type of corruption has five levels
of severity. In total, there are 95 distinct collapsed
images. We evaluate both the accuracy of the clean
image on ImageNet and the robustness of the model
on these datasets. We evaluate the mean corruption
error (mCE) and retention rate (Retention) following
(Dan and Thomas, 2019) and (Daquan et al., 2022) on
ImageNet-C, respectively. The CE is the robustness
calculated by dividing the top-1 error for each corrup-
tion by the AlexNet error, and mCE is the average CE.
Retention is calculated as the ratio of ImageNet-C’s
robustness accuracy to ImageNet’s clean accuracy.

Baseline Methods. We use the following baseline
methods for comparison. We use ResNet and Con-
vNeXt as CNNs, ViT, DeiT, Swin, and CVT as
conventional vision transformers, and PoolFormer
and MLPMixer as a representative model for the
Metaformer architecture. We also compare DeiT III,
which is the altered data augmentation recipe for
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DeiT. These methods are trained by supervised learn-
ing. In addition, we use self-DIstillation with NO
labels (DINO) and Masked AutoEncoder (MAE) by
self-supervised learning as the method under inves-
tigation. This enables us to analyze the differences
in feature representations depending on the learning
method. In our experiments, we use the timm li-
brary (Wightman, 2019) or the official code for the
models. Among them, we selected the large model
sizes which are typically the highest performing. All
methods use ImageNet pre-trained models or Ima-
geNet21k pre-trained models fine-tuned to ImageNet.

3.2 Result of Texture vs. Shape

Figure 4 shows the fraction of shape or texture de-
cisions of each method using the SIN dataset on
ImageNet-trained models. The upper axis represents
the shape and the lower axis represents the texture.
The higher the value, the more the feature represen-
tation was captured. Note that ViT is compared with
DeiT data augmentation applied to ViT because the
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Figure 4: Classification results of shape vs. texture biases
for ImageNet-trained networks. The upper axis is the frac-
tion of shape decisions which capture the object shape. The
lower axis is the fraction of texture decisions, which capture
the object texture. Vertical lines indicate averages.

ImageNet pre-trained model is not publicly available.
DeiT III, represented by dark blue in the figure, cap-
tures the shape-like features among the supervised
learning. Meanwhile, Swin, Pool, and CvT are simi-
lar to ResNet in that they focus on textures for classifi-
cation; however, ConvNeXt with re-designed ResNet
based on ViT architecture focuses on texture and cap-
tures about 40% object shapes. Therefore, the fea-
ture representation of ConvNeXt is closer to that of
ViT. MAE captures feature representations of shapes
more accurately than DINO using the self-supervised
learning method. This is because MAE captures spa-
tial relationships between visualizable patch tokens at
the encoder and reconstructs an object contour image
to complement the masked tokens at the decoder. In
addition, the larger the model size of MAE, the more
of the shape it tends to capture. Only MAE-L rep-
resented by dark purple in the figure has captured a
feature representation focusing on object shape.
Figure 5 shows the results of ImageNet21k pre-
trained models fine-tuned to ImageNet. Overall, as
the training data increases, the models are more likely
to capture the object shape as a feature representa-
tion. In particular, only ViT, represented in the figure
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Figure 5: Classification results of shape vs. texture bi-
ases on ImageNet21k pre-trained models fine-tuned to Im-
ageNet.

with black, has a shape bias. DeiT III captures shape
and texture to the same degree as the results shown
in Fig. 4. The pure ViT model tends to capture more
shape than Swin and ConvNeXt.

3.3 Quantitative Results

Table 1 compares the feature representation results of
several methods. MAE was the most effective on Im-
ageNet. DeiT III had the highest score on ImageNet
and ImageNet2 1k pre-trained under supervised learn-
ing.

Effectiveness of the Edge Object. DeiT III-L and
MAE most accurately captured the feature representa-
tion of the shape rather than texture, immediately fol-
lowed by ConvNeXt and DeiT III-B as shown in the
Contour column of Tab. 1. Most models effectively
captured the contour images if they performed well
on natural images and recognized contour to some ex-
tent when pre-trained on ImageNet21k. In particular,
Swin’s contour result is about three times higher than
that of the trained model on ImageNet. This indicates
that models are more likely to capture feature repre-
sentations of shapes when trained on a large dataset.
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Table 1: Main results for various methods on several datasets. PT is the pre-training datasets and /N-21k is the ImageNet21k
pre-trained model fine-tuned to ImageNet. Type is the learning type, SL and SSL are the supervised learning and self-
supervised learning, respectively. IN is the top-1 accuracy on ImageNet. Contour and IN-C are evaluated the edge image
made by the edge detection network and a common perturbation and corruption image on ImageNet-C, respectively, which
affect model robustness. Retention and mCE are the evaluation metrics with respect to model robustness and mean CE,

respectively.

PT [ Type [ Method [ IN(T) Contour (T) IN-C(1) Retention(?) mCE(])

ResNet-152 82.3 7.1 56.5 68.6 55.6

ConvNeXt-L 84.2 12.6 64.4 76.5 45.8

Pool-48M 82.4 6.6 56.5 68.6 55.7

MLPMixer-L | 68.3 2.7 34.6 50.6 83.8

= SL CvT-21 82.5 7.1 233 28.3 98.5

2 Swin-B 83.2 5.0 58.7 70.6 52.9

é;b DeiT-B 81.1 5.2 58.8 72.5 52.8

g DeiT-L 79.7 3.6 58.6 73.4 53.0

- DeiT III-B 83.7 12.7 66.2 79.1 435

DeiT III-L 84.6 17.2 69.6 82.3 39.2

DINO-B 78.1 4.3 53.2 63.1 59.7

SSL | MAE-B 83.6 8.9 59.5 71.2 52.1

MAE-L 85.9 16.5 67.4 78.5 42.0

ConvNeXt-L 86.3 18.5 68.6 79.5 40.3

] Swin-B 84.7 12.9 67.2 79.3 42.1

Q SL Swin-L 85.5 16.6 68.7 80.4 40.1

& ViT-L 84.4 17.0 68.5 81.1 40.4

DeiT III-L 86.8 23.9 67.9 78.2 41.0

Model Robustness. In-C and Retention in Tab. 1
show the top-1 accuracy and model robustness, re-
spectively, for several methods on ImageNet-C. DeiT
IIT was the most effective on ImageNet, followed by
MAE and ConvNeXt. Interestingly, DeiT and Swin
scored lower than ResNet in Contour but were more
robust to noise. This result shows that SA is more
robust to noise than conventional convolution. We
also found that CvT of SA combined with convolu-
tion performed poorly on noisy images. The top-1
accuracy of the models pre-trained by ImageNet21k
performed equally well on nearly all models, and ViT
had the highest retention. Thus, ViT pre-trained on
ImageNet21k was the optimal model for balancing
accuracy and robustness, and the models pre-trained
on ImageNet21k were robust to noise.

Table 2 shows the corruption error for each noise
in ImageNet-C, and the average of these is the mCE in
Tab. 1. The results on ImageNet indicated that DeiT
IIT is robust to most noise among the supervised learn-
ing. For self-supervised learning, MAE is robust to
noise than DINO. The effectiveness of DeiT III and
MAE in almost all experiments shows that it is impor-
tant to apply data augmentation, structures, and learn-
ing method that capture object shape, at least when
training ViT on ImageNet. In addition, DeiT is much
more robust to blur than ResNet, indicating that DeiT
captures lower frequency components. Therefore, we
believe that multi-head attention of DeiT works as
a low-pass filter similarly to (Namuk and Songkuk,
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2022)(Peihao et al., 2022). We also show that each
model is robust to the noise on ImageNet21k pre-
trained. Therefore, the model becomes more robust
to noise when trained on a larger dataset.

4 CONCLUSION

In this paper, we investigated whether the methods de-
rived from ViT capture the feature representations of
object shapes and textures in an image classification
task, and how they are affected by a common pertur-
bation and corruption image with four datasets. Ex-
perimental results show that the ViT method focusing
on shapes is robust to clean and noisy images on sev-
eral image datasets. In self-supervised learning, we
found that masked image modeling is more robust to
clean and noisy images than the contrastive learning
approach. Furthermore, we found that the model is
robust to noise when larger data is available. Our fu-
ture work will be to investigate whether learning to fo-
cus on shapes with a CNN model such as ConvNeXt
enhances accuracy and robustness to noise. We also
aim to identify derivative methods that are robust to
adversarial training.
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Table 2: Main results for several methods on ImageNet-C. The value is corruption error ; lower is desirable. IN is the ImageNet
pre-trained model and IN-21k is the model pre-trained on ImageNet21k and fine-tuned on ImageNet.

P | Type | Method [ Blur [ Digital [ Exira [ Noise [ Weather
| defocus | glass | motion | zoom | contrast [ elastic [ jpeg [ pixelate | gaussian | saturate | spatter | speckle | gaussian [ impulse | shot | brightness | fog [ frost | snow
ResNet-152 619 793 59.7 663 422 703 56.8 540 60.8 403 542 419 50.8 519 524 47 455 | 586 | 560
ConvNeXt-L 562 712 485 555 342 61.9 489 417 559 349 397 315 371 36.0 387 388 415 | 420 | 431
Pool-48M 65.5 82.2 59.3 66.4 426 740 59.1 60.9 64.4 402 499 419 480 416 50.7 436 510 | 495 | 562
MLPMixer-L 924 97.6 813 94.6 63.1 96.2 96.1 826 914 737 839 784 813 84.0 828 69.8 709 | 772 | 883
SL OvT21 1108 107.1 1038 104.6 9.9 1072 | 1099 106.2 1108 93.0 86.0 92.0 95.1 949 94.7 99.8 909 | 825 | 839
Swin-B 62.8 758 55.1 63.8 411 68.0 56.7 557 62.5 40.1 434 418 418 9.1 512 433 3901 | 486 | 527
z DeiT-B 60.0 68.8 516 654 50.0 61.6 578 518 59.1 4.1 412 43 470 46.9 485 455 465 | 467 | 539
DeiT-L 592 63.5 519 64.3 411 58.5 517 530 58.6 49 49.7 48.1 516 50.8 534 416 463 | 473 | 49
Deit I1I-B 511 653 484 60.0 329 59.6 485 418 500 350 36.8 36.5 36.1 35.8 38.1 384 324 | 394 | 403
Deit I-L 474 59.6 422 514 30.1 542 4.1 36.8 464 32 334 31 320 314 33.6 359 292 | 38 | 36.6
Dino-B 595 759 65.2 717 510 65.3 60.5 529 8.1 46.2 548 56.6 02.1 62.6 03.1 481 545 | 613 | 6L5
SSL | MAEB 613 758 56.9 66.8 4217 714 58.1 527 60.3 409 4.1 426 454 45 464 435 447 | 456 | 461
MAE-L 509 66.8 4.1 530 334 592 46.2 42.5 50.7 329 327 336 36.1 348 36.7 36.2 355 | B9 | 356
ConvNeXt-L 454 624 417 413 335 54.5 408 338 467 324 351 338 352 33 36.2 355 347 | 423 | 398
< Swin-B 4.1 65.0 49 534 345 570 49 313 49.3 345 344 352 370 36.7 378 357 327 | 395 | 402
qQ SL Swin-L 459 62.6 426 49.6 326 55.1 417 346 46.5 33.2 38 340 359 339 36.6 364 37| 32 | 367
Z ViT-L 45.6 535 415 503 314 525 428 335 42 344 369 34 36.5 36.5 374 353 350 | 449 | 404
DeiT III-L 413 58.6 433 49.0 34.2 55.2 389 321 41.6 317 352 378 425 39.9 433 347 358 | 448 | 379
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