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Humans and animals possess the remarkable ability to comprehend and per-
ceive the world around them with minimal, if any, reliance on explicit labels. Much
of the knowledge acquired by humans is obtained without the need for direct super-
vision, simply by processing extensive amounts of unlabeled data. This observation
strongly suggests that enabling machines to grasp the world without the use of labels
could represent a fundamental approach to artificial intelligence. However, the vast
majority of advancements achieved by state-of-the-art deep neural networks have
been fueled by their dependence on annotated datasets. The process of annotating
datasets is both costly and impractical for numerous domains. This manuscript
discusses various ways machines can be taught without using any labels using Self-
Supervised Learning (SSL). We show that generally training machines without using
any labels can result in less biased and more robust representations.

This manuscript deals with mainly four types of issues in SSL. The first prob-

lem we tackle is the over-emphasis of neural networks on low level shortcuts such as



texture. Consider the example of a sofa with texture of a leopard. State-of-the-art
neural networks will often predict this sofa to be a leopard, instead of a sofa. Unlike
humans, neural networks don’t understand the shape of objects and often rely on
low level cues. To solve this we propose two different methods. To reduce reliance
on texture cues we firstly propose to suppress texture in images, which helps the
neural networks to focus less on texture and more on higher level information such as
shape. Secondly we augment the SSL learning methods with negative samples which
contain only texture from the images. By augmenting with texture based images
our method achieves better generalization, especially in out-of-domain settings.

The second problem we deal with is the poor performance of SSL methods
on multi-object datasets like Openlmages. One of the fundamental reasons behind
this is the cropping data augmentations that select sub-regions of an image to be
used as positive samples. These positive samples are generally very meaningful
since in object centric datasets they often contain semantic overlap between the
views. However this doesn’t hold for multi-object datasets since there could be
multiple objects and the two views might not have semantic overlap. To remedy
this we propose replacing one or both of the random crops with crops obtained from
an object proposal algorithm. This encourages the network to learn more object
aware representations that result in significant improvement over the random crop
baselines.

Thirdly, current SSL networks generally treat objects and scenes using the
same framework. However visually similar objects are close in the representation

space, hence we argue that scenes and objects should follow a hierarchical structure



based on their compositionality. To solve this, we propose a contrastive learning
framework where a Fuclidean loss is used to learn object representations and a
hyperbolic loss is used to encourage representations of scenes to lie close to repre-
sentations of their constituent objects in a hyperbolic space. Our hyperbolic loss
encourages the network to have a scene-object hypernymy by optimizing the mag-
nitude of their norms.

Lastly, we address the challenge of training self-supervised learning (SSL)
methods on vast real-world datasets like JE'T. Currently, state-of-the-art SSL meth-
ods struggle to perform effectively on JFT due to its skewed data distribution.
To address this issue, we present a novel approach that combines Masked Autoen-
coders and contrastive learning. We introduce CAN, which is a concise and con-
ceptually clear fusion of three components: (C) contrastive learning, (A) masked
autoencoders, and (N) the noise prediction approach commonly used in diffusion
models. These learning mechanisms complement each other in the following ways:
contrastive learning shapes the embedding space when processing a batch of im-
ages; masked autoencoders focus on reconstructing low-frequency spatial correla-
tions within a single image; and noise prediction is employed to reconstruct high-
frequency image components. When combined, our approach surpasses the perfor-
mance of its individual constituents, MAE and SimCLR, across a wide range of

downstream transfer learning and robustness tasks.
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Chapter 1: Introduction

1.1 Objective

Self-Supervised learning in recent years has made great progress and has shown that
it is possible to learn high-level representations of object categories from unlabelled
images [35,91]. The most studied benchmark dataset in self-supervised learning is
ImageNet [56], where representations learned from unlabeled images can surpass su-
pervised representations, both in terms of their data-e ciency and transfer-learning
performance [27,91]. The ultimate goal of SSL is to work well with large scale uncu-
rated datasets. However SSL methods show sub-par performance when pre-trained
on large scale uncurated datasets like IG-1B [91] and JFT [214]. There are multiple
challenges in SSL that have hampered its progress. In this manuscript we discuss
three main challenges. The rst limitation of these methods is their over-reliance
on low level cues like texture and second is poor performance on multi-object scene
datasets like Openlmages [137], COCO [148]. In this manuscript we rstly deal
with the problem of removing low-level shortcuts such as texture and then we work
on the problem of training SSL methods on multi-object scene images. Lastly we

discuss how to e ciently scale SSL methods on large scale datasets like JFT [214].



1.2 A Solution for Texture

We begin in Chapter 2 by addressing the problem of texture bias in CNNs . Recent
literature [77] has shown that features obtained from supervised training of CNNs
may over-emphasize texture rather than encoding high-level information. In self-
supervised learning in particular, texture as a low-level cue may provide shortcuts
that prevent the network from learning higher-level representations. We hypothesize
that retaining more edge information and suppressing texture can help in alleviat-
ing these problems. To this end, we propose to use a simple classical idea based
on anisotropic di usion to augment training using images with suppressed texture.
We empirically show that augmenting ImageNet with texture suppressed ImageNet
improves results on image classi cation with ve diverse datasets in both supervised
or self-supervised learning tasks such as MoCoV2 [92] and Dense-CL. Our method
is particularly e ective for transfer learning tasks, and we observe improved perfor-
mance on twelve transfer learning datasets. The large improvements (up to 11.49%)
on the Sketch-lmageNet [241], and Synthetic-DTD datasets [174], and additional
visual analyses of saliency maps suggest that our approach helps in learning better
representations that transfer well to downstream tasks. We show that our method
is simple to implement and can be integrated into various computer vision tasks eas-
ily. We also compare our approach with Gaussian blur augmentation, recently used
in [35,39], and show that Anisotropic- Itering for texture suppression is better be-
cause isotropic Gaussian blur can potentially suppress edges and other higher-level

semantic information as well.



Contrastive learning has been the main driving force behind the exceptional
progress of unsupervised learning. However contrastive learning methods are also
prone to depend on low-level features that humans deem non-semantic. This depen-
dency has been conjectured to induce a lack of robustness to image perturbations or
domain shift. In Chapter 3, we show that by generating carefully designed negative
samples, contrastive learning can learn more robust representations with less de-
pendence on such features. Contrastive learning utilizes positive pairs that preserve
semantic information while perturbing super cial features in the training images.
Similarly, we propose to generate negative samples in a reversed way, where only the
super uous instead of the semantic features are preserved. We develop two meth-
ods, texture-based and patch-based augmentations, to generate negative samples.
We evaluate our methods with two contrastive learning methods, MoCo [39,92] and
BYOL [85], on three datasets, ImageNet-100, ImageNet-1K and STL-10. When us-
ing our proposed augmentations to generate negative samples and minimizing their
representation similarity to the input images, we notice a consistent improvement in
generalization performance over backbone methods [39,85] and previous negative ex-
ample generation strategies [122,193], especially under out-of-distribution (OOD)
settings. We also analyze our method and the generated texture-based samples,
showing that texture features are indispensable in classifying particular ImageNet
classes and especially ner classes. A larger texture bias bene ts more ne-grained
classi cation such as dog breeds, while larger shape bias helps shape based datasets

like ImageNet-Sketch [241].



1.3 A Solution for Multi-Object Scene images

We next address the issue of training SSL on multi-object datasets in Chapter 4.
SSL methods traditionally have been shown to work well on object centered datasets
like ImageNet, but they perform poorly on complicated multi-object scene images.
A core component of the recent success of self-supervised learning is cropping data
augmentation, which selects sub-regions of an image to be used as positive views
in the self-supervised loss. The underlying assumption is that randomly cropped
and resized regions of a given image share information about the objects of interest,
which is captured by the learned representation. This assumption is mostly satis-
ed in datasets such as ImageNet where there is a large, centered object, which is
highly likely to be present in random crops of the full image. However, in other
datasets such as Openlmages or COCO, which are more representative of real world
uncurated data, there are typically multiple small objects in an image. In this work,

we show that self-supervised learning based on the usual random cropping performs
poorly on such datasets (measured by the di erence from fully-supervised learning).
Instead of using pairs of random crops, we propose to leverage an unsupervised ob-
ject proposal technique; the rst view is a crop obtained from this algorithm, and the
second view is a dilated version of the rst view. This encourages the self-supervised
model to learn both object and scene level semantic representations. Using this ap-
proach, which we callbbject-aware croppingresults in signi cant improvements over
random scene cropping on classi cation and object detection benchmarks. We con-

duct a number of experiments incorporating object-aware cropping, nding consis-
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tent improvements on state of the art self-supervised methods such as MoCo-v2 [39],
BYOL [86] and Dense-CL [245] across varied datasets and tasks. When we pre-train
on Openimages, our approach achieves an improvement 8% mAP over random
scene cropping (both methods using MoCo-v2). We also show signi cant improve-
ments on COCO and PASCAL-VOC object detection and segmentation tasks over
the state-of-the-art self-supervised learning approaches. Our approach is e cient,
simple and general, and can be used in most existing contrastive and non-contrastive
self-supervised learning frameworks.

Self-Supervised learning methods generally treat objects and scenes using the
same lens. In Chapter 5, we focus on learning representations for objects and scenes
explicitly in the same space. Motivated by the observation that visually similar
objects are close in the representation space, we argue that the scenes and objects
should instead follow a hierarchical structure based on their compositionality. To
exploit such a structure, we propose a contrastive learning framework where a Eu-
clidean loss is used to learn object representations and a hyperbolic loss is used to
encourage representations of scenes to lie close to representations of their constituent
objects in a hyperbolic space. This novel hyperbolic objective encourages the scene-
object hypernymy among the representations by optimizing the magnitude of their
norms. We show that when pretraining on the COCO and Openlmages datasets
using MoCo-v2 [91], ORL [254] and Dense-CL [246] pre-text tasks, the hyperbolic
loss improves downstream performance across multiple datasets and tasks, includ-
ing image classi cation, object detection, and semantic segmentation. We also show

that the properties of the learned representations allow us to solve various vision
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tasks that involve the interaction between scenes and objects in a zero-shot way.
We show results on label uncertainty quanti cation and also out-of-context object

detection on the SUNOQ9 dataset [43].

1.4 Scaling Self-Supervised learning to large scale datasets:

In Chapter 6 we introduce CAN, a simple, e ective, and scalable approach for
self-supervised visual representation learning. CAN is an elegant fusion of (C) con-
trastive learning, (A) masked autoencoders, and (N) the noise prediction technique
from di usion models. These components work harmoniously: contrastive learning
shapes the embedding space across a batch of image samples, masked autoencoders
focus on reconstructing low-frequency spatial correlations within individual images,
and noise prediction encourages the reconstruction of high-frequency components.
The result is a robust, scalable, and straightforward algorithm. During training, we
symmetrically mask 50% of patches in both views, greatly enhancing e ciency com-
pared to previous contrastive learning methods. Extensive empirical experiments
demonstrate CAN's strong performance in downstream tasks, including linear and
ne-tuning evaluations for transfer learning and robustness. CAN outperforms MAE
and SIimCLR when pre-training on ImageNet, and it shines when pre-training on
larger, uncurated datasets like JFT-300M. For instance, in a linear probe on Ima-
geNet, CAN achieves an accuracy of 75.4%, outperforming SimCLR at 73.4% and
MAE at 64.1%. In terms of netuned performance on ImageNet with our ViT-L

model, CAN reaches 86.1%, surpassing SImCLR's 85.5% and MAE's 85.4%. Fur-



thermore, CAN exhibits signi cantly lower FLOPs ( oating-point operations) load

compared to SIMCLR, patrticularly in ViT-L models.



Chapter 2: Learning Visual Representations For Transfer Learning

By Suppressing Texture

2.1 Introduction

Deep convolutional neural networks (CNNSs) learn powerful visual features that have
resulted in signi cant improvements on many computer vision tasks such as seman-
tic segmentation [204], object recognition [134], and object detection [190]. However,
CNNs often fail to generalize well across datasets under domain-shift due to varied
lighting, sensor resolution, spectral-response etc. One of the reasons for this poor
generalization is CNNs' over-reliance on low-level cues like texture [76]. These
low-level cues and texture biases have been identi ed as grave challenges to various
learning paradigms ranging from supervised learning [15, 76, 192] to self-supervised
learning (SSL) [21,59,62,177,179]. We propose to use classical tools to suppress tex-
ture in images as a form of data augmentation to encourage deep neural networks to
focus more on learning representations that are less dependent on textural cues. We
use the Perona-Malik non-linear di usion method [185], robust Anisotropic di u-

sion [12], and Bilateral Itering [224] to augment our training data. These methods

1The contents of this work is in collaboration with Anshul Shah, Ankan Bansal, Jonghyun
Choi, Abhinav Shrivastava, Abhishek Sharma and David Jacobs [167].
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Figure 2.1: An overview of our approach. We propose to augment the ImageNet
dataset by adding Anisotropic di used images. The use of this augmentation helps
the network rely less on texture information and increases performance in several
settings.

suppress texture while retaining structure by preserving boundaries.

Our work is inspired by the observation that ImageNet pre-trained models fail
to generalize well across datasets [76,189], due to over-reliance on texture and low-
level features. Stylized-ImageNet [76] attempted to modify the texture of images
using style-transfer to render images in the style of randomly selected paintings
from the Kaggle paintings dataset. However, this approach o ers little control over
exactly which cues are removed from the image. The resulting images sometimes
retain texture and distort the original shape. Stylized-ImageNet especially doesn't
work well in the case of SSL since the network learns the texture and uses those
textures to solve the SSL tasks (see Tab 2.2 Rowl. In our approach (Fig. 5.1), we
suppress the texture instead of modifying it. We empirically show that this helps
in learning better higher-level representations and works better than CNN-based
stylized augmentation. We compare our approach with Gaussian blur augmentation,
recently used in [35,39], and show that Anisotropic- ltering for texture suppression

is better because isotropic Gaussian blur can potentially suppress edges and other
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higher-level semantic information as well. Our proposed method works well in self-
supervised and supervised learning tasks, and we outperform both Gaussian blurring
and Stylized-ImageNet in both settings.

Anisotropic- Itering is simple to implement and can be integrated easily in
various computer vision-based methods. In the case of supervised learning, we
pre-train on ImageNet, and test on twelve di erent datasets including ImageNet,
Pascal VOC [67], Synthetic-DTD [174], CIFAR 100 [101], Sketch ImageNet [241],
etc. In the self-supervised setting, we use two learning frameworks: Dense-CL [246],
and MoCoV2 [39] and pre-train on ImageNet and COCO. Our texture-suppressing
augmentation consistently outperforms MoCoV2 and Dense-CL, which uses Gaus-
sian blurring, on transfer learning experiments on VOC classi cation, detection,
segmentation benchmarks, and also on classi cation tasks for other transfer learn-
ing datasets, including DTD [46], Cars [132], Aircraft [161], etc. With the help
of qualitative and quantitative analysis, we show that our model is less reliant on
high-frequency information in images and is more robust to common corruptions on
datasets like ImageNet-C [100], and CIFAR-100 [101]. Our model also learns better
shape bias than a Standard-ImageNet pretrained model and is also more con dent in
making correct predictions. Overall, we achieve signi cant improvements on several

benchmarks:

In a set of twelve diverse datasets, our method exhibits substantial improve-
ments (as high as +1149% on Sketch ImageNet and +1@1% on the DTD

dataset) in learning visual representations across domains.
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Figure 2.2: Four di erent methods for reducing texture in images.

We also get improvements in the same domain visual recognition tasks on

ImageNet validation (+0.82%), and on label corruption task [101].

A

We achieve improved results in self-supervised learning on image classi cation

transfer learning tasks and on VOC detection.

2.2 Related Work

In this section, we review relevant methods that aim to remove texture cues from
images to reduce the dependency of CNNs on low-level cues. Since we also ex-
periment with the application of our method in self-supervised learning, we review
recent work in this area as well.

Reliance on Low-Level Texture Cues. Recent studies have highlighted
that deep CNNs can leverage low-level texture information for classi cation on the
ImageNet dataset. Contrary to popular belief that CNNs capture shape informa-
tion of objects using hierarchical representations [139], the work in [76] revealed that
CNNs trained on ImageNet are more biased towards texture than shape informa-
tion. This dependency on texture not only a ects generalization, but it can also

limit the performance of CNNs on emerging real-world use-cases like few-shot image
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classi cation [192]. [15] showed that a bag of CNNs with limited receptive eld in
the original image canstill lead to excellent image classi cation performance. In-
tuitively, a small receptive eld forces the CNNs to heavily rely on local cues vs
learning hierarchical shape representations. This evidence strongly suggests that
texture alone can yield competitive performance on ImageNet, and the fact that
it's relatively easier to learn vs hierarchical features may explain deep CNNs' bias
towards texture.

To reduce reliance on texture, Stylized-ImageNet [76] modi ed the ImageNet im-
ages into di erent styles taken from the Kaggle Painter by Numbers dataset. While
trying to remove texture, this approach could also signi cantly a ect the shape.
Also, there isn't an explicit control over the amount of removed texture. Moreover,
this method may not be directly applicable to self-supervised learning because the
xed number of possible texture patterns result in images with strong low-level vi-
sual cues resulting in shortcuts. We show that the accuracy on downstream tasks,
when MoCoV2 and Jigsaw are trained with Stylized-ImageNet, decreases dramat-
ically Table 2.11. Some of the recent methods inspired by Stylized-ImageNet [76]
that try to learn better shape representation [115,146,172] face similar issues. Info-
Dropout [205] tries to learn shape information by using dropout based methods
that zero out neurons with a high probability if the input patch contains less self-
information.

On the other hand, we use Perona-Malik's anisotropic di usion [185] and bilateral
ltering [224] as ways of suppressing texture in images. These methods remove tex-

ture without degrading the edge information. Consequently, the shape information
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of the objects is better preserved. Also, these methods provide ner control over
the level of texture suppression. Suppressing the texture in training images forces
CNNs to build representations that put less emphasis on texture. We show that

such data augmentation can lead to performance improvements in both supervised
and self-supervised settings. We also distinguish our work from other data aug-
mentation strategies like Auto-Augment [50] which uses Reinforcement Learning to

automatically search for improved data augmentation policies and introduces Patch

Gaussian Augmentation, which allows the network to interpolate between robustness
and accuracy [157].

Self-Supervised Learning. To demonstrate the importance of removing
texture in the self-supervised setting, we consider two pretext tasks. The rst pre-
text task is Jigsaw [177], a patch-based self-supervised learning method that falls
under the umbrella of visual permutation learning [48,49] . Some of the most recent
self-supervised methods are contrastive learning based methods [21,22, 26,35, 39,91,
106,113,123,141,170,221,246]. In [21], the authors have proposed using contrastive
losses on patches, where they learn representations by predicting representations of
one patch from another. In MoCo [91], a dynamic dictionary is built as a queue
along with a moving average encoder. Every image will be used as a positive sam-
ple for a query based on a jittered version of the image. The queue will contain a
batch of negative samples for the contrastive losses. MoCo has two encoder net-
works. The momentum encoder has weights updated through backpropagation on
the contrastive loss and a momentum update. In MoCoV2, Gaussian blur and lin-

ear projection layers were added that further improve the representations. MoCo
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and MoCoV2 have shown competitive results on ImageNet classi cation and have
outperformed supervised pre-trained counterparts on seven detection/segmentation
tasks, including PASCAL VOC [67], and COCO [148].

Transfer Learning.  Transfer learning is one of the most important problems
in computer vision due to di culty in collecting large datasets across all domains.
In this work, we discuss transfer learning in the context of ImageNet. A lot of
early datasets were shown to be too small to generalize well to other datasets [226].
Following this, many new large-scale datasets were released [56, 148], which are
believed to transfer better. However, recent results show that these datasets do not
generalize well in all cases [131,189]. [131] showed that ImageNet features generally
transfer well, but not to ne-grained tasks. We show results of transfer learning on

some of the datasets that were used by [131].

2.3 Methods

CNN-based classi ers have been shown to exploit textures rather than shapes for
classi cation [15,76]. We aim to reduce the prominence of texture in images and thus
encourage networks trained to learn representations that capture better higher-level
representations.

Gaussian Blur.  Gaussian blurring is one of the most popular smoothing
methods in computer vision, and it has been recently proposed as data augmentation
for SSL [35,39]. However, along with low-level texture, Gaussian ltering also blurs

across boundaries, diminishing edges and structural information.
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2.3.1 Anisotropic di usion

We propose to use Anisotropic Di usion Filters (ADF) [185], which keep the shape
information coherent and only alter low-level texture. Speci cally, we use Perona-
Malik di usion [185]. These Iters smooth the texture without degrading the edges
and boundaries. Intuitively, this will encourage the network to extract high-level
semantic features from the input patches.

Perona-Malik di usion smooths the image using the di erential di usion equa-

tion:

@_ . ...
at cx;y;t) I+rcrl (2.1)

o(x;y;t) = e (k1 xyik=k)? (2.2)

where | is the image,t is the time of evolution, is the Laplacian operator, K
controls sensitivity to edges,r is gradient and ;y) is a location in the image.
The amount of smoothing is modulated by the magnitude of the gradient in the
image throughc the di usion coe cient. The larger the gradient, the smaller the
smoothing at that location. Therefore, after applying Anisotropic di usion, we
obtain images with blurred regions, but edges are still prominent. Fig. 2.2 shows
some examples of the application of the Iter. Note that ADF reduces the texture in
the image without replacing it, the domain gap between images is not large, while
in the case of Stylized ImageNet, the domain shift will be large. Recently, there

has been some work on removing textures using deep learning as well [153,160, 258].
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We nd, though, that fast and simple classical methods work well on most tasks.
For all our experiments, we create a dataset "Anisotropic ImageNet' by adding ADF

Itered ImageNet images to the standard ImageNet dataset.

2.3.2 Pix2Pix for suppressing texture

In addition to using classical tools, we also apply recent Image-to-Image translation
models like Pix2Pix [116] to suppress texture. We train pix2pix model to produce
images that are similar in style to anisotropic di usion. Pix2pix model also helps in
capturing di erent variations of texture, e.g., the amount of smoothing, according
to the target task. The source domain for Pix2Pix model is normal ImageNet
images, and the target domain is texture suppressed images. We only apply Pix2Pix
model on Perona-Malik diusion [185], which is our best performing anisotropic
di usion method. After adding Pix2Pix models and doing an end-to-end training
for ImageNet classi cation, we are able to achieve better results and outperform
Stylzied-ImageNet ortop-1 accuracy. We call this model Pix2Pix-Anistropic model.
For MoCoV2 we train using ten di erent anisotropic di usion variations where the
iterations are randomly picked between 10 to 20. Since we are already able to
capture these variations and also due to the huge compute requirements and time
to train SSL and Pix2Pix models, we only show these results in the supervised
learning setting and not for MoCoV2. In Fig 2.3 we show our complete pipeline of
training pix2pix model. We pretrain the pix2pix network on ImageNet dataset for

8 epochs and use this network for the end to end classi cation.
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Figure 2.3: The gure shows the pipeline for training a Pix2Pix model with the
classi cation loss. The input to the Pix2Pix network is a normal ImageNet image
and the output is an Anisotropic image. Both of these images are used further for
the classi cation task.

2.3.3 Other texture suppressing methods

We also experiment with a few other texture removing methods like robust Anisotropic
di usion [12], Bilateral ltering [224], and Cartoonization. However, empirically we
nd that the most simple Anisotropic di usion method has the best results as dis-
cussed in Section 2.4.2. We will discuss these other texture removing methods brie y
next.

Bilateral Filtering:  [225] is an e cient method of anisotropic di usion. In
Gaussian ltering, each pixel is replaced by an average of neighbouring pixels,
weighted by their spatial distance. Bilateral Filtering is its extension in which
weights also depend on photometric distance. This also limits smoothing across
edges, in which nearby pixels have quite di erent intensities.

Cartoonization: A more extreme method of limiting texture is to create
cartoon images. To convert an image into a cartoonish image, we rst apply bilateral

Itering to reduce the image's colour palette. In the second step, we convert the
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actual image to grayscale and apply a median lter to reduce noise in the grayscale
image. After this, we create an edge mask from the greyscale image using adaptive
thresholding. Finally, we combine these two images to produce cartoonish looking

images (see Fig. 2.2).

2.4 Experiments

We start by brie y describing the datasets used in our experiments. We then show
the e ectiveness of ADF for supervised and self-supervised learning. We nd that
ADF is particularly e ective when there is a domain shift, supporting our hypothesis
that variation in texture is a signi cant e ect of domain shift. The e ect is larger
when we transfer from ImageNet to datasets such as Sketch Imagenet [241], and
Synthetic-DTD [174], where the domain shift is larger. Our method is also able to
outperform Stylized-ImageNet [76] and Gaussian Blur [35].

Datasets. In all experiments, we use the ImageNet training set as the source
of our training data. For object detection and semantic segmentation, we evaluate on
Pascal VOC 2007 and VOC 2012. For label corruption, we evaluate on CIFAR100.
When the downstream task is classi cation we evaluate on Synthetic-DTD [174],
Sketch-ImageNet [241], Birds [239], Aircraft [161], Stanford Dogs [124], Stanford
Cars [132],DTD [46], ImageNet-C [100], and the ImageNet validation dataset.

Experimental Details. For SSL we build on MoCoV2 [39] and Dense-
CL [246]. For supervised learning, we use the ResNet50 [94] model, closely fol-

lowing [76]. After training on Anisotropic ImageNet, we ne-tune our model on the
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standard ImageNet training set following the procedure of [76]. We set the conduc-
tion coe cient ( K) of Anisotropic Di usion to 20, and a total of 20 iterations are
used. We use the MedPy implementation. All other hyper-parameters are described

in the sec 2.8.

2.4.1 Self-Supervision for Transfer Learning

We rst experiment with Anisotropic ImageNet on Self-Supervised methods. We
have doubled the number of images (Anisotropic images + normal images) as com-
pared to normal ImageNet. So for a fair comparison, we only train our methods
for half the number of epochs compared to training with just ImageNet. We then
ne-tune the network pre-trained on the Anisotropic ImageNet for the downstream
tasks, including image classi cation, object detection, and semantic segmentation
on PASCAL VOC, and other transfer learning datasets. Since, we are removing
low-level cues from the images, we expect to see better results when transferring to
di erent datasets.

MoCo V2. We evaluate our method with MoCo V2 [39] and Dense-CL [246],
which are the state-of-the-art methods in SSL. MoCoV2 and Dense-CL [246] used
Gaussian blurring with 0.5 probability as data augmentation. In our case, we add
Anisotropic diusion on the images with 0.5 probability, and for the remaining
50% of the images, we apply Gaussian blurring with 0.5 probability. So, in our
setup every image has 0.5 probability of coming from Anisotropic ImageNet, 0.25

of Gaussian blurring, and 0.25 of being normal ImageNet. Also, the number of
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iterations on Anisotropic ltering is chosen randomly between 10 to 20. For object
detection starting from a MoCoV2 initialization, we train a Faster R-CNN [190]
with C4-backbone, which is ne-tuned end-to-end.

We show improvements over MoCoV2 and Dense-CL for object detection on
the VOC Dataset. In the rst setup, we show improvements on COCO-based eval-
uation metrics (i.e., APso, AP¢.05:0.05:0:95, AP75) @s shown in the rst three columns
of Table 2.1, achieving competitive results. We also observe an improvement of
1:3 mean IoU on semantic segmentation [155] over MoCo V2 baseline antl dver
Dense-CL baseline. We also see improved performances on Dense-CL when we
pre-train on COCO dataset as well. These results show that in the case of transfer
learning, we improve across di erent datasets. Our method is not bound to a partic-
ular pretext task and can be potentially added to any state-of-art method to achieve
even further improvements. We also show that our method leads to improvements
with the Jigsaw [179] task in Tab 2.8.

These results suggest that training the network on the Anisotropic ImageNet
dataset forces it to learn better representations. This is consistent with our hypoth-
esis that Anisotropic di usion leads to smoothing of texture in images. This forces
the network to be less reliant on lower-level information to solve the pretext task
and, hence, learn representations that focus on higher-level concepts.

Experiments with Stylized ImageNet on MoCoV2 and Jigsaw. We
now show experiments that indicate that, while e ective in a supervised setting,
Stylized ImageNet does not help with SSL. We train a model with MoCoV2 and

Jigsaw as pretext tasks on the Stylized-ImageNet (SIN) dataset [76] and ne-tune on
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Table 2.1: Comparison with MoCoV2 and Dense-CL in SSL. We note that using
Anisotropic di usion with improves performance on VOC detection and Semantic
Segmentation (SS). We test on COCO-based metrics as used in [39]. We also im-
prove performance over the baseline on the semantic segmentation (SS) task [155].
Although we have only focussed on MoCoV2 Dense-CL, our technique can poten-
tially be extended to other state-of-art methods.

Methods Dataset ARy, AP AP;s mloU (SS)
Stylized ImageNet 435 28.80 33.7 -
Supervised ImageNet 81.6 542 598 59.8
MoCo V2 [39] ImageNet 824 57.0 63.6 67.5
MoCo V2 Anistropic (Ours) ImageNet 83.7 58.2 64.8 67.8
Dense-CL [246] ImageNet 82.8 58.7 65.2 69.4
Dense-CL [246] Anistropic (Ours) ImageNet 83.5 59.6 66.4 70.5
Dense-CL CC [246] COCO 81.7 56.7 63.0 67.5

Dense-CL CC Anistropic (Ours) [246] COCO 83.1 579 64.2 68.6

Table 2.2: Transfer learning across di erent datasets. Note that our approach leads
to improvements in both supervised and SSL set-up.

Dataset Aircraft [161] Birds [239] Dogs [124] Cars [132] DTD [46]
Supervised (Reproduced) 90.88 90.3 85.35 92.1 72.66
SImCLR [35] 88.1 - - 92.1 73.2
BYOL [86] 88.1 - - 91.7 76.2
MoCo V2 [39] 91.57 92.13 87.13 92.8 74.7
MoCo V2 Anistropic (Ours) 92.71 93.29 88.81 94.3 76.3

the downstream tasks of object detection and image classi cation on PASCAL VOC.
In Table 2.2 (and Table 2.11 ), we show that there is a huge drop in performance.
One reason for this failure using the SIN dataset could be that the model is able to
memorize the textures in the stylized images since it only has 79,434 styles. This is
not a problem in the original fully-supervised setting where the authors used SIN
for supervised image classi cation. In that case, the network can learn to ignore

texture to discriminate between classes.
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Table 2.3: Experiments with Sketch-ImageNet. Use of Anisotropic ImageNet shows
that our method is better at capturing representation that are less dependent on
texture.

Method Top-1 Acc Top-5 Acc
ImageNet Baseline 13.00 26.24
Stylized Baseline 16.36 31.56
Pix2Pix-Anisotropic (Ours) 24.49 41.81

2.4.2 Transfer Learning for Supervised Learning

As shown in the last section, suppressing texture leads to performance improvements
in the case of domain transfer with SSL. In this section, we also show improvements
in supervised learning and domain transfer. In the case of supervised learning we

also show results using Pix2Pix-Anistropic model.

2.4.2.1 Across Domains

We hypothesize that learning with texture bias is most harmful to domain trans-
fer. Thus, we rst describe a challenging experimental setup for learning visual
representation across domains.

Sketch-ImageNet. For a cross-domain supervised learning setup, we chose
to use the Sketch-ImageNet dataset [241]. Sketch-ImageNet contains sketches col-
lected by making Google image queries \sketch of X", where \X" is chosen from the
standard class names of ImageNet. The sketches have very little to no texture, so
performance on Sketch-ImageNet is a strong indicator of how well the model can
perform when much less texture is present. As shown in Table 2.3, the di erence
between the Pix2Pix-Anisotropic model and the baseline model is 11.49% for Top-1
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Table 2.4: Comparison using di erent texture removing methods, with di erent
hyper-parameters for Anisotropic diusion methods. We observe that the most
simple [185] performs the best, and removing more texture from images does not

improve performance.

Method # Iterations Top-1 Acc Top-5 Acc Object Detection
Baseline Supervised - 76.13 92.98 70.7
Stylized ImageNet [76] - 76.72 93.27 75.1
Perona Malik [185] 20 76.95 93.36 75.21
Perona Malik [185] 50 76.32 92.96 73.80
Robust AD [12] 20 76.58 92.96 73.33
Robust AD [12] 50 76.64 93.09 73.57
Gaussian Blur - 76.21 92.64 73.26
Cartoon ImageNet - 76.22 93.12 72.31
Bilateral ImageNet - 75.99 92.90 71.34

accuracy. This result implies that our model captures less dependent representations
on texture than standard ImageNet and Stylized ImageNet.

Other Datasets - Aircraft, Birds, Dogs, and Cars. We further evaluate
our method on image classi cation tasks using four di erent ne-grained classi -
cation datasets. We also observe improvement on image classi cation across ve
datasets in Table 2.2. This shows that in the case of domain shift, capturing higher
level semantics helps in better transfer learning performance.

Object Detection.  The biggest improvement we observe on transfer learning
is on object detection on Faster-RCNN [190] as shown in Table 2.11. This improve-
ment suggests that we are able to attend to more high-level semantics, which helps

in transfer learning performance on object detection.
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2.4.2.2 Same Domain

ImageNet: In Table 2.11, we show results using Anisotropic ImageNet for super-
vised classi cation. We observe that Anisotropic ImageNet improves performance in
both ImageNet classi cation and object detection. We also use the Pix2Pix model
for learning to suppress texture. Pix2Pix model converts a normal image to texture
suppressed image. For Gaussian blurring experiments, we closely follow [39] and add
a Gaussian blur operator with variance from 10 to 20 and train in a similar manner
to Stylized ImageNet [76]. We can see that our proposed Pix2Pix Anisotropic Ima-
geNet performs better than both Stylized ImageNet and Gaussian blurring. Hence,
blurring the image completely without respecting boundaries and edges, or distort-
ing the shape information by style transfer does not improve performance.

Di erent Texture Removing Methods. We also provide results using
di erent texture removing methods and di erent hyper-parameters for Anisotropic
diusion in Table 2.11. We observe that as we increase the number of iterations
and remove more and more texture from images, performance starts to degrade,
possibly due to the di erence that comes in the data distribution after removing
texture information. The most simple texture removing method [185] has the best

results.

2.4.3 Analysis

We now show qualitatively and quantitatively how our model is less dependent on

texture information.
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2.4.3.1 Synthetic-DTD Dataset:

To better demonstrate the e ectiveness of less texture dependent representations,
we used the dataset introduced by [174]. This dataset provides four variations in
images: texture, color, lighting, and viewpoint. This dataset is created by taking 47
di erent textures from DTD dataset [174] and applying them to a 3D dataset of 10
classes, called ShapeNet [30] to yield the same object rendered with di erent view-
points and multiple textures. It contains 480,000 training images and 72,000 testing
images. In this dataset, we made sure that texture information during training and
testing are completely di erent. So, the texture is not a cue when we use this dataset.
We evaluate our Pix2Pix-Anisotropic model on this dataset and compare against
the baseline normal ImageNet model. The Pix2Pix-Anisotropic model achieves a
performance boost of 10.41% in classi cation which suggests that we are indeed able

to learn texture agnostic feature representations.

2.4.3.2 Visual Analysis:

We now visually analyze the results by the saliency maps, which are produced by
di erent networks. We use GradCam [199] to calculate the saliency maps. In Fig
2.9, we show the saliency maps produced by networks trained using the combined
dataset and the original ImageNet dataset. We observe that Pix2Pix-Anisotropic
model has saliency maps that spread out over a bigger area and that include the
outlines of the objects. This suggests that it attends less to texture and more to

overall holistic shape. In contrast, ImageNet trained models have narrower saliency

25



Anisotropic
Correct

ImageNet
Incorrect

(@) (b) (©) (d) (e)

Figure 2.4: Saliency maps using GradCam. The text on the left of the row indicates
whether the Anisotropic model or ImageNet model was used. The gure shows
the saliency maps where the Anisotropic model gave correct predictions, and the
ImageNet model gave wrong predictions. The failure of the ImageNet model might
be due to it not attending to the whole object.

maps that miss the overall shape and focus on localized regions. In Fig. 2.9(a-e),
we present the examples where the Pix2Pix-Anisotropic model gives the correct
prediction, and the ImageNet model fails. For example in Fig. 2.9(e), we observe
that the network trained on ImageNet alone is not focusing on the whole bird and

is only focusing on the body to make the decision; whereas the one trained with

Pix2Pix-Anisotropic ImageNet is focusing on complete bird to make a decision.

2.4.3.3 Experiments on testing shape bias:

To show the low reliance of our model on texture and greater reliance on high-level
features like shape, we use the Geirhos Style-Transfer (GST) dataset [76]. It consists
of 1248 images of 16 classes from ImageNet with shape and texture coming from
di erent classes. This dataset teases apart the importance of shape vs texture for

CNNs. We observe an improvement of 1.02% on identifying the class representing

26



Figure 2.5: Examples of images from Sketch-ImageNet. Images have very little or no
texture, which implies texture will have little to no impact on object classi cation.

the shape over a ImageNet pretrained Resent-50. This shows that we can successfully

reduce the reliance on texture.

2.4.3.4 Results after removing high-frequency components:

CNNs tend to exploit the high-frequency components in an image which makes them
less robust [114,242]. In this section, we show that our proposed Pix2Pix-Anisotropic
model is less dependent on high-frequency components. To remove high-frequency
components from an image, we rst obtain the image spectrum using DFT. We then
incrementally vary the masked region's size to retain the more/less high frequency
components withr denoting the mask region's side. We can see from Figure 2.8 as
we remove the highest frequency components, our model performs better than the
baseline by +2.1%. The same di erence in normal RGB images is 0.8%. Hence this
shows that our model has less reliance on the highest frequency components. As we
remove more high-frequency components, the error increases for both models, but

we are still consistently better than the baseline.
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Figure 2.6: Training plots for the both Stylized ImageNet and Standard ImageNet.
The plot shows that the model trained on Stylized ImageNet quickly overts by
nding shortcuts after around 6000 steps. Therefore, it gives poor performance on
downstream tasks by relying on texture based shortcuts.
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Table 2.6: We show additional experiments on dataset ImageNet-C [100], which

evaluates model robustness to common corruptions. We can see that by focussing
less on texture our model is consistently more robust than the baseline Resnet model
pre-trained on ImageNet data.

Noise Blur Weather Digital
Network MCE [Gauss. Shot ImpulseDefocus|Glass Motion Zoom Snow |Frost Fog BrightContrast [Elastic Pixel JPEG
Baseline(ImageNet) 76.7| 80 82 83 75|18 78 80 78 75 66 57 71| 8 77 77
Anistropic(Ours)  74.8572.7076.65 78.27 73.787.97 75.99 79.7080.38.0268.0558.30 71.3/82.6470.88 68

2.4.3.5 Con dence of Models:

In this section we compare the con dence and entropy of Anistropic Model and
ImageNet model when both the models have given correct predictions. To nd con-
dence, we generate the probability scores of correct class. After this we calculated
the mean of correct probability scores on both the models. As we can see from
Table 2.12 that Anistropic ImageNet has larger mean which means that Anistropic
ImageNet has better con dence as compared to Standard ImageNet. We also cal-
culate the entropy of output probability distribution from both the models. We can
see from Table 2.12 Anistropic ImageNet has lower entropy scores as compared to

Standard ImageNet.

2.4.3.6 Training with Stylized ImageNet

Figure 2.6 shows the training curves for both Stylized ImageNet and Standard Ima-
geNet. We see that the model quickly saturates when using Stylized ImageNet. This
leads to a low performance on downstream tasks. Our hypothesis is that the model
rapidly learns to exploit some regularities in the texture introduced by the GANs

to easily solve the MoCoV2 and Jigsaw tasks. This means that the self-supervised
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Figure 2.7: Results on Label corruption task. The bottom two line corresponds to

when the gold fraction is 0.05, and the top two lines correspond to the case when
the gold fraction is 0.1. We can see that our model consistently outperforms the
baseline with a larger improvement upon increasing the corruption probability.

model has the tendency to take shortcuts in the presence of regular textures. The
aim of this chapter has been to investigate such short-coimings and provide appro-

priate solutions to the issues.

2.4.3.7 Results on model robustness

In this section, we show that suppressing texture not only helps in achieving better
results but also makes our model more robust to common image corruptions.

Label Corruption Task: We show results on the label corruption task in
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Figure 2.8: Results after removing high-frequency components from images. We
can see that our proposed anisotropic ltering leads to models that are less reliant
on high-frequency components in an image. When we remove the highest frequency
components from the image(far-right), out model, outperforms baseline by close to
2.1%. As we remove more high-frequency components, both the model su ers, but
our model consistently performs better.

Fig 2.7. In this task, [101] only some fraction(gold fraction) of data is clean, and
the label of the rest of the data is corrupted with some probability. The task is to
use both of these datasets for supervised classi cation. We use CIFAR100 as our
dataset, and we augment the CIFAR100 dataset with Anisotropic di used images.
We create a dataset double the size of the original dataset and use it for the task
of Label Corruption [101]. We can see from the results that we have consistent
improvement over the baseline. With an increase in corruption probability, our
results improve, even more, implying that focusing on higher-level features helps
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even more in extreme corruptions.

Results on ImageNet-C:  We show additional experiments on dataset ImageNet-
C [100], which evaluates model robustness to common corruptions. ImageNet-C[1]
dataset has a total of 15 corruptions, as shown in Table 2.6. We improve(+1.85%)
upon the baseline Resnet model pre-trained on ImageNet data and perform espe-
cially well in the cases of noise corruptions since we train on anisotropic images,

which removes high-frequency noise from images.

2.5 Jigsaw Task

In addition to MoCoV2 we also show results with Jigsaw pretext task.

2.5.1 Method

The goal in Jigsaw is to infer correct ordering of the given regions from an image.
Following [177], the typical setting is to divide an image into nine non-overlapping
square patches and randomly shu e them. A CNN is trained to predict the original
permutation of these patches in the image. Jigsaw++ [179] extended this idea and
replaced some patches with random patches. These patch based methods come with
their own issues and there has been some recent e ort to solve them. [173] describe
an easy short-cut CNNs take that utilizes the chromatic aberration produced due
to di erent wavelengths exiting the lens at di erent angles. The authors provided a
solution to the problem of chromatic aberration by removing cues from the images

and also allowing the color pattern to be partially preserved. They also address the

32



problem of true spatial extent that network sees in patch based methods by yoking

the patch jitter to create a random crop e ect.

2.5.2 Results using Jigsaw Pretraining

The baseline model in the case of Jigsaw is pre-trained using the standard ImageNet
dataset. Unlike [177], we use ResNetl8 as our backbone instead of Alexnet [136]
to take advantage of deeper layers and capture better image representations. We
obtained these results by building on top of a publicly available implementatién
Table 2.7 shows results for Jigsaw models trained and tested on di erent datasets.
We observe that the Jigsaw model trained on the Cartoon dataset outperforms the
baseline methods by 2.52 mAP and Anisotropic ImageNet outperforms the baseline
methods by 1.8 mAP on the PASCAL VOC image classi cation dataset. On object
detection Bilateral ImageNet outperforms the baseline Jigsaw model by 0.78 mAP.
On semantic segmentation Anisotropic Imagenet outperforms the baseline Jigsaw
models by 8.1 mAP. Traditionally semantic segmentation has been a di cult task
for Self-Supervised methods [21,177] and improvement of this order on semantic
segmentation shows the e ectiveness of removing texture.

We also show results on ImageNet classi cation as the downstream task. Due
to its large scale, it is usually infeasible to ne-tune the whole network for the nal
task every time. Therefore, following prior work [21], we only ne-tune a linear
classi er. The inputs to this classi er are the features from a convolution layer in

the network. Note that while ne-tuning for the nal task, we keep the backbone

2https://github.com/bbrattoli/JigsawPuzzlePytorch
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frozen. Therefore, the performance of the linear classi er can be seen as a direct
representation of the quality of the features obtained from the CNN. We report
the results of this experiment on ImageNet in Table 2.8. Adding the Anisotropic

ImageNet dataset to this model gives a further improvement of 0.5%.

2.5.3 Jigsaw using Alexnet as backbone

Our improvement when using Anisotropic ImageNet is not restricted to the back-
bone. Traditionally in Self-Supverised learning one of the most followed architectures
is Alexnet [21,62,177]. Following these methods, we also show results on Alexnet
backbone. In Table. 2.9 we show results on VOC Classi cation when using Alexnet

as the backbone. We obtain an improvement of 0.67 mAP over the baseline.

2.5.4 Patch-wise Anisotropic Di usion

In our best performing model, we considered all the patches for the jigsaw task to
either come from the standard ImageNet or anisotropic di usion lItered ImageNet.
What if each of the 9 patches for the Jigsaw task could be either a standard patch or
Itered patch? For this experiment we randomly choose a patch from the standard
dataset or the Itered dataset, with equal probability. This is a much more extreme
form of data augmentation and considerably increases the di culty of the task. We
got an improvement of 0.6 mAP over the baseline model for the classi cation task.

However this is 1.1 mAP lower then the doing Anistropic Di usion on whole image.
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Table 2.7: Comparison of our approach with Jigsaw baseline methods. Using our
best model, we improve 2.52 mAP in VOC classi cation , 0.78 mAP on VOC de-
tection and 8.1 mAP on VOC semantic segmentation(SS) over the baseline models.
Note that Stylized ImageNet performs poorly on VOC classi cation due to the vi-
sual shortcuts.

Method Dataset Size VOC CIls. VOC Det. SS
Baseline 1.2M 74.82 61.98 27.1
Stylized [76] 1.2M 13.81 28.13 10.12
Gaussian ImageNet 21.2M 75.49 62.39 27.9
Bilateral ImageNet 2 1.2M 74.55 62.74 28.9
Only Anisotropic 1.2M 74.52 61.85 32.7
Anisotropic ImageNet 2 1.2M 76.77 61.59 35.2
Cartoon ImageNet 2 1.2M 77.34 59.31 34.1

Table 2.8: ImageNet classi cation by netuning the last FC layer. Features from
the conv layers are kept unchanged. This experiment helps evaluate the quality of
features learnt by the convolutional layers.

Method Dataset Size VOC Cls VOC Det. ImageNet Cls. Acc
Jigsaw Baseline 1.2M 74.82 61.98 26.17
Jigsaw anisotropic 2 1.2M 76.77 61.59 26.67

2.6 Anistropic Images

We show some more examples of Anistropic images obtained by applying Anisotropic
di usion liters to images from ImageNet [56] in gures 2.11 and 2.12. Notice how

the images lose texture information. This makes it more di cult for models to nd

Table 2.9: Experiments with Alexnet as the backbone. Ideas of anisotropic di usion
Iter can extend to other architectures like Alexnet. The Anistropic ImageNet model
improves over the baseline by 0.67 mAP

Method VOC 2007 Classi cation
Jigsaw Baseline(Our Implementation) 65.21
Jigsaw anisotropic 65.88
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shortcuts. This, in turn, leads to better semantic representations learned by the

model which leads to higher performance on downstream tasks.

2.7 Saliency Maps

2.7.1 Sketch-ImageNet Saliency Maps

In Fig 2.13 we show some of saliency maps for Sketch-ImageNet images. We can
see from saliency maps that Anistropic ImageNet has broader saliency map and has

better coverage of the object as compared to ImageNet model.

2.7.2 Saliency Maps for Anistropic ImageNet and Standard Ima-
geNet models

We also show some addtional saliency maps in Figure 2.14, Figure 2.16, Figure 2.15
and Figure 2.17 corresponding to both the models. We can see from the gures that

Anistropic ImageNet has in general di used saliency maps.

2.8 Implementation details

Training Details. With image classi cation as the downstream task, we train our
network for 90,000 iterations with an initial learning rate of 0.003 following [21].

For object detection we report our results for Faster-RCNN [190] using our
pre-trained model as backbone. We tune hyper-parameters using the validation set.

For object detection, we follow the details of [190] to train a model; 10 epochs with
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Table 2.10: Results on Label corruption task. We can see that our model consistently
outperforms the baseline with larger improvement upon increasing the corruption
probability.

Corruption probability Gold Fraction Baseline(Error) Anistropic Model(Error)

0.2 0.05 29.61 28.75
0.2 0.1 28.31 27.84
0.4 0.05 31.92 30.5
0.4 0.1 32.59 31.48
0.6 0.05 39.04 38.52
0.6 0.1 36.75 34.98
0.8 0.05 54.23 52.6
0.8 0.1 44.31 43

1.0 0.05 75.05 71.21
1.0 0.1 51.19 45.51

an initial learning rate of 0.001.

For semantic segmentation, we report our results on FCN [204] using our
pretrained model as backbone. We train the FCN model for 30 epochs using an
initial learning rate of 0.01.

ImageNet. We use ImageNet for all training and evaluation of image classi cation
accuracy. For self-supervised learning, we follow [21,91]; we train linear classi ers
using features obtained from the nal Residual block by freezing all convolutional
layers. The performance of these linear classi ers is meant to evaluate the quality
of the feature representations learnt by the convolutional layers, since the backbone
is completely frozen and only fully-connected layers are being trained. We chose
hyper-parameters using the validation set and report performance on the ImageNet
validation set.

Note that since we use ImageNet to pre-train for self-supervised learning, there
is no domain di erence when we conduct inference on ImageNet, but with VOC there
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is. With the VOC results, we validate that the gain by our method is particularly
large when there is domain shift.

MoCo-v2 task. For MoCo-v2 we use higher Ir of 0.3 as it gives better performance
for our task.

Jigsaw task. In Jigsaw [177] the image is divided into 9 non-overlapping square
patches. We select 1,000 from the 9! possible permutations. All of our primary
experiments on Jigsaw use ResNet18 as the backbone [94]. We train the Jigsaw task
for 90 epochs, with an initial learning rate of 0.01. The learning rate is reduced by
a factor of 0.1 after (3030; 20; 10) epochs. We use the same data augmentation as
in [177]. In MoCo [94], we use ResNet50 [94] as the backbone, following the same
procedure as mentioned in [91].

PASCAL VOC. Following [21] and [39], we evaluate image classi cation and object
detection on the PASCAL VOC dataset [67]. It contains about 5,000 images in the
train-val set belonging to 20 classes. Note that the image classi cation task is multi-
label. Therefore, the metric used for evaluating both image classi cation and object

detection is the mean Average Precision (mAP).

Training Details for Object detection for COCO based metrics: We report object
detection results on [190] C4 backbone which is netuned end to end on VOC07+12
trainval dataset and evaluated on the VOC 07 test set using the COCO suite of
metrics.

Other Details. We use 4 Nvidia GTX 1080 Ti for all experiments. Pretraining on

Jigsaw takes 3 days on the standard ImageNet dataset. The SGD optimizer with
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Table 2.11: Comparison between Stylized ImageNet and our Anisotropic ImageNet.

Following [76], we use ResNet50 as our backbone. We netune our models on only
the ImageNet dataset. We can see that on ImageNet classi cation and object detec-

tion, Anisotropic ImageNet and Stylized ImageNet have very similar performance.

Method Finetune Top-1 Accuracy Top-5 Accuracy OBJ Detection
Stylized Imagenet - 74.59 92.14 70.6
Stylized Imagenet IN 76.72 93.28 75.1

Anisotropic Imagenet - 68.38 87.19 -
Anisotropic Imagenet IN 76.71 93.26 74.27
Cartoon Imagenet IN 76.22 93.12 72.31

Table 2.12: Experiments discussing the con dence and entropy of Anistropic Ima-
geNet and Standard ImageNet

Method Entropy Mean Highest probability
Anistropic ImageNet 0.81 0.93
Standard ImageNet 1.88 0.59

momentum was used for all experiments with momentum of 0.9 and weight decay
of 5 10 “. Cross-entropy loss was used for all experiments, mini-batch size was set
to 256. Pretraining on MoCoV2 takes 6 days on 4 Nvidia P100 machines. We set

all other hyperparamters following [39].

2.9 Label Corruption Task

We show the full results of the label corruption task in Table 2.10.

2.10 Saliency Maps

In Fig. 2.9 we show the saliency maps produced by networks trained using the

combined dataset and the original ImageNet dataset. We use GradCam [199] to
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calculate the saliency maps. We can see that Anisotropic ImageNet has saliency
maps that spread out over a bigger area and that include the outlines of the objects.
This suggests that it attends less to texture and more to overall holistic shape.
In contrast, ImageNet trained models have narrower saliency maps that miss the
overall shape and focus on localized regions, suggesting an attention to texture. In
Fig. 2.9(f-j) we show these for the case where the Anisotropic model gives the correct
prediction and the ImageNet model fails. For example in Fig. 2.9(j), we see that
the network trained on ImageNet alone is not focusing on the whole bird and is only
focusing on the body to make the decision whereas the one trained with Anisotropic
ImageNet is focusing on complete bird to make a decision. We see a similar trend
in the cases where both the models give the correct prediction (Fig. 2.9(a-e)). In
the case where Anisotropic model makes incorrect predictions and ImageNet model
(Fig. 2.9(k-0)) is correct we see the saliency maps are still di used, but we fail to

capture the whole object leading to incorrect predictions.

2.11 Conclusion

We propose to help a CNN focus on high-level cues instead of relying on texture by
augmenting the ImageNet dataset with images Itered with Anisotropic di usion,

in which texture information is suppressed. Empirical results suggest that using the
proposed data augmentation for pretraining self-supervised models and for training
supervised models gives improvements across ten diverse datasets. Noticeably, the

11.4% improvement while testing the supervised model on Sketch ImageNet suggests

40



that the network is capturing more higher-level representations than the models

trained on ImageNet alone.
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Figure 2.9: Saliency maps on three di erent set of images. The text on the left of
the row indicates whether Anisotropic model or ImageNet model was used. The rst
two rows show the saliency maps where both model gave correct predictions. We can
see from saliency maps that the Anisotropic model has more di used saliency maps.
The second two rows show the saliency maps where Anisotropic model gave correct
predictions and ImageNet model gave wrong predictions. The failure of ImageNet
model might be due to it not attending to whole object. The last two rows show the
saliency maps where Anisotropic model gives incorrect predictions and ImageNet
model gives correct predictions. Even in this failure mode, the Anisotropic model
gives di used saliency maps.
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Figure 2.10: Saliency maps when our technique gives the correct prediction and
baseline approach gives incorrect label. The top row gives the saliency maps for our
model and the bottom one shows the corresponding saliency maps for the model
trained on imagenet alone. We can see from saliency maps that Anisotropic model
has bigger saliency maps which might be the reason for the correct prediction.
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Figure 2.11: Original images (left)jand images obtained after anisotropic di usion
(right). Most of the texture information in the images has been smoothed out by
the lIter while retaining the shape information. This forces the network to capture
higher-level semantics without relying on low-level texture cues
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Figure 2.12: Original images (left)and images obtained after anisotropic di usion
(right). Most of the texture information in the images has been smoothed out by
the lIter while retaining the shape information. This forces the network to capture
higher-level semantics without relying on low-level texture cues
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Figure 2.13: Saliency maps on few randomly selected images from Sketch-ImageNet.
We can see from saliency maps that Anisotropic model has bigger saliency maps
which might be the reason for the correct prediction.
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Figure 2.14: Saliency maps when Anistropic Model had correct predictions and
ImageNet model has wrong predictions.
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Figure 2.15: Saliency maps when both model have wrong predictions.
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Figure 2.16: Saliency maps when both model have correct predictions.
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Figure 2.17: Saliency maps when ImageNet model has correct predictions and
Anistropic model has wrong predictions.
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Chapter 3: Robust Contrastive Learning Using Negative Samples with

Diminished Semantics

3.1 Introduction

Recent studies on self-supervised learning have shown great success in learning visual
representations without human annotations. The gap between unsupervised and
supervised learning has been progressively closed by contrastive learning [23, 35, 85,
92,219,222,250,266]. As we discussed in Chapter 2, CNNs trained in the supervised
setting are known to learn correlations between labels and super uous features such
as local patches [16, 17], texture [77], high-frequency components [242], and even
arti cially added features [110], which has raised concerns about deploying these
models in a real scenario [78,120]. CNNs trained by contrastive learning methods
are no exception [103]. In this chapter, we propose to construct negative samples
that only preserve non-semantic features. We show that using contrastive learning
methods trained with these negative samples can mitigate these concerhs.
Contrastive learning methods exploit carefully designed augmentations to con-

struct positive pairs and adopt pretext tasks to pull together their representations.

1The contents of this work is in collaboration with Songwei Ge, Haohan Wang, Chun-Liang
Li, and David Jacobs [74].
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These augmentations are crucial to the e ectiveness of contrastive learning [23, 35].
A common assumption behind these augmentations is to preserve the semantic infor-
mation of the input images while perturbing other super cial signals. This inspires
us to generate negative samples and inject additional implicit biases on the visual
features learned by the models. Speci cally, we utilize augmentations that dimin-
ish the semantic features while keeping the undesired features such as texture. By
pushing away the representations of such negative samples and input images, the
models are expected to rely more on the semantic portion of the images and less on

super cial features.

Figure 3.1: We propose to construct negative samples (NS) from input images for
contrastive learning with augmentations that only preserve non-semantic informa-
tion such as texture and local features.

Inspired by the non-semantic features, we propose two methods to craft nega-
tive samples. The rst method relies on texture synthesis tools from classic computer
vision [66,247]. It generates realistic texture images based on two patches extracted
from input images, as shown in Figure 5.1d. For each image in ImageNet, we gen-
erate its texture version and form a dataset which we call ImageNet-Texture. The
second method constructs non-semantic images by tiling randomly sampled patches

of di erent sizes from the input image, as shown in Figure 5.1e. Comparing the non-
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semantic negative samples with two semantic positive samples in Figure 5.1b and
Figure 5.1c, the dog from the input image is still recognizable in the positive samples
but hard to understand from negative samples. Instead, some local statistics such
as the fur and color of the dog are preserved in the negative samples.

The generated non-semantic samples can be readily used with existing con-
trastive learning methods that distinguish positive pairs from negative pairs such
as MoCo [92] and SImCLR [35]. Despite their simplicity, we show that these non-
semantic negative samples are generally harder than the standard negative samples
used by these methods, which are ine cient at leveraging hard negatives [70,122].
Further, our negative pairs can also be used for the contrastive learning methods
that do not explicitly use negative samples, such as BYOL [85]. We evaluate our
methods with two contrastive learning methods, MoCo [39,92] and BYOL [85], on
three datasets, ImageNet-100, ImageNet-1K and STL-10. When using our proposed
augmentations to generate negative samples and minimizing their representation
similarity to the input images, we notice a consistent improvement on the general-
ization performance over backbone methods [39,85] and previous negative example
generation strategies [122,193], especially under out-of-distribution (OOD) settings.

With our proposed method and the ImageNet-Texture dataset, we conduct
a systematic analysis of how the shape-texture trade-o in uences model perfor-
mance. We introduce a hyperparameter that controls the penalty strength on the
similarity between the non-semantic negative examples and the query samples, and
consequently impacts the trade-o of the dependence on the shape versus texture

features. We nd that the relative importance of texture and shape features varies
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across di erent test datasets. For example, a large shape bias benets more on
the ImageNet-Sketch [240] dataset than the normal ImageNet validation set, while,
as we will show later, a large texture bias bene ts more for ner-grained classi -
cation such as classifying di erent dog breeds included in the ImageNet dataset,
which complements to previous evidence showing the e ectiveness of shape features
in classifying 16 coarse classes [77]. Furthermore, such preference for one feature
over the other is also observed intra-dataset. the texture is more important for
some classes such as dishrag and plaque. These observations make us rethink the
relationship between shape and texture features as the implicitly necessary bias of
CNNs and advocate for an adaptive combination of both when deploying the model

in real scenarios.

Our contributions are summarized below:

We propose two methods, texture-based and patch-based augmentations, to
generate negative samples from input images themselves, and show that with

these negative samples contrastive learning can achieve better generalization.

N

We introduce the ImageNet-Texture dataset, which contains texture versions

of ImageNet images generated by texture synthesis tools.

A

We provide ne-grained analysis on the shape-texture trade-o of CNNs based
on our methods and the ImageNet-Texture dataset, and show di erent scenar-

ios when one is preferred over the other.
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3.2 Negative Samples with Diminished Semantics

CNNs are apt to learn low level features such as texture in a supervised set-
ting [16,77,242]; this has been recently withessed in the contrastive learning setting
as well [103]. In this section, to mitigate this problem, we propose two methods,
texture-based and patch-based augmentations, to generate negative samples for con-
trastive learning. Texture-based augmentation generates realistic images based on
texture synthesis and patch-based augmentation exploit more comprehensive local
features by sampling patches from input images. By penalizing a learned similarity
between the representations of images and their non-semantic versions, the model
is encouraged to place less value on the undesired features and focus more on the
semantic features. In practice, we nd the two negative samples play similar roles
and the patch-based method works slightly better. In this section, we start by re-
capping the general frameworks for contrastive learning and show how non-semantic
negatives are used in these frameworks. Then we elaborate on the two approaches

to generate negative samples with diminished semantics.

3.2.1 Contrastive learning with non-semantic negatives

Given an encoder networkf and imagex, we denote the output of the network

asz = f(x). We usez; and z, to denote the representations of the query sample
X; and a positive samplex, generated from the same input image with augmen-
tations that preserve semantics. For contrastive learning methods like MoCo [92]

and SIMCLR [35],z, denotes the representation of the standard negative sample
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X, extracted from the memory bank (MoCo) or other images in the current batch
(SIMCLR). z,s is the representation of the proposed negative sampig,s which
contains particular non-semantic features of the input image with the semantic part
weakened. We extend the noise-contrastive estimation (NCE) loss used by MoCo
and SImCLR as below:

T, —
X exp z{z,=

L = lo p
NeE i21 gexp(zisz: )texp( z{zns= )+ v eXpEfzn=)

, (3.1)

where is a temperature parameter and is an additional scaling parameter for
non-semantic negatives. A larger implies a stronger penalty on the similarity
between the representations of query image and its non-semantic version. In section
3.7.1 we discuss other possible ways to apply

Methods like BYOL [85] do not explicitly rely on negative samples. Never-
theless, it adapts the loss to maximize the agreement of positive pairs. Therefore,
we explicitly use the non-semantic negative sample with their loss to minimize its

similarity to the query sample:

Levo. = kzi zpk  kz; zpsk=2 2 2z[z,+2 z]zp: (3.2)

We overload to be the parameter that controls the penalty on the similarity be-
tween the representations of input image and its non-semantic version under BYOL,
with similar intention as MoCo and SImCLR above. To minimize eithel ycg or

LevoL , the encoder must learn features from; that are not contained in x s but
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shared with x,.

3.2.2 Texture-based negative sample generation

We use texture synthesis tools to generate negative samples. Texture synthesis aims
at generating realistic images that preserve as much local structure as possible from
an example image [54, 95, 186]. For instance, as shown in Figure 5.1d, the texture
of the input dog image preserves the fur and color of the dog. Notably, such local
structure has often been recognized as highly correlated with the labels yet super u-
ous to generalization in the previous discussion of robustness [16,240]. For example,
under large domain shift due to lighting, motion, and even modality, the texture is
more apt to change than the semantic features, such as shape. Furthermore, CNNs
trained on ImageNet are more likely to classify images based on the texture features
rather than the shape features which are instead preferred by humans due to their
transferability [77]. To encourage the model to rely more on the shape features, we
propose a two-step method to generate the texture image of input images as the
negative samples for contrastive learning.

To be specic, we rst sample two patches from given images as the input
to the texture synthesis algorithms. One patch is extracted from the center of the
image. This patch is expected to re ect the texture of the object according to the
implicit bias contained in the ImageNet dataset that most of the objects are center-
oriented in the images [11]. The other patch is extracted from a random location

to re ect other possible textures of the image (e.g. background, peripheral region
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of the object). In this work, we extract patches with size 96 96 when image
size allows, otherwise 48 48 patches are extracted. Second, we adopt o -the-shelf
texture synthesis algorithms [2, 66, 247] to generate texture images based on the
two patches. These non-parametric algorithms iteratively sample pixels from given
patches that share a similar neighborhood with the current pixel. Speci cally, we
use the open-source software built on these methods [2,66,247] with multi-threaded
CPU support implemented in Rust?. For each sample in the ImageNet dataset,
we generate one 224 224 texture image to construct a dataset that has the same
training and validation size as the ImageNet dataset. We call this dataset ImageNet-

Texture. More examples can be found in section 3.6.1.

3.2.3 Patch-based negative sample generation

To simulate the local information contained in the images [16,17], we propose an
e cient patch-based method to generate non-semantic images. Given an image and
certain patch sized, we sample patches of sizefrom (dz—g“e)2 non-overlapping ran-
dom locations that lie entirely in the image. The patches are then tiled and cropped
into 224 224 as negative samples. Compared with the texture-based method, this
generation process takes negligible time, therefore it can be implemented as part
of the data loading process and paralleled with training. By doing so, each train-
ing sample can be paired with di erent negative samples generated from di erent
patches every time it is used, compared with the two xed patches selected when

generating texture images.

2https://github.com/EmbarkStudios/texture-synthesis
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Di erent from the texture-based method that generates realistic images, the
patch-based method generates images with arti cial lines as shown in Figure 5.1e.
One might be concerned with possible degenerate solution where the model outputs
a low similarity whenever it detects the repeated sharp changes in the horizontal or
vertical directions, which could be done with a single layer of convolution. However,
interestingly, we nd that the model does not nd such a simple solution in practice.
This is also noticed in a previous study where the image and its copy with a patch
cut out are non-trivially distinguished by the model [142]. To mitigate this potential
issue, we randomly sample patch sizfrom a prior distribution instead of using a

xed d in practice, which allows the model to look at texture at di erent scales.

3.2.4 How hard are the texture-based and patch-based negative sam-
ples?

Constrastive learning methods are known to struggle with nding hard negative
samples [70, 122] and researchers have proposed several ways to better leverage
hard negatives [122,193]. An intermediate question is how hard are our proposed
negative samples compared with those standard negative samples used in previous
constrastive learning methods [35,92], i.e. random training samples.

We use the o cial MoCo-v2 model pretrained on the ImageNet-1K dataset for
200 epochs to calculate the cosine similarities between di erent kinds of pairs across
ImageNet training set. We plot the histogram of these similarities in Figure 3.2.

As shown in the Figures 3.2a and 3.2b, most positive pairs and negative pairs have
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(a) Positive Sample (b) Standard NS  (c) Texture-based NS

(d) Patch-based NS

Figure 3.2: The histogram of cosine similarity between the representations of query
sample and its paired samples, namely positive sample and standard, texture-
based, and patch-based negative samples (NS), using MoCo-v2 model trained on
the ImageNet-1K dataset for 200 epochs.

similarity close to 1 and O respectively. Speci cally, the average similarities across
the training samples are M4257 and @M0018 for positive and negative pairs. As
shown in the Figures 3.2d and 3.2c, the distributions of patch-based and texture-
based negative samples are very di erent from those of standard negative samples;
their similarity distributions have heavy tails in the positive region. Speci cally,
the distribution of patch-based and texture-based negative samples have average
similarity 0:29503 and 5248 across the dataset, which shows that they remain

di cult after training with standard negative examples.

3.3 Experiments

In this section, we evaluate the two proposed methods to generate non-semantic
negative samples with two contrastive learning methods, MoCo and BYOL, on

the ImageNet-1K dataset. We also experiment using its subset, the ImageNet-
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100 dataset [122,219], which allows us to perform more comprehensive experiments.
We report accuracy on the out-of-domain (OOD) datasets including the ImageNet-
C(orruption) [99], ImageNet-S(ketch) [240], Stylized-ImageNet [77], and ImageNet-
R(endition) [98] datasets as an evaluation of model's robustness to corruptions and
large domain shifts. ImageNet-C and Stylized-ImageNet contain images transformed
from the images in the ImageNet validation set with common corruption and trans-
ferred style. ImageNet-S and ImageNet-R are collected independently from the
ImageNet dataset and share all or a subset (200) of the classes in the ImageNet
dataset with a focus on sketch and other rendering modalities. We show that with
our proposed non-semantic negatives, contrastive learning can better generalize un-
der corruptions and domain shifts. For patch-based negatives, it also improves the

performance on the in-domain dataset.

3.3.1 ImageNet-100

We rst follow the hyperparameters used in [122] to train MoCo-v2 on the ImageNet-
100 dataset with a memory bank siz& = 16384. We also use a similar hyperpa-
rameter con guration in which only memory bank size is halved. For patch-based
augmentation parameters, we use patch size sampled from a uniform distribution
d U (16;72). The parameter is indicated behind each model name. We discuss
the impact of in detail in the next section. More ablations on the patch-based
augmentations can be found in section 3.8.3. For ImageNet-C, we report the average

accuracy across 5 levels of corruption severity.
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Table 3.1: Top-1 accuracy on the ImageNet-100 dataset and its OOD variants.
For our main comparison using MoCo-v2 and BYOL, we also report the standard

deviation of 3 runs. For MoCo modelsk represents the size of memory bank.

ImageNet ImageNet-C ImageNet-S Stylized-ImageNet ImageNet-F
MoCo-v2 [39] -k =16384 7788 026 4308 o:27 2824 o:ss 16:20 o:s5 3292 012
+ Texture-based - 7776 017 4358 o33 2911 o:30 16:59 o017 3336 o:1s
+ Patch-based - 79.35 o012 45.13 o35 3176 o:ss 17:37 o:19 34:78 o:1s
+ Patch-based - 75:58 052 4445 o5 34.03 o:s8 18.60 o:26 36.89 ou
MoCo-v2 [39] -k = 8192 1773 o:38 4322 o:39 2845 o:36 16:83 o:12 3319 o
+ Patch-based - 79.54 o032 45.48 o020 33.36 o5 17.81 o2 36.31 o7
BYOL [85] 7876 028 4443 o35 3584 o:3s 1501 o:19 3953 o5
+ Patch-based - 78.81 o33 44.60 o:21 36.76 o:51 15.52 o:22 41.16 o:30
InsDis [250] 68.52 28.93 16.67 9.86 19.60
CMC [219] 79.34 39.28 24.04 13.88 32.68
InfoMin [222] 82.74 48.87 38.43 18.14 40.68
Supervised 86.26 49.17 34.95 21.20 39.76

Similar to [122], we repeat the experiments for 3 runs and report the mean
and standard deviation in Table 3.1. As shown in the table, when following the
previous memory bank size, using patch-based and texture-based negatives both
improve the OOD generalizations. Speci cally, patch-based augmentation increases
the accuracy on ImageNet-S by :39% and ImageNet-R by ®7% when = 3.
When = 2, it also increases the in-domain accuracy by:47% and accuracy on
ImageNet-C by 205%. A similar observation on standard ImageNet and ImageNet-
C can be attributed to the resemblance of the images in the two dataset, especially
those corrupted images with a lower level of severity. We show the performance of
the model with = 3 is actually better on the highest corruption level as shown
in section 3.8.2. The improvement achieved using texture-based negatives is less,
probably because the information contained in the texture image is restricted due

to the limited access to the two xed patches. When the memory bank is halved
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to be 8 192, the baseline MoCo model has slightly worse performance, decreasing
from 77.88 to 7773. But with patch-based hard negative samples, the MoCo-v2
model instead achieved the best accuracy ‘54 on the ImageNet-100 validation set,

lamgeNet-C and lamgeNet-R. We discuss this more in a later section.

(a) Positive Sample (b) Standard NS  (c) Texture-based NS

(d) Patch-based NS

Figure 3.3: The histogram of cosine similarity between the representations of query
sample and its paired positive sample, standard, texture-based, and patch-based
negative samples (NS), using models trained without (blue) and with patch-based
negative samples (red: =2, green: =3).

Similar to Figure 3.2, we visualize the distribution of the cosine similarity
between the query sample and both semantic and non-semantic samples calculated
based on the models trained with and without patch-based negative samples in
Figure 3.3. The shift of the distribution towards the origin in Figure 3.3d meets
the expectation that our method reduces the similarity of input images and patch-
based negative samples. Speci cally, the average similarity decreases fro4080
to 0:3252 to 01593 when increases from 0, namely no patched-based negatives, to

2 to 3. Interestingly, we notice in Figure 3.3c that the similarity to texture-based

negative samples also decreases, and the average similarity decreases fréaid
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to 0:3541 to 01896, although we did not explicitly penalize it. This demonstrates
the resemblance of patch-based negative samples to texture-based negative samples.
Given the better performance achieved with patch-based negative samples, for the
rest of experiments, we mainly focus on the patch-based methods. But we still
conduct our analysis on the texture-based samples. We also nd a marginal decrease
in the positive similarity ( 0:0068) and negative similarity ( 0:0008) when =2

and a substantial decrease in the positive similarity (0:0737) and increase in the
negative similarity (0:0036) when = 3. A similar gure for texture-based negative

samples can be found in Fig 3.3.

3.3.2 ImageNet-1K

We follow the o cial hyperparameters [39] to train MoCo-v2 with our patch-based
negative samples on the ImageNet-1K dataset. For the parameter and patch
sized, we follow the same con guration used on the ImageNet-100 dataset. We
compare our results against the MoCo-v2 baseline [39] and the hard negative mixing
algorithm, MoCHi [122]. Due to limited computational resources, we report the
metrics evaluated with the o cial model without repeated runs. The results are
shown in Table 3.2. More results can be found in section 3.8.6. Note that for
ImageNet-C, we show the mCE metric [99], for which smaller is better. For the

other datasets, we show the top-1 accuracy.
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Table 3.2: Top-1 accuracy on the ImageNet-1K dataset and its sketch, stylized,
rendition variants, and mCE on the ImageNet-C dataset.

ImageNet ImageNet-C ImageNet-S Stylized-ImageNet ImageNet-R

MoCo-v2 [39] 67.60 87.7 17.47 5.55 27.81
+ MOCHi [122] 67.56 88.7 16.32 5.94 25.71
+ Patch-base NS - =2 67.92 87.6 18.58 6.34 28.95

3.3.3 Memory bank size

Contrastive learning methods based on negative samples su er from ine ective ex-

cavation of hard negatives [70,122] and resort to large batch sizes [35] or memory
bank [92]. In this section, we study whether our proposed negative samples can
mitigate this problem on the STL-10 and ImageNet-100 datasets. We keep the hy-

perparameters intact and vary the memory bank size. We report the accuracy of

the MoCo-v2 baseline with and without patch-based negative samples on STL-10

dataset in Table 3.3. We also compare with [193] which exploits hard negatives

through reweighting. We found that with proper hyperparameters the MoCo-v2

baseline already beats the reweighting results with SImCLR.

SImCLR [35] 8016
+ Debiased [44] 8490

+ Hard [193] 87:4%

MoCo-v2 [39] 8800

+ Patch-based NS 8936

Table 3.3: Top-1 ac-

curacy on the STL-10

dataset. Figure 3.5: Top-1 accu-
X denotes results visu-Figure 3.4: Top-1 accuracyracy on the ImageNet-100
ally extracted from Fig- on the STL-10 dataset with dataset with di erent mem-
ure 2 in [193]. di erent memory bank sizes. ory bank sizes.
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As shown in Figures 3.4 and 3.5, using patch-based non-semantic negatives
consistently improves the MoCo baseline when the number of standard negatives
varies. Speci cally, when slightly decreasing the memory bank sizes, the perfor-
mance with patch-based negatives increases. This is probably because according
to Eg. 3.1 and analysis in section 3.7.1, the smaller memory bank sizes indicate a
larger contribution of non-semantic negatives to the loss, and consequently a larger
regularization. When the memory bank size continues to decrease, the baseline
performance decreases similar to the observations in the previous studies [92,193].
However, the steady improvement caused by the non-semantic negatives e ectively
mitigates the problem. For example, on ImageNet-100, when using 1024 standard
negatives with patch-based negatives, the model can achieve accuracy on par with
16384 standard negatives without patch-based negatives. On STL-10, the decrease
caused by a smaller memory bank is less substantial and using patch-based negatives

always beats the baseline.

3.4 Discussion

3.4.1 Controlling the shape-texture trade-o with

There has been a growing interest in understanding the cause and impact of the
trade-o between shape and texture bias of CNNs [77,103,115,146]. CNNSs trained
on ImageNet are known to be over-reliant on the texture features [77]. Contrastive
learning with our non-semantic negatives serve as not only an e ective method to

reduce such reliance, but a natural tool to study such a trade-o .
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(b) Shape-texture ac- (c) Sketch-clean accu-

(a) Shape-bias curacy racy

(d) Coarse- ner accu-
racy

Figure 3.6: Larger monotonically increases the model bias to shape features over
texture features. Model performance is impacted by such a trade-o dierently
under di erent settings. In all scenarios, slightly calibrated shape bias improves
model performance. The test settings represented in the red lines gain more from
the increased shape bias than the settings represented in the green lines.

We train MoCo-v2 models with dierent from 1 to 5 on the ImageNet-100
dataset. As shown in Figure 3.6a, we nd that e ectively controls the trade-o
on the model bias to the shape and texture features. = 0 is used to denote the
baseline method. Speci cally, a larger in the loss function 3.1 leads to a larger
penalty on the similarity between the representations of query samples and non-
semantic samples, consequently a larger shape bias. We follow [77] to calculate
shape bias on the stimuli images with con icted shape and texture clues generated
by style transfer. We show the corresponding accuracy on the shape and texture
labels in Figure 3.6b.

As shown in Figure 3.6b, when increases the texture accuracy on the stimuli
dataset monotonically decreases while the shape accuracy monotonically increases.

To further study how the trade-o between shape and texture bias impacts the model
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performance, we rst compare the accuracy on the ImageNet validation dataset and
ImageNet-Sketch dataset [240] when varies in Figure 3.6¢c. We nd that on both
datasets, slightly increased shape bias over baselinex 2) improves performances.
Interestingly, the accuracy peak on the ImageNet-Sketch appears at= 3 while the
peak appears at = 2 on the ImageNet validation dataset. In addition, for even
larger the accuracy on the ImageNet-Sketch dataset still outperforms the baseline
while the standard accuracy gets hurt. This shows that di erent downstream tasks
may bene t di erently from di erently shape-biased models.

We plot the histograms of similarities calculated by the models trained with
dierent in Figure 3.12. We nd that large makes original pretext task chal-
lenging - the model cannot e ectively pull together the representations of positive
pairs. Speci cally, when increases from 1 to 5, the average similarity of the pos-
itive pairs decrease from 267 to 07541. This demonstrates that it is hard for
the model to learn representations that are completely independent of the texture

features contained in the non-semantic images.

3.4.2 Rethinking the shape-texture trade-o through class-based anal-
ysis

The initial discussion on the shape-texture trade-o shows that humans rely more on
the shape features while CNNs rely more on texture features and increasing shape
bias can improve accuracy and robustness [77]. However, similar to [103,172], we

notice that increasing shape bias does not always improve the generalization and
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robustness of the models. To better understand this phenomenon, we provide two
observations based on the analysis of the ImageNet-Texture dataset and our method
to explain why a texture-biased model is helpful with classi cation on the ImageNet

dataset.

Figure 3.7: A ResNet-50 model trained on the ImageNet dataset achieve decent
accuracy when only texture features are available on some classes. A normal image
and its texture version are displayed for some of these classes. The caption indicates
the class ID, name, and accuracy on texture images.

First, we nd that an increasing shape bias often leads to more errors among
the ne-grained classes. The initial discussion of the shape-bias [77] only pays
attention to the selected 16 coarse classes. We thus compare the ner and coarse
class accuracy on the dog images of ImageNet dataset as in Figure 3.6d. For coarse
class accuracy, the predictions are counted to be correct whenever the image is
classi ed as a dog class, no matter which dog class is predicted, while for the ner
class accuracy, only those predictions of target dog classes are counted to be correct.
We notice that the ner class accuracy drops more signi cantly when shape bias
increases as opposed to the coarse class accuracy. For example, when3, the
ner class accuracy drops from 73 to 67:6 while the coarse class accuracy slightly
decreases from 98 to 97.7. Therefore, for datasets with numerous ne-grained

classes like ImageNet, we conjecture that a texture-biased model is more helpful for

a higher accuracy. Second, in Figure 3.9, we show a scatter plot of texture accuracy
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vs. standard accuracy of di erent model architectures and a histogram of accuracy
on individual ImageNet-Texture classes. We identify several classes where using
only texture features is su cient to achieve a high classi cation accuracy. These
classes are all missing in the previous study [77]. As shown in Figure 3.7 and Figure

3.10, texture serves as a more important clue than the shape for these classes.

3.5 Related Work

Contrastive learning based self-supervised learning Recent contrastive learning
based self-supervised learning methods including MoCo [92], SimCLR [35], InfoMin
[222], SimSiam [40], BYOL [85], SWAV [23], Barlow Twins [266] have proven helpful
in learning visual representations. These methods rely on di erent pretext tasks.
The augmentations used to generate these views are essential to the success of these
contrastive learning methods [23, 35] by preventing shortcuts such as the use of sim-
ple color histogram [35]. New state-of-the-art methods have suggested new types
of data augmentation such as multi-crop in SwWAV [23] and PIRL JigSaw [169] in
InfoMin [222]. However, it is intractable to enumerate every augmentation and im-
possible to eliminate every shortcut. Dierent from these methods that focus on
augmentations to create positive pairs, we show that augmentations that perturb
the semantic features can be used to craft negative samples. By maximizing the
di erence between natural images and their non-semantic versions in the represen-
tation space, the models are coerced to avoid any potential shortcuts shared by

them.
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Methods like MoCo [92] and SImMCLR [35] distinguish positive pairs from neg-
ative pairs that are picked from the rest of the dataset. However, most of the
negatives prove to be unnecessary and insu cient [70,122]. To excavate e ective
negative samples, these methods heavily depend on the large batch sizes [35] or
memory bank [92]. Utilizing hard negative samples has long been recognized as an
e ective approach to boost model performance [88,119,208,259]. In the contrastive
learning studies, [44, 193] modify the contrastive learning loss to make it assign
greater weights to the hard negative samples. [122] proposes to synthesize hard neg-
ative samples by taking linear combinations of the hardest negative samples. Our
work is orthogonal to these ideas in the way that we propose to generate negative
samples from given images themselves to reduce the reliance on the undesired fea-
tures. In addition, two recent works [107,126] study the application of adversarial
examples as hard positive and negative samples in contrastive learning. [197] aug-
ments the images by manipulating their foregrounds and backgrounds to generate
negative and positive samples. Compared with these studies, we mainly focus on the
OOD evaluation of the models. In addition, our patch-based augmentation is also
related to the self-Supervised learning methods that adopt the pretext task based

on jigsaw [96,169,178], .

Robustness and out-of-domain generalization of CNNs High test accuracy provides
no guarantee that a network learns high-level semantic features instead of low-level
super uous features that exist in both training and test dataset [120]. An increasing

number of studies have corroborated such concerns and found that CNNs can rely
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on local patches [16, 17], texture [77], high-frequency components [242] and even
arti cially added features [110] to achieve high test accuracy. These super cial
correlations become brittle under large domain shifts [98,99]. This still remains an
unsolved problem [217] and is rarely discussed in the contrastive learning setting.
Among all these undesired features, the shape-texture bias has been widely
discussed in recent studies [77,162]. Previous work has shown that CNNs trained
on the ImageNet dataset are biased to texture features and such over-reliance can
hurt the generalization performance of CNNs [77,104]. Several studies have aimed
at mitigating this problem [146,167] or providing a better understanding [103,115].
In this chapter, we introduce a dataset called ImageNet-Texture, which can help
future studies on these problems. Our method also e ectively controls the trade-o
between shape and texture bias. We provide new insights about this problem based

on the analysis of our method and dataset.

3.6 ImageNet-Texture

See Figures 3.7 and 3.8 for examples of the ImageNet-Texture dataset and their
counterparts in the original ImageNet dataset. The analysis of models pretrained

on ImageNet and evaluated on ImageNet-Texture is presented in Section 3.6.2.
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3.6.1 Examples
3.6.2 Analysis

The proposed ImageNet-Texture dataset contains images with preserved texture
information and diminished shape information, which can be used to better under-
stand how models behave when only texture features are available. We evaluate the
pretrained models provided in Pytorch model zoé on the ImageNet-Texture versus
standard ImageNet and report the accuracy in Figure 3.9a. As shown in the gure,
VGG networks generally have a higher accuracy on the ImageNet-Texture dataset.
For the rest of the model architectures, we see a positive correlation between the
standard accuracy and texture accuracy.

We also plot the histogram of the classes with di erent accuracy based on a
pretrained ResNet-50 model in Figure 3.9b, which achieves a relatively high accu-
racy, 9.3%, among all the models. The class-based accuracy denotes the accuracy on
the images of the same certain class. We nd that on the 343 out of 100 classes, the
model can only achieve an accuracy smaller than526, which shows that texture
feature only is not su cient to classify these classes. But we do notice a long tail of
the distribution. Speci cally, 15 classes have an accuracy larger than 50%. Sample
images of these classes are demonstrated in Figure 3.10. Notably, texture plays an
important role in distinguishing these classes. Shape is often less well-de ned in

these classes, for example in window screen and rapeseed.

3https://pytorch.org/vision/stable/models.html
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3.7 Discussion on the contrastive learning with non-semantic nega-

tives

3.7.1 Comparison of two ways to apply in NCE loss

Since the non-semantic negative samples play di erent roles from the original neg-
ative samples, we introduce an additional parameter to control the penalty w.r.t.
non-semantic negatives. There are two straightforward alternatives to implement

, Which we callL;, and L gy:

L. = X log exp(zi zp=) A
" i21 exp@Ei zp=)+exp( zi Zns= )+ on EXP(Zi Zn=)

Lout = X |09 exp (@i Zo= ) P
i21 eXp(zi zp=)+ exp@i zns=)*+ v EXP(Zi Zn=)

We compare the relative importance of di erent pairs play in the gradient

w.r.t. z;:

P
@in _ Zp= exp(Zi Zp=)+ Zns= eXP( Zi Zns= )+  non Zn= €XPEi Zn=)

= P Zn=
@; exp@i zp=)+exp( zi Zns=)+ non EXP@Ei Zn=) P
@Qout _ Zp= eXP@Ei Zp=)t+ Zns= €XPEZi Zns= )+ n2N Zn= eXp(Zi zn=) B

= p — Zp=
@; exp (z; Zp= )t exp(zi zZns= )+ on XP(Zi zZn=)

Since the denominator normalizes the 3 kinds of pairs equally, we only pay
attention to the numerator. The di erence betweenL,, and L;, is that Ly has

inside the exponential. Because of the exponential tail, it applies a exponentially
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larger weight to the negatives that are harder. Since non-semantic negatives are
often harder as shown in Figure 3.2, regularizes the non-semantic negatives
more e ectively than L,,. Note that the implementation of L, is equivalent to
using non-semantic negatives samples for each input image. In addition, the
number of standard negativgN| in the loss also a ects the relative importance of
non-semantic. The smalleijNj is, the larger e ect is played by the non-semantic

negative.

3.7.2 Comparison of patch-based negatives and jigsaw-based pretext
tasks

Our patch-based augmentation is also closely related to some of the self-supervised
learning methods which solve jigsaw as the pretext task. Speci cally, [178] proposes
to learn meaningful representations through predicting the order of shu ed 3x3
patches of a given image. [169] further extends this idea to contrastive learning and
learn representations that are invariant under such pre-text transformation. [96]
exploit the connection between local patches to learn the representations by fusing
it with contrastive predictive coding. The common idea behind these methods is to
learn the representations based on the correct con guration of the patches in the
natural images. However, our patch-based augmentation treats the entire image
with unsorted patches as a wrong con guration of the a natural image and use it as

the negative samples in the contrastive learning.
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3.8 Experimental details and additional results

3.8.1 Implementation details

For ImageNet-1K dataset, we follow the o cial hyperparameters to MoCo-v2 [39].
For ImageNet-100 and STL-10 datasets, we follow [122] which uses a di erent mem-
ory bank size of 16384 and batch size 128 during the pretraining. For linear eval-
uation, we adopt a learning rate 1@, batch size 128, and a learning schedule that
decreases the learning rate by:D at 30, 40, and 50 epochs. For BYOL pretrain-
ing, we follow [85] to utilize the LARS optimizer with cosine learning rate schedule
with a global weight decay parameter of 1 and momentum of 0.9. We use a
batch size of 1024 and an initial learning rate:8. For both MoCo and BYOL, the
non-semantic negatives are input to the momentum branch. All of our models are
trained on 4 GTX 1080 Ti gpus. Training single model takes around 1.5 and 12

days on the ImageNet-100 and ImageNet-1K datasets respectively.

3.8.2 Results on ImageNet-C with di erent levels of severity

We show the accuracy of di erent MoCo-v2 models on the ImageNet-C-100 dataset
with di erent corruption severity levels in Table 3.4. Speci cally, as we have seen
in the main body of the paper, a larger often favors larger domain shift. This is
further demonstrated by the fact that the model with = 3 outperforms the model

with =2 on the highest corruption level 5.
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Table 3.4: Top-1 accuracy on ImageNet-C-100 dataset with di erent levels of sever-
ity.

Severity level 1 2 3 4 5
MoCo-v2 - k = 16384 6558 o:32 5341 o:27 42:31 o3 31:87 o3 22:22 o0:20
+ Texture-base NS 6600 o047 5411 043 4296 041 3223 026  22:60 o:23

+ Patch-base NS - 67.84 o021 55.99 020 44.65 040 33.74 o051 2341 050
+ Patch-base NS - 65:82 004 5495 013 4410 017 3367 025 23.71 o2
MoCo-v2 - k = 8192 6544 052 5352 049 4271 02 3209 033 22:36 o019
+ Patch-base NS - =2 68.01 oo 56.26 o012 45.04 028 34.16 03 23.92 o2

=2
=3

3.8.3 Additional ablations on the patch-based augmentations

3.8.3.1 Patch sizes

We show more results on the patch-based augmentations with di erent patch sizes
by reporting the test accuracy on the ImageNet-100 validation set and corresponding
ImageNet-Sketch dataset in Figure 3.11. Speci cally, we sample patch sizes from
uniform distributions d U (x;y) of di erent interval [ x;y]. We nd that for the
performance on the standard validation set, both the large or smaller patch sizes
cause a less desired accuracy. But for the ImageNet-Sketch dataset, the larger
patch sizes generally provide larger performance improvement. Our conjecture on
this observation is that using larger patch sizes prevents the model to learn some of
the local features that are shared between training and validation set while absent

from the sketch dataset.
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3.8.3.2 Data augmentations on individual patches

We test whether common data augmentation methods can be used to augment indi-
vidual patches so as to further improve the performance. We report the accuracy on
the ImageNet-100 validation set with the model trained with the patch-based nega-
tive samples in Table 3.5. The patches are potentially augmented with horizontal ip
or vertical ip with 50% probability, or rotation in 0 ;90 ;180 or 270 with 25%
probability respectively. We nd that for a larger patch size, i.e.d U (16;72),
such augmentations always downplay the accuracy. But for a smaller patch size,
such augmentations, especially with horizontal ip only, can improve the perfor-
mance. For the larger patch size, we conjecture that it is important to ensure that
the patches to be identical to the certain part of the input image. Therefore the
non-semantic features are best preserved. However, for a smaller patch size, such

augmentations have a less impact on the captured non-semantic information.

Table 3.5: Accuracy on ImageNet-100 validation set with di erent con gurations of
augmentations on the individual patches. Augmentations are cumulative across the
columns (e.g. the \+ Vertical ip" model used horizontal and vertical ip).

Patch size\ No aug. + Horizontal ip + Vertical ip + Rotation

8{28 78.58 78.72 78.66 78.64
16 {72 79.35 79.06 78.92 78.40

3.8.4 Hardness of texture-based negative samples

We show the distribution of similarities between the representations of input image

versus di erent paired samples in Figure 3.12. The similarities are calculated by
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the models trained without (blue) and with (red) texture-based negative samples.
We use = 2 when texture-based negative samples are adopted. Comparing with
Figure 3.3, the regularization of texture-based negative samples is generally weaker
than the patch-based negative samples. For example, the average similarity w.r.t
patch-based negative samples decrease frord@0 to 03677 when using texture-
based negative samples for training, which is252 when using patch-based negative

samples.

3.8.5 Hardness of patch-based negative samples using models trained
with di erent

We show the distribution of similarities calculated by the models trained with patch-
based negative samples and di erent in Figure 3.13. When increases from 0
to 5, we see a larger penalty on the similarities to both patch-based and texture-
based negative samples. When =5, the distributions of two negative samples are
close to a normal distribution like the distribution of the standard negative samples.
Speci cally, the average similarity w.r.t. the patch-based negative samples further
decreases to @040 to 01184. In terms of the original pretext task, we nd that
the distribution of both standard negative and positive samples become wider and
less concentrated to 0 and 1 respectively. This shows that a largermakes the

optimization of the original objective more di cult.
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Figure 3.7: Randomly picked images from our ImageNet-Texture dataset and their
corresponding original images from the ImageNet dataset.
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Figure 3.8: More randomly picked images from our ImageNet-Texture dataset and
their corresponding original images from the ImageNet dataset.
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(@) (b)

Figure 3.9: (a) Accuracy on the ImageNet-Texture versus standard ImageNet
with di erent model architectures. (b) Histogram of accuracy on the individual
ImageNet-Texture classes with ResNet-50.
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Figure 3.10: On some classes, a ResNet-50 model trained on the standard ImageNet
dataset can achieve> 50% accuracy when only texture features are available. For

each class, one sample image and its texture version are displayed. The caption of
each image pair indicates the ImageNet class ID, class name and ResNet-50 accuracy

on the texture images.
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(a) Standard accuracy (b) Sketch accuracy

Figure 3.11: Test accuracy of patch-based non-semantic augmentations with patch
sizes sampled from di erent uniform distribution. The x-axis indicates the lower
boundary of the sampling interval and the y-axis indicates the higher boundary.

(a) Positive (b) Negative (c) Texture-based NS

(d) Patch-based NS

Figure 3.12: The histogram of cosine similarity between the representations of di er-
ent kinds of pairs using models trained without (blue) and with (red) texture-based
negative samples.
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