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Abstract

“Towards an Efficient Synergistic Paradigm for Self-supervised Visual

Representation Learning”
Tarun Krishna

This thesis investigates the latest developments in self-supervised representa-
tion learning, which enables learning from a large un-labelled data corpus. The
overarching objective of this work is to comprehensively assess, devise and harness
self-supervised models with efficiency and effectiveness at the forefront. Taking an
initial step in this direction, this research begins by evaluating the efficacy of con-
trastive models for instance-based image retrieval, demonstrating their capability to
encode semantic similarity among instances induced through discriminative learning.
Through extensive evaluation on Oxford5k/Oxfordbk, Paris6k /rParis6k and INSTRE,
it is shown that these models perform comparably with, and in some cases outper-
form pre-trained supervised baselines, highlighting their potential for building robust
image retrieval engines without explicit supervision. Building upon this foundation,
this work further delves into the realm of 360° image visual attention modeling, a
domain largely unexplored in the context of self-supervised representation learning.
More importantly, the solutions proposed for learning have been validated in realistic
benchmarks (Salient 360 [Rai et al., 2017], VR-Eye Tracking, Sitzmann) built with
datasets gathered from the Web. Further, contributions are made towards optimizing
self-supervised learning strategies, particularly addressing challenges such as redun-
dant channel features and computational complexity. Dynamic channel selection
methods originally developed for supervised learning are adapted to self-supervised
networks, resulting in significant reductions in computation without compromising
performance. Additionally, a novel perspective is introduced on the synergy between
self-supervised learning and dynamic computation paradigms. Through simultaneous
learning of dense and gated sub-networks, a generic and efficient architecture is
proposed, achieving comparable performance to vanilla self-supervised settings but
with reduced computational costs. These approaches are rigorously benchmarked on
the CIFAR-10/100, STL-10 and ImageNet-100 datasets. Finally, the conclusion of
this thesis summarizes the contribution of this work and discusses some thoughts on
directions for future research in this area.




Chapter 1

Introduction

1.1 Motivation

The introduction of Deep Neural Networks (DNNs) has led to significant improve-
ments in performance for numerous visual analysis tasks in the field of computer
vision. After the advent of AlexNet [Krizhevsky et al., 2012], which achieved outstand-
ing results on the ImageNet Large Scale Visual Recognition Challenge [Russakovsky
et al., 2015], DNNs became the building blocks for most visual analysis tasks. This
was enabled by the availability of large computation resources and large corpora of
labelled data. The growth in the availability of benchmark image datasets such as
MNIST [LeCun et al., 1998], CIFAR [Krizhevsky and Hinton, 2009], SVHN [Netzer
et al., 2011], COCO [Lin et al., 2014] and ImageNet [Russakovsky et al., 2015]
facilitated significant advancement in supervised learning by the research community.
Furthermore, such enormous labelled datasets led to innovations in the architectural
design of DNNs, resulting in architectures such as VGG [Simonyan and Zisserman,
2015], ResNet [He et al., 2016], InceptionNet [Szegedy et al., 2015], ViTs [Dosovitskiy
et al., 2021] etc. A consequence of all such research is consistent performance im-
provements for various visual analysis tasks. However, the rate of progress has slowed
considerably in recent years, suggesting a saturation point may have been reached —
for example, see Figure 1.1 for the annual trend in top-1 accuracy performance on
ImageNet where this slowdown is visible. This performance saturation is because
the labeled data is expensive and labour intensive. Furthermore, labelling data for
one particular visual analysis task, often means that algorithms developed on this

basis suffer from poor generalization.

Of course, in practical scenarios, not all datasets have sufficient labelled training
data to ensure the level of performance required. Transfer learning was thus intro-
duced to address this challenge and facilitate the use of DNNs on smaller datasets,

and it quickly became the primary method for transferring knowledge across image
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datasets. Transfer learning [Zhuang et al., 2020] enables using DNNs on smaller
datasets by leveraging features extracted from larger datasets. However, models
trained this way tend to be brittle and sensitive to minor changes in the data [Jain
et al., 2023] due to the reliance on supervised pre-training. Besides requiring large
amounts of labelled data based on human (domain) expertise, supervised learning
models can suffer from overfitting, especially when the training data sets are small
or noisy. This can lead to poor generalization on unseen data. A similar issue arises

when there is a data/class imbalance in the dataset [Menon et al., 2020].

All these considerations indicated that new approaches were required to overcome
the limitations of supervised learning. To this end, numerous studies explored
unsupervised learning, which aims to enable robust feature extraction by training
models without labeled data [Netzer et al., 2011]. Unfortunately, the results of these
methods on visual analysis tasks have been underwhelming [Noroozi and Favaro,
2016, Pathak et al., 2016a]. Meanwhile, self-supervised learning (SSL) methods were
being used in the field of Natural Language Processing (NLP) achieving state-of-
the-art results and outperforming traditional supervised learning techniques [Devlin
et al., 2018, Mikolov et al., 2013] in tasks like machine translation. Most recently,
Large Language Models (LLMs) trained on web-scale large text corpora resulting
in models like BERT [Devlin et al., 2019], GPT, and their variants [Zhao et al., 2023],
have revolutionized both the performance and our current understanding of Artificial
Intelligence (AI). The powerful performance of these models is in part due to the
abundance of unlabelled text data, such as online websites and books, where SSL

can be immediately exploited.

As a result, SSL started to be applied in computer vision tasks as a method
for extracting robust features from unlabeled data using the properties of images,
thereby avoiding the challenges associated with labeled data. SSL as the name
suggests attempts to model unknown distributions (not making any assumptions
about the data distribution) without relying on true annotations. As such, this
learning paradigm potentially provides data efficiency and better generalization
ability [Huang et al., 2022] compared to its supervised counterpart. The emergence
of self-supervision has resulted in approaches that obtain state-of-the-art performance

on numerous computer vision benchmarks [Chen et al., 2020b, Goyal et al., 2022].

SSL is a machine learning paradigm where a model learns from the data without
explicit supervision in the form of labels/annotations. Instead, the learning algorithm
generates its own supervisory signal from the input data. The key idea is to design
on the go tasks, referred to as objectives or pre-text tasks, which can be derived
from the data itself, eliminating the need for externally labeled datasets. In NLP,
for example, the skip-gram algorithm [Mikolov et al., 2013] is based on a pretext

task of predicting the context words (words surrounding a target word) given a

3
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Figure 1.1: Performance trend (measured with Google trend) on ImageNet for
supervised learning over the years 2012-2022. Figure source [Ozbulak et al., 2023].

target word. This objective of predicting the surrounding words from a given target
word captures relationships among the words in large text corpora without the
need for any explicit supervision. In computer vision, equivalent objectives exist for
learning meaningful representations e.g., context prediction [Doersch et al., 2015],
solving a jigsaw-puzzle [Noroozi and Favaro, 2016], colorization [Zhang et al., 2016a],
image inpainting [Yang et al., 2017] to name but a few. However, most current
research into SSL investigates joint-embedding architectures for mapping different
views of the same image to a similar representation e.g., contrastive learning where
the goal is to bring the image and its augmentation closer while contrasting it with
other images (see Chapter 2 for a detailed description). As a result, a large family
of generative models like auto-encoders [Kingma and Welling, 2014], generative
adversarial networks (GANs) [Goodfellow et al., 2014, diffusion models [Song and
Ermon, 2019] etc., have also come to prominence under the umbrella of generative
SSL methods.

The success of SSL methods is based on the availability of large corpora of
unlabeled data sets on the internet. This, coupled with the availability of large
computational resources making it easy to scale the model size, has led to a surge
in large deep networks [Oquab et al., 2023, Goyal et al., 2022]. However, there are

some practical challenges hinder its widespread application and effectiveness:

o Training efficiency: Longer training times due to the need for generating
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pseudo labels, which can require complex pretext tasks. Additionally larger

model size leads to higher inference cost [Chen et al., 2021a].

o Computational Resources: Self-supervised learning can demand substantial
computational resources, especially when processing large datasets. This poses
accessibility challenges for researchers and practitioners who may not have
access to high-performance computing environments. Efforts are ongoing to
develop more efficient algorithms that can reduce resource requirements while

maintaining performance

e Model Collapse: Self-supervised models can suffer from model collapse, where
the model generates identical or nearly identical embeddings for different inputs.
Without proper augmentation or loss term balancing, models might optimize

for trivial solutions rather than meaningful distinctions.

o Need for Large, Diverse Unlabeled Data: SSL models thrive on diverse, high-
quality datasets, which may not always be readily available. Datasets with

biased or limited variability can lead to suboptimal feature learning.

Notwithstanding this, the approach is attractive as self-supervised large deep
neural networks pre-trained on large-scale datasets serve as a general-purpose feature
extractor and the common assumption is that this cost of pre-training can be
amortized by transferring it to various downstream tasks. However, fine-tuning such
large pre-trained models is also computationally expensive. Furthermore, downstream
tasks are diverse and may vary widely and fine-tuning for each task makes the entire

process tedious and cumbersome.

The study conducted in this thesis utilizes convolutional neural networks (CNNs)
based deep networks as the base model instead of relying on vision transformers.
There is no doubt transformers have revolutionized computer vision but due to
computational complexity” it is difficult to train these models from scratch hence

making it less accessible to small organization.

In this thesis, we address some of these considerations with a view to advancing
the understanding of SSL as a paradigm for visual representation learning. Our
objective is to comprehensively assess self-supervised models, devise new approaches
and harness them in downstream applications, where efficiency and effectiveness are

the overarching primary design considerations.

“The self-attention mechanism scales quadratically with the sequence length, leading to high
memory and computational costs for long sequences.
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1.2 Hypotheses and Research Questions

As explained above, self-supervised representation learning has emerged as a promis-
ing alternative to supervised representation learning due to its ability to learn
underlying factors of variation from a large unlabelled data corpus. The large pre-
trained self-supervised models obtained as a result, can serve as a starting point for
different downstream tasks i.e., they can be exploited as a pre-trained (fixed) feature
extractor, that can be used for transfer learning where fine-tuning is performed on
the limited annotated dataset available for a given visual analysis task. The research
reported in this thesis, focuses on self-supervised visual representation learning and
proposes novel advances towards effectively exploiting limited resources to obtain
maximal performance. Performance in this context means performance as measured
by the generally accepted metrics for a given visual analysis task e.g. classification
accuracy for recognition tasks, Intersection over Union (IOU) for object detection,

ete..

In this thesis, we explore SSL through two important downstream visual analysis
tasks. The first of these is instance retrieval, where the relevancy of image retrieval
results is defined in terms of instances of the same object. This is a fundamental
task in computer vision. It allows for searching and retrieving images based on
their visual content, such as textures, colors, viewpoints, illumination, and shapes,
rather than relying on manual annotations or metadata. The task itself serves
as a proxy for several different tasks ranging from object recognition to scene
understanding [Jing et al., 2015, Philbin et al., 2007], as it helps computers understand
the context and relationships between objects in a scene, enabling applications like

scene reconstruction, 3D modelling, and virtual reality.

We choose visual saliency prediction, i.e. predicting where people look in images
and videos, as the second fundamental task. Saliency prediction is useful in a
wide variety of applications across several domains (e.g. neuroscience, assistive
systems, human-computer interaction). Some example applications where saliency
prediction can be applied include gaze-aware video compression and summarization,
activity recognition, object segmentation, object recognition and detection, image
captioning, question answering, medical image processing, and surveillance [Borji,
2018]. Like instance retrieval, this task can also serve as a surrogate for other
tasks [Le, |. Saliency prediction has been extensively investigated for 2D images and
video, but its effectiveness for omnidirectional (360°) image data has received less
attention. Applications leveraging 360° image data are growing in popularity and
image saliency prediction techniques could substantially enhance this. For example,
accurate and quick saliency detection for 360° image data could lead to advances in

object detection, semantic segmentation, viewport prediction, etc in 3D applications.
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Salience prediction for 360° data is an extremely challenging task compared to its
2D equivalent due to the use of head-mounted displays. However, it seems intuitive
that the geometry of the image data captured in such a setting (i.e. different views
of the same environment) would lend itself to SSL.

As outlined above, there is also a great need to explore more efficient inference
methods on downstream tasks for SSL. In the supervised learning setting, as de-
scribed in [Veit and Belongie, 2018], it is accepted that networks with dynamic
data-dependent (conditional) channel computation architectures during inference
can lead to enhanced representation power, adaptivity, and interpretability and
can greatly reduce computation cost and memory resources without compromising
on accuracy. This motivates us to investigate the behaviour of neural networks
with a channel selection mechanism trained under self-supervision with some budget
constraints in terms of FLOPs (Floating point operations per second).

To lessen the computational burden, it is common practice to extract (or learn)
a lightweight network from an off-the-shelf pre-trained model. This has been suc-
cessfully achieved through techniques such as knowledge distillation (KD) [Hinton
et al., 2015], pruning [Frankle and Carbin, 2018] and the aforementioned dynamic
computation (DC) [Veit and Belongie, 2018]. These approaches are effective but
using fine-tuning to obtain a sub-network from large pre-trained models (such as
Large Language Models) can be computationally expensive and cumbersome. Also,
since downstream tasks are diverse and vary widely, any change in the task requires
repeating the entire procedure multiple times, making it inefficient and less transfer-
able. This motivates us to investigate whether both dense and sparse networks can
be learned at the same time.

To this end, we follow a synergistic approach by designing a learning algorithm
considering the downstream task or the objective (goal e.g. efficient inference) while
amalgamating an SSL objective to achieve the desired objective. As a result, these
four areas investigated in the context of SSL give rise to the following hypotheses

and associated research questions that are explored in this thesis:

« Hypothesis 1 (H1): Several state-of-the-art (SOTA) contrastive self-supervised
models such as SimCLR [Chen et al., 2020a] and MoCo [He et al., 2020], have
demonstrated that unlabelled data can be exploited in pre-training. These
contrastive SSL models are learned by a joint embedding architecture i.e.,
mapping augmentation of the same image into a similar representation via
instance discrimination. We hypothesize that models that are trained
to encode semantic similarity among instances via discriminative

learning should perform well on the task of image instance retrieval.

— The above hypothesis leads us to our first research question (RQ1):
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How effectively do contrastive SSL methods encode semantic identity in

comparison to SL methods for the task of image instance retrieval?

« Hypothesis 2 (H2): While self-supervised representation learning has shown
success with 2D images, its application to 360° images remains under explored.
We hypothesize that omnidirectional images are particularly suited

to an SSL approach due to the geometry of the data domain.

— This gives rise to our second research question (RQ2): Can we efficiently
design and effectively exploit contrastive self-supervised methods for a
granular task like visual saliency prediction task for 360° omnidirectional

images?

« Hypothesis 3 (H3): There is a key need to reduce the computational burden
of SSL during training. We hypothesize that self-supervised models are
an ideal candidate for dynamic network structures as they capture
highly redundant channel features during pre-training that can be

removed to reduce computational load.

— This leads to our third research question (RQ3): Do self-supervised
models learn highly redundant channel features, so that important channels

can be dynamically selected and the unnecessary ones removed?

« Hypothesis 4 (H4): Ideally some level of flexibility with respect to computa-
tional load is required when designing SSL networks. We hypothesize that
the Siamese setting can be utilized for simultaneously training an
encoder that can serve the purpose of a dense encoder as well as a

sparse lightweight encoder.

— This gives rise to our final research question (RQ4): Is it possible to
learn a single encoder (function) that could serve the dual purpose of being
used as a dense and lightweight network with minimal additional overhead

during pre-training?

1.3 Thesis Structure

This thesis is structured as follows. Chapter 2 presents the the necessary technical
background for understanding the research presented in the thesis and also provides
a high-level overview of related work.

Chapter 3, investigates RQ1, measuring the semantic encoding capability of
contrastive self-supervised models for the task of image instance retrieval for pre-

trained models. We evaluate different contrastive models across different image
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retrieval benchmark datasets across various settings to understand the feasibility
of self-supervised (contrastive) pre-trained models for the task of instance retrieval.
This chapter concludes by demonstrating that the learned representations are indeed
well suited to the task and perform on par with supervised pre-trained models.

Chapter 4 explores RQ2. It builds upon the findings of Chapter 2 but here the
goal is to utilize self-supervised models for the the tasks of saliency prediction. The
goal is to design an effective way to utilize self-supervised (contrastive) learning to
capture salient regions in 360° images. In this study, we extend recent advances in
contrastive learning to learn latent representations that are sufficiently invariant so
as to be highly effective for omnidirectional saliency prediction tasks.

Chapter 5 takes cues from Chapter 4 where it is observed that a relatively
lightweight decoder could be used for saliency prediction, implying faster inference
during test time. This finding motivates an investigation into the behavior of neural
networks with a channel selection mechanism trained under self-supervision thereby
addressing RQ3.

In Chapter 6, we investigate RQ4 by designing efficient inference methodologies
for self-supervised learning. We exploit the symmetric Siamese setting to explore the
possibility of learning a light dynamic model along with a dense model. The end
result of this training paradigm would be a dense SSL pre-trained model along with
a dynamic network for efficient inference.

Finally, Chapter 7 provides a summary of the research conducted in this thesis.
The results and findings are discussed by relating them to the hypotheses and research
questions presented in this Chapter. We conclude with some suggestions for possible

future work and some general remarks.




Chapter 2
Preliminaries and Background

This chapter provides the necessary theoretical and technical background for un-
derstanding the research reported in the remainder of the thesis. The chapter
introduces technical intricacies essential for understanding self-supervised representa-
tion learning. In certain sections, a deeper exploration is provided into the underlying
mathematical aspects, along with a comprehensive survey of relevant literature, all

to enhance the reader’s understanding of the work presented in subsequent chapters.

2.1 Introduction to Self-supervised Learning

Self-supervised learning exploits the underlying structure of the data, instead of
relying on a manual supervisory signal (labeled training data) as used in supervised
learning”. Such methods create an encoder fy by performing supervised learning on
a target task specifically created for each given input x. This target task is referred
to as pre-text task. It is either a hand-designed task or a metric-based learning
task used to understand the data. Let X = [xi,.....,X|p|] be a set of un-labeled

R3HW “and T be set of transformations

images (or a batch of images), where x; ~
such that t ~ T, x! = ¢(x;). The set T contains standard image transformations,
specifically small random crops, random jitter introduced into the color space, random
conversion to gray-scale, and random horizontal flips. Let fy be the encoder function
with learnable parameters 8. We denote the output from the encoder function as
Y = [y, Un] = [fo(x1), ..., fo(xp|)]. Self-supervised modules often comprise of
projection and prediction networks g, and g, respectively, which are used during pre-

training”, after pre-training these networks are discarded and only f, is used for the

“Self-supervised labels are generated and designed on the go while supervised labels are provided
externally.

“Pre-training is the process of training a model on a large dataset in order to learn general
features before fine-tuning it for specific tasks. This pre-training stage could be supervised or
self-supervised (unsupervised).
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downstream tasks. Downstream tasks involve applying the outputs or representations

from a pre-trained model to specific applications or problems.

Thus, SSL relies on generating pretext tasks for supervised learning, based on
the belief that features learned while solving these pretext tasks prove beneficial in
addressing various other downstream problems. In the following, we outline some of

the most popular approaches to SSL under this learning paradigm.

2.1.1 Hand-designed SSL objectives

Images themselves provide several cues that can be used to design self-supervised
objectives. Image colorization has been studied by [Larsson et al., 2017, Larsson
et al., 2016, Zhang et al., 2016b] for self-supervised representation learning, however
colorization as a pre-text task was proven to be too simple for DNNs. In-painting, ie.
predicting the missing part of an image, has also been explored. For example, the
authors of [Pathak et al., 2016b] proposed an approach leveraging context encoders
that aim at in-painting large parts of images that are missing, forcing models to
learn the image context. Similarly, geometric transformations of an image can also
serve as an important cue for designing good learning objectives. Inspired by this,
the authors of [Komodakis and Gidaris, 2018] proposed RotNet where the goal was
to predict the rotation performed on an input image. The authors demonstrate that
even a modest number of rotations proves adequate for acquiring a high-quality
visual representation, where optimal outcomes are obtained when employing four
rotations (0°, 90°, 180°, and 270°). Likewise, the authors of [Noroozi and Favaro,
2016] proposed a Jigsaw classification task. However, instead of rotating the image,
the transformation consists of randomly permuting several patches of the image,
like a jigsaw puzzle, where the model is then required to predict the class of the
permutation that was used to shuffle the patches. Similarly, the authors of [Doersch
et al., 2015] proposed the task of context prediction, where the goal is to correctly
predict the nearby patch while given a context patch.

2.1.2 Discriminative SSL-methods

Discriminative self-supervised learning (SSL) frameworks can generally be categorized
based on their use of the following techniques: clustering, contrastive learning,
distillation, and information maximization. In the following, we explain each of these

approaches.
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false negative
sample

Figure 2.1: An example to demonstrate positive and negative samples for contrastive
learning. Figure source [Chuang et al., 2020].

Clustering-based Methods

Clustering [Bishop, 2007] is one of the most popular methods for unsupervised
learning. The objective of clustering-based representation learning is to group images
with similar representations into a cluster. The objective is tractable, but it does
not scale well with the dataset as it requires a pass over the entire dataset to form
image “codes” (i.e., cluster assignments/pseudo labels) that are used as targets
during training. Furthermore, designing end-to-end clustering-based objectives is
not straightforward as it could lead to several issues such as empty clusters, learning
trivial solutions (all images belonging to a single cluster), etc., prior knowledge
of the number of clusters also plays a crucial role. Early works [Coates et al.,
2011, Yang et al., 2016] paved the way for the adoption of the cluster-based objective
for SSL, however, it was only when the authors of [Caron et al., 2018] proposed
Deep-Cluster that clustering-based approaches came to the fore. Engineering tricks
(e.g., automatically reassigning clusters during training to avoid empty clusters) were
used to avoid the limitations mentioned above. However, the authors in [Asano et al.,
2019], proposed SeLa as a more principled way of casting the problem of cluster
assignment into an optimal transport problem. SeLa tackles the issue of model
collapse by incorporating a more principled loss using the Sinkhorn-Knopp algorithm
(Cuturi, 2013). A variant, SwAV was later proposed by [Caron et al., 2020a] that takes
advantage of contrastive methods without requiring to compute pairwise comparisons.

It is considered to be the most stable and accurate approach for clustering in SSL.

Contrastive Representation Learning

As the name suggests, contrastive approaches minimize the distance between posi-
tive samples while maximizing the distance between negative samples in the joint

embedding space. This can be also understood as instance discrimination (i.e., learn
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similarities between data by attracting positive samples and repelling negative ones),
Figure 2.1. For vision tasks, the positives could, e.g., be random transformations
of the same image (also referred as the anchor image), while the negatives are any
other images, as depicted in Figure 2.1. The idea of contrastive learning is not new,
it can be traced back to [Chopra et al., 2005], which presented one of the earliest
training objectives for deep metric learning in a contrastive fashion. However, it has
been popularised recently by [Wu et al., 2018b] and [Oord et al., 2018] through the
introduction of InstDic and CPC. Consequently, based on the principle of maximizing
mutual information (MI). The mutual information (MI) of two random variables is
a measure of the mutual dependence between the two variables. More specifically,
it quantifies the “amount of information” (in units such as shannons (bits), nats or
hartleys). Maximization is a technique used in representation learning to train feature
extractors by maximizing an estimate of the mutual information between different
views of the data. [Hjelm et al., 2019] and [Bachman et al., 2019] proposed DIM and
AMDIM respectively, and later CMC [Tian et al., 2019b] that build upon this notion
of MI maximization and extends it to an arbitrary collection of views (as well as
multiple sensory inputs). However, it was an approach named MoCo [He et al., 2020]
which used delayed weight updates (momentum update) along with an efficient way of
sampling negative samples that increased the popularity of contrastive SSL. Shortly
after, [Chen et al., 2020a] introduced SimCLR with a much simpler framework that
further improved the state-of-the-art (SOTA) performance by introducing projection
layers and strong augmentation. Enhancements proposed in SimCLR became the
foundations for many other SSL frameworks. Soon after, incorporating the finding in
SimCLR authors [Chen et al., 2020c] introduced MoCo-v2 that further improved the
SOTA performance for image recognition and further, [Chen et al., 2021b] introduced
a third version of MoCo exploring the usage of vision transformers as backbones. The
simple design of SimCLR and MoCo became the foundations for several subsequent
contrastive SSL frameworks. Learning under an SSL paradigm may suffer from
dimension /representation collapse” [Jing et al., ], however in contrastive learning this
is mitigated by utilizing negative samples. Contrastive SSL frameworks can suffer
from another type of collapse, namely dimensional collapse, wherein representations
collapse into a low-dimensional feature space (manifold) [Hua et al., 2021]. Avoiding
network /representation collapse continues to be an active area of research in SSL —
the reader is referred to [Le-Khac et al., 2020] for a more detailed review of contrastive
learning.

The loss function used in contrastive learning (the contrastive loss) is derived

from Noise Contrastive Estimation (NCE) [Gutmann and Hyvérinen, 2010] and its

“Network collapse is a phenomenon that occurs in self-supervised learning, where the network
learns to map all input samples to a single point or a very small region in the representation space.
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modifications. The idea is to us logistic regression to discriminate the target data from
noise (as the negative samples). Let x be the target sample ~ P(x|C = 1;0) = pp(x)
and X ~ P(x|C = 0) = ¢(x) be the noise sample. Note that the logistic regression
models the logit (i.e. log-odds) and in this case the goal is to model the logit of a

sample from the target data distribution instead of the noise distribution:

lo(u) = log po(u)

q(u)

After converting logits (u = fp(x)) into probabilities with sigmoid o(.), the binary

= log py(u) — log q(u), (2.1)

cross entropy loss can be applied:

Lyon =~ Z log o (£9(x:)) + log(1 — o((g(%:)))]
pa (2.2)

—_

Do
T+exp(—0)  potq

where o (/) =

In the above, the loss is applied for a single negative sample, but it can be easily
extended to multiple negative samples as well, e.g. see the generalization of this
loss in Chapter 4 for use with multiple negative samples. Based on NCE, InfoNCE
uses categorical cross-entropy loss to identify the positive sample among a set of
unrelated noise samples [Chen et al., 2020a]. InfoNCE is defined for 2n instances of
images from a given n instances in a batch B = [t(x1),t(X1), ....., t(Xn), t(x,)], where

t ~ 7T is a set of random transformation samples from the set of transformations 7

exp(sim(r;, r;
LInfoNCE(XiJ‘) = — log 5 p( ( ]))

‘ (2.3)
Yo o Ly exp(sim(r;, r,,,))

Xi.Xj

EAREAE which is also referred to as cosine similarity and
i J

where sim(x;,x;) =

r; = go(fo(xi))-

Information Maximization Methods

To tackle dimension collapse, the authors of [Zbontar et al., 2021, Bardes et al.,
2022, Ermolov et al., 2021] proposed different ways to maximize the information in the
representation. These techniques prioritize the information richness of embeddings,
aiming to prevent the loss of diverse representations. The central theme for these
methods is to infer the relationship between two variables by analyzing their cross-
covariance matrices. Figure 2.2 depicts a general pipeline for such approaches,
however, not all the components as depicted in Figure 2.2 may be required. To
be precise it is likely that both branches are not symmetric at all i.e., one branch
processes input until predictor layer (qy), while the other branch processes input

until projector layer (q,), also both the branches may not be sharing weights at all
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Gradient Flow

tij~T(.)

Figure 2.2: Typical pipeline for information maximization methods.

i.e., they are completely independent as in [Bardes et al., 2022]. The main takeaway

is that the design choices vary as per the requirement and resources at one end.

To further illustrate this paradigm of SSL, [Zbontar et al., 2021] proposed
Barlow Twins (BT), where the idea is to regularize the cross-correlation matrix
between the projections of both views. We denote a Siamese encoder as fy that
computes representations Y!' = fp(X') and Y? = fy (X?), which are fed into
a siamese projector g, to compute projections RY = [rl,... rl] = g4 (Y?!) and

R? =[r?,...,r%] = g, (Y?) for both views.

d d d
La(RVRY) =) (1-Ca)*+ A D (C) (2.4)
Invariance Redundancy Reduction

where \ is a positive constant trading off the importance of the first and second terms
of the loss, and where C'is the cross-correlation matrix computed between the outputs

1 .2
of the siamese networks along the batch dimension i.e., Cj; 2 NS (sz;”;"/;j = b
b\ 4 b\ 5

represents batch dimension while (i, j) are the indexes of the vector representation.

On a similar line VICReg [Bardes et al., 2022] is another popular method for

information maximization that learns a joint embedding space governed by a loss
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objective:

Regularisation Term

Luyrcreg(Z',2%) = Mv(zl) +0(Z)] +v[e(Z") + e(2%)] + 1s(Z1, 27), (2.5)

Variance Co-Variance Invariance

where Z' = q4(R') = [z, - -, z.],Z* = qu(R?) = 23, - -,22], where p, v and 7
are hyperparameters, and inavriance term : s(Z',Z2) = 15" |z — 22||; aims
to learn invariance to data transformations by making z; and z? similar, variance
term : v(z!

7) aims to prevent norm collapse by giving the components of z! and z?

a standard deviation equal to 7 (a fixed hyperparameter). It is defined as a hinge

loss v(z!) = max(0,7y — S(z),¢)), with S(z/,¢) = \/Var(z!) + ¢ the regularized
standard deviation and the covariance term strives to remove correlations between
the different components of z;, and is given by ¢(Z"') = 3 3=, ..[C (z])]2,,, over the off-

diagonal elements of the d-dimensional covariance matrix C(Z') = —1-(z;,—2)(z;—2)7,

n—1
where z = £ "V z}.

One thing to note in Equation 2.5 is that both branches are regularised indepen-
dently and this is a very nice aspect of VICReg which we exploit in our work.

In the above approaches, the emphasis is on de-correlating the features in embed-

ding space to avoid dimension collapse.

Distillation (Teacher-Student Paradigm)

Teacher-student [Hinton et al., 2015] learning methods (AKA knowledge distillation)
are somewhat similar to information maximization techniques. In these methods,
the student attempts to predict the teacher’s representations across various trans-
formations of images. This enables the student to learn invariant representations,
resilient to diverse alterations (refers to augmentations) applied to the same image.
The process typically involves two branches, one designated as the student and the
other as the teacher. To circumvent representational collapse, where the student’s
learning stagnates, the teacher provides consistent target representations for the
student to anticipate. Unlike conventional training where gradients update both
teacher and student, the teacher remains unaltered, with fixed parameters during
student updates. Occasionally, a momentum encoder intervenes between teacher
and student, gradually transferring student weights to the teacher to enable more
up-to-date targets. While the teacher usually mirrors the student’s architecture,
its parameters may differ. It can function as a moving average of the student’s
representations, updated via a momentum encoder with student weights — a typical
schema is depicted in Figure 2.3. In some instances, the teacher shares weights with
the student, necessitating an additional predictor network to forecast the teacher’s

representation. Interestingly, this is how network collapse is avoided without any
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Gradient Flow

tii~T()

Figure 2.3: Typical pipeline for distillation-based methods. Note: gradient flow is
only in one direction.

negative samples as used in contrastive learning. BYOL proposed in [Grill et al., 2020]
follows a student-teacher non-symmetric architecture (similar to Figure 2.3). Soon
after, a similar line of work by [Chen and He, 2021] proposed SimSiam, a similar
architecture and loss function to BYOL [Grill et al., 2020]. However, the teacher and
student had shared parameters, i.e., there was no momentum encoder in the setting,
but instead leveraged stop-grad” in the other branch (to be precise in branch without
predictor in Figure 2.3). This was followed by 0BOW [Gidaris et al., 2021], in which
the task is to reconstruct a bag-of-visual-words representation. However, it should
be noted that the mechanisms to allow these methods avoid network collapse is an
active area of research [Tian et al., 2020b, Li et al., 2022].

2.1.3 Generative SSL-methods

Generative SSL methods are one of the simplest examples of self-supervised learning.
At their heart are autoencoders [Kingma and Welling, 2014] that learn two functions:
an encoding function that transforms the input data, and a decoding function that
recreates the input data from the encoded representation. The autoencoder learns an

efficient representation (encoding) for a dataset, typically for dimensionality reduction.

“no backpropagation in branch as depicted in Figure 2.3
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GAN frameworks based on this concept [Goodfellow et al., 2014] popularised generative
machine learning and several GAN variants have been proposed. However, GANs have
been primarily used for improving the fidelity of image reconstruction rather than
learning good representation useful for other downstream tasks. Nevertheless, some
research has investigated them for this task. BiGAN [Donahue et al., 2017] trains an
additional encoder within a GAN framework and after training, this encoder can be
used for different downstream tasks. Several other works in this direction have been
proposed, e.g. [Brock et al., 2018, Donahue and Simonyan, 2019], however, the usage
of GANs in SSL has not become a mainstream method due to a number of GAN related
limitations, ranging from mode collapse to limitations related to scalability, as well
as lack of flexibility in backbone networks. Recently, new paradigms in generative
modelling have been gaining in popularity in the computer vision community such
as masked auto-encoders [He et al., 2022], diffusion models [Ho et al., 2020] etc.
Overall this section covered different methods for performing self-supervised
learning. Above mentioned methods presents different strategies to learn visual
features, each following different school of thoughts. Each of these methods in itself
presents interesting research directions. However, the goal of this thesis is not to dive
deep into each of these aspect, instead this thesis follows a more practical approach
towards self-supervised learning. However, as a researcher it is important to point

out good research directions.

2.2 Dynamic (Conditional) Computation

The surge in popularity in large-scale neural networks in recent years can be attributed
to their exceptional performance in tackling complex supervised/self-supervised
learning tasks, such as achieving state-of-the-art results across various visual analysis
tasks. However, despite their effectiveness, training such networks presents significant
challenges. These include extended training durations, often lasting several weeks
even on modern computers for certain tasks, and more importantly, the practical
challenges associated with deployment of such large models in practical industrial
settings. This highlights the need for approaches that mitigate against the challenges
of very large networks, such as compression [Neill, 2020], knowledge distillation
[Hinton et al., 2015], pruning [Frankle and Carbin, 2018] and dynamic computation
[Veit and Belongie, 2018]. This work focuses on dynamic computation and a detailed
explanation of the other techniques is beyond the scope of this thesis - the reader is
referred to [Hoefler et al., 2021] for appropriate descriptions.

Dynamic computation (DC) is a resource-efficient mechanism that reduces model
complexity by skipping unimportant parts of the network while preserving the

networks topology. Several authors including [Figurnov et al., 2017, McGill and

18



Towards an Efficient Synergistic Paradigm for Self-supervised Visual Representation
Learning

Perona, 2017, Huang et al., 2018, Wu et al., 2020, Wang et al., 2018b] have proposed
adding decision branches to different layers of convolutional neural networks (CNN)
for learning early exiting strategies leading to faster inference. BlockDrop [Wu et al.,
2018a] and SpotTune [Guo et al., 2019] learn a policy network to adaptively route
the inference path through fine-tuned or pre-trained layers. ConvNet-AIG, introduce
in [Veit and Belongie, 2018], [Herrmann et al., 2020] is a network that adaptively
selects specific layers of importance to execute depending on the input image by
specifying a target rate” for each layer. GaterNet, proposed by [Chen et al., 2019],
introduced a network to generate input-dependent binary gates to select filters in the
backbone network. The authors of [Li et al., 2021] proposed DGNet, a dual gating
mechanism to induce sparsity along spatial and channel dimensions. Furthermore,
dynamic channel pruning methods have also been devised such as feature boosting
and suppression (FBS) [Gao et al., 2018], to dynamically amplify and suppress
output channels computed by CNN layers. Other works learn sparsity through a
three-stage pipeline, e.g. pretrain-prune-finetune as in [Tiwari et al., 2021], or use
pre-trained models. The reader is referred to [Hoefler et al., 2021] for a more detailed
explanation of sparsity, pruning and dynamic computing.

However, dynamic computing presents open challenges yet to be solved. A key
challenge in deploying dynamic networks is their reduced parallelism due to input-
conditioned computation graphs, which can lower efficiency on high-end GPUs. To
address this, it is crucial to design dynamic models that are more hardware-friendly
while also advancing hardware that supports dynamic computation. Combining
dynamic models with techniques like quantization and pruning offers additional
potential. There are still many research challenges that persist in the design, deploy-
ment and comprehension of dynamic networks. It is expected that these issues are
likely to attract substantial research interest in the near future, given the remarkable
advantages of dynamic models in terms of efficiency, efficacy and adaptiveness. Addi-
tionally, dynamic networks offer a promising solution to the low-power computation

of large foundational models

2.2.1 Gated Computation

The core concept of dynamic computation is gating. Unlike pruning, DC maintains
the network topology but dynamically determines for each input which subset of
channels to compute, see Figure 2.4. A gating module (a small neural network)
chooses between two discrete states, 0 for off and 1 for on, which can be seen as

a hard attention mechanism. However, this has some repercussions, as choosing

“The target rate /budget refers to the budget constraints applied locally on each layer or globally
to the overall architecture e.g., a target rate of 10% implies that only 10% of the channels will be
retained for a particular layer or the entire network.
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Channel Gating Module
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Figure 2.4: This figure illustrates the gating mechanism. Given an input feature
map, the channel gating module decides which channels to accept or reject.
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Figure 2.5: This figure depicts the Gumbel-Softmax re-parameterization trick. This
figure is partially derived from [Scardapane et al., 2024].

“0/1” is a discrete selection that breaks the computational graph during training.
As a result, often techniques like the Gumbel-Softmax reparameterization technique
[Maddison et al., 2017] (referred to as the gumbel-trick) is used to relax the discrete
binary masks to continuous variables. The Gumbel-Softmax trick provides a way to
sample from discrete distributions in a differentiable manner, enabling the training of
models with discrete outputs using standard gradient-based optimization algorithms.
It is particularly useful in tasks involving structured outputs, such as sequence

generation or discrete latent variable models.

The gumbel-trick can be understood by considering the sampling of a single
element from the set of inputs. As depicted in Figure 2.5, first the inputs are
processed with some trainable layer VW to provide a relevance score p corresponding
to each element in the set Z, which is proportional to its probability of being sampled.
This is explored in further detail in Chapter 6. The implementation of W depends on

the use case, which ensures that the approach used is computationally inexpensive.

Let us denote samples from the so-called Gumbel distribution [Jang et al., 2017]

by g;. The following operation provides an unbiased sample from the set Z:

s = argmax{g; + p;} (2.6)
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Removing the Gumbel noise g;, corresponds to taking the element with the highest
score p;, while sampling provides a degree of freedom that is helpful in exploring
possible alternatives. Since the probabilities p; are implicitly trained via W, the
network can learn to select the element from Z which is most useful for the specific
task. In the case of channel selection, for example, this can lead to specializing single
channels to specific types of inputs. It is important to note that sampling is not
a differentiable operation and this often breaks the computational graph hence it
is not easily trainable via gradient descent, but it can be relaxed with a softmax

approximation:
5 — exp|(gi + pi)/7]
' >oillg +pi)/T)

where 7 denotes the temperature parameter, which is used to control the quality

(2.7)

of the approximation. Note that s; is not a binary variable but instead a positive
real number. During the forward pass in training the argmax  operation is used
whereas softmax relaxation is used during backpropagation as depicted in Equation
2.7. The complete process is shown in Figure 2.5.

Later in Chapters 5 & 6, we dive into more practical application of the above
approach for designing an efficient approach for inference and additionally unifying
the approach of dynamic computation in conjunction with self-supervised learning

from a novel perspective.

2.3 Conclusion

This chapter presents the technical and theoretical background and basic terminology
related to DNNs and SSL required to understand the research presented in the
remainder of this thesis. The following chapters adapt these ideas to task-specific
learning methodologies whilst investigating the various research hypotheses and

questions introduced in Chapter 1.

“The argmax operation finds the argument that gives the maximum value from a target function

21



Chapter 3

Contrastive Self-supervised
Learning and Instance-based Image

Retrieval

In this chapter, we evaluate the effectiveness of contrastive self-supervised models
for the task of image retrieval. This pertains to hypothesis H1 defined in Chapter 1,
where we hypothesize that models that learn to encode semantic similarity” among
instances via discriminative learning should perform well on the task of image instance
retrieval. Through our extensive evaluation, we find that visual representations from
models trained using contrastive methods perform on par with (and in some cases
outperform) a pre-trained supervised baseline trained on the Image-Net labels in
retrieval tasks under various configurations. This is remarkable given that the
contrastive models require no explicit supervision. Thus, we conclude that these
models can be used to bootstrap base models to build more robust image retrieval
engines. The research that emanated from this work was published at the ACM
International Conference on Multimedia Retrieval 2021 (ICMR), Taipei, Taiwan.

3.1 Motivation

The task of large-scale image instance retrieval is to search a large image collection
for the most relevant image/content for a given query — see Figure 3.1. The goal is
to retrieve specific instances of the same concept from a large dataset of images e.g.
pictures of the same object or location captured from different viewpoints and/or at

different times. As explained in Chapter 1, this is a fundamental task in computer

“In the context of computer vision, semantic similarity refers to the measure of how similar two
or more visual elements (such as images, objects within images, or visual features) are based on
their content or meaning. This concept goes beyond simple pixel-by-pixel comparison and focuses
on understanding the underlying features or objects depicted in the images to assess their similarity.
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Figure 3.1: A typical pipeline for instance-based image retrieval. The goal is to
retrieve specific instances of the same concept from a large dataset of images.

vision. Since their inception, Convolutional Neural Networks (CNNs) [Krizhevsky
et al., 2012, Simonyan and Zisserman, 2015] have become the prominent approach
for extracting descriptors for image retrieval. These descriptors perform very well
in capturing the global semantics of an image and this has led to state-of-the-art
results on many computer vision benchmarks [Ren et al., 2016, Chen et al., 2014, He
et al., 2016].

The activations in the intermediate layers of CNNs can be used as a descriptor for
an image. These descriptors are followed by some encoding techniques for a compact
representation. These encoding techniques range from traditional approaches of
VLAD [Jégou et al., 2010}, BoW [Mohedano et al., 2016], and Fisher Vectors [Per-
ronnin and Dance, 2007], to simple pooling methods like maximum activation of
convolution [Azizpour et al., 2015a] (MAC), sum pooling convolution [Yandex and
Lempitsky, 2015] (SPoC), Regional-MAC [Tolias et al., 2016] (RMAC) etc. The
drawback of these methods is that these (off-the-shelf) networks are trained to reduce
intra-class variance through supervision on ImageNet classes and this might affect
the performance of instance retrieval (i.e. retrieving images that represent the same
object or scene as in a query), which is a more fine-grained task. This drawback has
been addressed in the literature by fine-tuning [Gordo et al., 2016, Radenovié et al.,
2016, Gordo et al., 2017, Revaud et al., 2019]. Fine-tuning is an effective approach
for adapting neural networks to a different downstream task. However, in this work
the goal is not to achieve SOTA performance on image retrieval benchmarks.

In this chapter, we explore an alternative approach, and specifically our hypothesis
that models that are trained to encode semantic similarity among instances via
discriminative learning perform well on the task of image instance retrieval (H1). We
do this by performing a comprehensive suite of experiments to answer the question of
how effectively SSL methods encode semantic identity in comparison to SL methods
for the task of image instance retrieval (RQ1). To this end, we investigate contrastive

SSL in the context of traditional off-the-shelf regimes using models that are trained
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based on instance-wise supervision using a similarity-based metric. As explained in
detail in Chapter 2, self-supervised models learn meaningful representations of visual
data without the need for explicit labels. These learned representations can capture
a high-level of semantic and structural information about the images, which could
be valuable for tasks like image instance retrieval. To this end, in this chapter we
investigate a class of self-supervised methods known as contrastive learning. that are
trained in an unsupervised fashion using a contrastive loss [Wu et al., 2018b, Gutmann
and Hyvéarinen, 2010] as the sole objective (see Chapter 2 for a detailed description

of contrastive learning). Our main contributions include:

» Extensively evaluate contrastive methods as a fixed feature extractor across

different benchmarks;

« We provide experimental evidence showing that these models (trained without
any explicit supervision) perform on par with a pre-trained supervised baseline

(Table 3.2 and 3.3);

o Further investigate the role of the dimensionality of the feature embeddings
for this task (Table 3.2).

3.2 Related Work

There has been tremendous progress recently in contrastive learning, with benefits
demonstrated for a variety of tasks, ranging from image understanding [Khosla
et al., 2020, Falcon and Cho, 2020, Tian et al., 2020a] to video understanding
[Sermanet et al., 2018, Jabri et al., 2020]. This learning regime relies on learning a
meaningful embedding that captures the inherent similarity between instances using
discriminative approaches [Wu et al., 2018b]. This work investigates the effectiveness
of contrastive methods that capture this very idea of instance similarity.
Conventional image retrieval methods [Sivic and Zisserman, 2003, Nister and
Stewenius, 2006] relied on bag-of-words models that exploit local invariant features
such as SIFT [Lowe, 2004] and large visual vocabularies (e.g. [Philbin et al., 2007]).
To aggregate local patches and build a global summary, encoding methods such as
Fisher vectors [Perronnin and Dance, 2007] or VLAD [Jégou et al., 2010], have also
been proposed [Perronnin et al., 2010, Gordoa et al., 2012, Radenovi¢ et al., 2015].
Since the introduction of DNNs [Krizhevsky et al., 2012, Simonyan and Zisserman,
2015, Donahue et al., 2014, He et al., 2016] there has been a paradigm shift to exploit
deep features instead of hand-crafted ones. Intermediate layers in convolutional nets
can be used as global or local descriptors. As a result, so-called off-the-shelf [Azizpour

et al., 2015b, Sharif Razavian et al., 2014] features can be used for retrieval. Based
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on this, the authors of [Yandex and Lempitsky, 2015] used sum pooling with a
centre prior for aggregating features across spatial dimensions. Other conventional
encoding techniques like VLAD [Gong et al., 2014] or Fisher Kernels [Perronnin
and Larlus, 2015] have also been used in combination with these local feature maps.
For example, in [Mohedano et al., 2016] the authors proposed BoW-encodings of
convolutional features for instance retrieval, whilst [Tolias et al., 2016] proposed
R-MAC using max activations over a grid of windows of different scales to obtain

compact representations.

Most of the off-the-shelf features are trained on ImageNet [Russakovsky et al.,
2015] to reduce inter-class variance and deep models are used to extract feature
representation. This approach is convenient and is able to produce reasonable
performance for various retrieval tasks. However, the approach can experience some
issues due to the reliance on pre-trained deep models. One of the most common
issues is the domain gap, that could exist between the benchmark image dataset
used to pre-train the deep model and the dataset of a given retrieval task. When this
gap is not negligible, the efficacy of the pre-trained deep feature representation will
be reduced. One way to address this is to fine-tune the model as shown in [Babenko
et al., 2014, Gordo et al., 2016, Radenovié et al., 2016, Gordo et al., 2017, Revaud
et al., 2019] on an auxiliary dataset. However, the requirement to access an auxiliary
dataset that is labelled and that is similar in nature to the dataset for retrieval
can be difficult to realize in practice. In this case, fine-tuning a pre-trained deep
model for retrieval is infeasible. In the context of image retrieval, most of the
fine-tuning research has been performed on the Landmark dataset [Babenko et al.,
2014], which requires cleaning of non-related images and potentially expensive and
time-consuming post-processing. Another approach is to exploit methods that are
trained to reduce intra-class variance, as is the case in contrastive learning on an
unlabelled dataset. Unlike supervised learning, these approaches learn to discriminate
among individual instances without any concept of categories. The work reported in
[Wu et al., 2018b] discusses this notion of instance discrimination. Building on this,
a simple formulation is presented in SimCLR [Chen et al., 2020a]. The intuition
behind these approaches is to maximize the agreement among augmented views of the
same instance using Noise Contrastive Estimation (NCE) [Gutmann and Hyvérinen,
2010]. Minimizing NCE is equivalent to maximizing mutual information (MI) as was
formally shown in CPC [Oord et al., 2018] as InfoNCE. DIM [Hjelm et al., 2019] and
AMDIM [Bachman et al., 2019] further extend the idea of InfoNCE across multiple
views and scales. See Chapter 2 for the associated mathematical formulations for
NCE and InfoNCE. One of the downsides of these approaches is that they require
large batch sizes on large GPU clusters. To address this drawback, the authors in
[He et al., 2020, Chen et al., 2020c] introduced MoCo, which uses an online and
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Figure 3.2: Self-supervised Contrastive Methods.

momentum-updated offline network that views contrastive learning as a dictionary
lookup task. Our hypothesis is based on the intuition that the ability to discriminate
among individual instances inherently encoded through the learning process makes
contrastive learning a good candidate for the task of instance retrieval.

Note: This chapter mainly focuses on exhaustive evaluation of contrastive self-
supervised learning for instance retrieval. However, several self-supervised models
have been proposed during the completion of this thesis. For a more up-to-date

comprehensive review please refer to [Ozbulak et al., 2023] as well as Chapter 2.

3.3 Contrastive Models

Contrastive learning refers to learning by comparison. This comparison is performed
between positive pairs of “similar” and negative pairs of “dissimilar” inputs, which
is achieved via a contrastive loss [Chen et al., 2020a, Le-Khac et al., 2020] derived
from Noise Contrastive Estimation (NCE) [Gutmann and Hyvéarinen, 2010] and is

given by:

EN: esim(zi,zj‘)
*CContrastive = — log ( : : _ )7 (31)
= esun(zi,zi"') + 2521 esun(zi,zj )

This work targets representative contrastive models for investigation, which are

diverse in terms of the way they fuse information. Intuitively, this should lead to each
model spanning different feature spaces from an image-understanding perspective.
The following briefly describes the models considered in this study.
AMDIM: Augmented Multiscale DIM [Bachman et al., 2019] extends the Deep
Info-Max (DIM) framework [Hjelm et al., 2019] by maximizing the mutual Infor-
mation (MI) across features extracted independently from augmented views of each
input along with features across multiple scales, as shown in Figure 3.2.

MoCo: Momentum Contrast Representation Learning [He et al., 2020, Chen et al.,
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Table 3.1: Summary of different models.
Method Epoch Model Params Pre-trained Fine-tuned
Baseline 90 ResNet-50 24M 4 X
SimCLR 100 ResNet-50 24M v X
SimCLR (2x) 100  ResNet-50 (2x)  94M v X
SimCLR (4x) 100  ResNet-50 (4x)  375M 4 X
MoCoy, 200 ResNet-50 24M v X
MoCoys 200 ResNet-50 24M 4 X
AmDIM 150 - - v X

2020c] alleviates the need for storing offline representations of the entire dataset in
memory [Wu et al., 2018b] through the use of a dynamic memory queue. The samples
in the dictionary are progressively replaced. This approach uses contrastive learning
as a way of building a discrete dictionary (queue) of inputs (data samples) for a
high-dimensional space. We consider MoCoy; [He et al., 2020] and MoCoys [Chen
et al., 2020c| in this evaluation.

SimCLR: Simple framework for Contrastive Learning [Chen et al., 2020a] is a
simplified framework for contrastive learning compared to the previous ones. Here
stochastic data augmentations are applied on an input x to get two views of x;
and x;. Sequentially these augmented inputs are passed through a base encoder f(.)
followed by projection head, a small network that projects representations from f(.)
to a space where a contrastive loss is applied. We investigate SimClriy oy 4x.

It is also important to understand that the above methods differ only in the way
in which they apply and scale the learning process while the objective remains the
same as in Equation 3.1. In Table 3.1 we compare the different hyper-parameters
in-order to take into consideration different aspects before making any comment over

models performance.

3.3.1 Feature Extraction

We closely follow the implementation of R-MAC as in [Tolias et al., 2016] for obtaining
compact representation. A typical setup for obtaining compact representation is
depicted in Figure 3.3. Here the output feature representation of a CNN is depicted
as a 3D tensor. Different regions are selected (R;) at different scales and for each of
the (R;) regional max is calculated for each channel indices. Then we calculate the
feature vector associated with each region and post-process it with Lo normalization,
PCA-whitening and Ls-normalization. PCA dimension d is set to 512. We combine
the collection of regional feature vectors into a single image vector by summing them

and Lo-normalizing in the end.
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Figure 3.3: R-MAC feature extraction and post-processing. Left: depicts different
selected regions R; for calculating R-MAC representation. Right: for each R; a
corresponding representation is calculated by taking max across the spatial resolution
which results in a feature vector (fz,) of dimension R®, where C denotes channel
dimension. Further these fr, representations are pre-processed via Ly-PCA-L; to a
reduced textitd dimension which is fixed to 512 (across all evaluation). To accumulate
the information across all R;, elementwise sum is taken and again Ly normalization
is applied to get a final representation.

3.4 Experimental Setup and Results

3.4.1 Setup

Implementation details: The goal in this work is not to fine-tune the models but
instead evaluate them as a fixed feature extractor to obtain visual descriptors. The
base encoder of each of the models is some flavor of ResNet50 with varying complexity.
SimCLRgy 4x are 2x and 4x times in width compared to ResNet50 which serves as
backbone for SImCLR;x. Also, MoCoyq, v2 have ResNet50 as the backbone, the only
difference in v1 and v2 is that v2 further builds upon the findings in SimnCLR [Chen
et al., 2020a]. To this end, we consider the output of the last convolutional layer,
i.e. just before the adaptive pooling layer, as our descriptor, which leads to feature
maps of size RE*#*W_ To obtain compact representations we use R-MAC (L = 3a)
[Tolias et al., 2016] over spatial dimensions to get a fixed representation of size R°.
We resize our input images to a fixed resolution of 724 x 724 giving a feature spatial
dimension of 23 x 23 except in the case of AMDIM where the dimensions are 40 x 40.
However, we downsample this to 23 x 23 to keep uniformity across the evaluation.
Also, before running the final evaluation we first run each of the models in training
mode (PyTorch model.train() just a forward pass) to tune the batch-normalization
statistics to the current dataset and then finally test models in evaluation mode
(model.eval()).

Dataset: We evaluate models on three standard benchmark datasets:

28



Towards an Efficient Synergistic Paradigm for Self-supervised Visual Representation
Learning

 Oxford5k [Philbin et al., 2007]: The Oxford Buildings Dataset comprises 5,062
images sourced from Flickr through searches for specific Oxford landmarks.
Each of the 11 landmarks in the dataset has been manually annotated to
create detailed ground truth data. For evaluation purposes, each landmark is
associated with 5 query images, resulting in a total of 55 queries that can be

used to assess an object retrieval system.

 Paris6k [Philbin et al., 2008]: contains 6,300 high resolution (1024 x 768)
images obtained from Flickr by querying the associated text tags for famous
Paris landmarks such as “Paris Eiffel Tower” or “Paris Triomphe.” More details
about the setup can be found here https://www.robots.ox.ac.uk/~vgg/
data/parisbuildings/.

o INSTRE [Wang and Jiang, 2015]: Tmages are collected from multiple sources,
which include various image search engines(e.g. Baidu, Bing, Google, Picsearch,
Altavista), social networks (e.g. weibo, facebook) and photo sharing communi-
ties (e.g. Flickr, nipic). The whole dataset is split into three disjoint subsets
INSTRE-S1 (for single object case 1), INSTRE-S2 (for single object case 2)
and INSTRE-M (for multiple object case). INSTRE-S1 and INSTRE-S2 are
collected for measuring single object case, both of which have 100 object classes.
INSTRE-S1 contains 11011 images and INSTRE-S2 contains 12059 images.
We group all the 100 objects from INSTRE-S1 into 50 two-tuples. INSTRE-M

contains 5473 images distributed into such 50 two-tuple classes.

We further evaluate the performance on revised rOxford5k and rParis6k using the new
evaluation protocol based on easy, medium, and hard ground truth labels [Radenovié
et al., 2018].

Evaluation metric: Retrieval performance is measured using mean Average Precision
(mAP) following standard procedures for Oxford5k and Paris6k benchmarks and for
INSTRE evaluating mAP over 1200 images as described in [Iscen et al., 2017]. For
the revised benchmarks (rOxford5k and rParis6k) we report both mAP and mean
precision@(10,5) (mp@10, mp@5).

Baseline. For comparing across all the contrastive models we use ResNet50 [He et al.,
2016] trained on ImageNet [Russakovsky et al., 2015] as a fixed feature extractor
as our pre-trained supervised baseline model. For completeness, we also evaluate a
fine-tuned model [Revaud et al., 2019], which uses Generalized Mean Pooling (instead
of R-MAC) trained with Average Precision loss (GeM (AP)) . This method uses
pre-trained ResNet101 [He et al., 2016] on ImageNet [Russakovsky et al., 2015] and
finally fine-tuned on the public Landmarks-clean dataset [Gordo et al., 2016]. The

purpose of this is to provide an indicative upper bound to the evaluation scores.

“https://github.com/naver/deep-image-retrieval
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Ranking. We consider global search (G) in this evaluation, along with that we

further integrate global search with the following techniques:

o Average Query Expansion [Chum et al., 2007] (AQE): A new query is constructed
by averaging verified results of the original query (Q,). First, the top N-verified
results returned by the search engine are selected. A new query Q.. is then

avg

formed by taking the average of the original query Q, and the N results;

Quvg = N;H(QO + Zfil r;), where r; is retrieved result for the query.

« Database-side Augmentation [Arandjelovi¢ and Zisserman, 2012] (DBA): database-
side augmentation (DBA) replaces every image signature in the database by a
combination of itself and its neighbors. The objective is to improve the quality
of the image representations by leveraging the features of their neighbors.
We sum-aggregate the nearest k neighbors as in the query expansion case.
Optionally, the sum can be weighted depending on the rank of the neighbors,

kr

and in our experiments, we use weight(r) = 7- as a weighting scheme, with r

the rank of the neighbor, and & the total number of considered neighbors.

For AQE we consider nearest neighbour N = 10, for DBA we consider N' = 20 while
combining both of these we consider N =1 and N’ = 20, based on the findings in
[Gordo et al., 2017].

We use a PCA dimension of 512 and evaluate on a global search for R-MAC

representations unless otherwise stated.

3.4.2 Results

Quantitative Assessment: Table 3.2 compares different models along with different
expansion techniques. GeM (AP) serves as an upper-bound indicator rather than a
benchmark.

In Table 3.2, if we consider SSL models with the same model complexity as
compared to supervised baseline, for a naive global approach MoCoy, achieves an
mAP of 58.36% which is 3.24% higher than supervised baseline which obtains mAP
of 55.12% for Oxford 5k. However, SImCLR4x (375M) outperforms the baseline with
the farthest margin i.e 4.28%. Also, there is a performance increment along all the
methods including the baseline with the inclusion of different ranking techniques.
However, it is difficult to comment on which ranking algorithm gives the overall
best performance across all the methods and datasets. We also include results for
ensembling different contrastive models. For the ensemble, the R-MAC representa-
tions are concatenated (feature vectors are vertically stacked i.e., one after the other)
and dimensionality reduced via PCA, which seems to give a further performance
boost consistently for the Oxford 5k dataset, Table 3.2. Concatenation (SimCLRyy,
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SimCLR4y) seems to be the best performing combination for Oxford 5k dataset,
although all the ensemble improves the performance. A similar trend can be observed
for the Paris 6k dataset as well. For global search query, SimCLR; easily beats
the baseline with a mAP of 42.28%, while MoCo,, beats it by a large margin with
a mAP of 49.72%. Ranking techniques improve search performance; however, no
single ranking technique or combination consistently outperforms the others across all
scenarios. Interestingly, an ensemble of different methods doesn’t perform better than
individual methods except in the case of AMDIM. In the case of the INSTRE dataset,
the best-performing contrastive model is SImnCLR,, with the highest parameters.
To further consolidate our findings, we also conducted an evaluation on the
revised rOxford 5k and rParis 6k datasets as depicted in Table 3.3. On rOxford 5k
SimClry, gives the best performance on all labels. mP@10 is almost 70% for the
easy category, with the drop in performance for hard label. Similarly, on rParis 6k,
SimClry, gives the best performance with mP@10 over 90 for easy and medium, but
again this drops off for hard labels. As in Table 3.2, here ensembling further boosts
performance. Again, contrastive models surpass the baseline pre-trained supervised
model.
Effect of descriptor dimension on performance. Table 3.4 reports our findings
for global search”. Interestingly, true dimensions (L, normalized R-MAC representa-
tions) appear to perform worse for almost all the models. The best dimension varies
across the dataset but it is never the true dimension. This could be attributed to
dimensions with small principal components being noisy and redundant and adversely

affecting performance.

Remarks: 1. GeM (AP) [Revaud et al., 2019] serves as a benchmark (upper
bound) for evaluating the quality of representations produced by SSL methods relative
to fine-tuned models. Notably, GeM was pre-trained on ImageNet using ResNet-101
(44.5M parameters) and fine-tuned on the Landmark-clean dataset [Gordo et al.,
2016]. While it outperforms all models across all settings for Oxford 5k and Paris 6k
datasets, its performance on the INSTRE dataset is significantly lower due to fine-
tuning on a specific source domain. Interestingly, SSL. models with larger parameter
counts show only a minor drop in performance. This highlights a key advantage
of self-supervised methods: their superior generalization to unseen target domains,

as demonstrated quantitatively in Table 3.2. Furthermore, this analysis suggests

* . . . . .
Comparison is across the horizontal dimension (columns)
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Table 3.2: Comparing mAP (%) score across different models. Bold (red) best-
performing ensemble if it exists.

G G G G
+AQE | +DBA | +DBA
Dataset Method +AQE
Baseline 55.12 67.85 62.63 70.60
SimClrq, 51.47 62.96 61.00 66.32
SimClrg, 58.59 | 70.49 67.34 72.62
SimClr, 59.40 | 69.80 67.52 71.03
MoCo,1 56.76 66.89 64.12 69.77
Oxford 5k MoCo,2 58.36 67.49 65.09 69.86
AmDim 36.95 43.44 39.97 44 .69

SimClrg,+SimClry, | 61.89 | 72.64 | 69.27 | 74.43
SimClrg, +AmDim 57.06 | 67.37 64.69 69.29
SimClra, +MoCo,2 61.33 71.58 68.47 72.94
SimClrg, +MoCo,q 61.87 | 71.97 68.20 72.94
SimClry, +AmDim 58.13 | 68.76 64.81 69.78

GeM (AP) 66.90 78.57 75.70 81.92
Baseline 41.46 61.76 64.71 75.56
SimClr, 42.28 61.15 64.36 74.45
SimClrag, 44 .48 59.65 63.28 71.91
SimClry, 44 .96 56.3 60.40 68.46
MoCo, 43.22 60.34 63.00 72.11
Paris 6k MoCo,2 49.72 | 64.46 | 67.06 75.01
AmDim 34.87 49.2 47.72 56.06

SimClry,+SimClry, | 45.27 | 56.84 59.88 68.07
SimClrg, +AmDim 44.45 | 60.06 63.02 71.12
SimClre, +MoCo,e 47.93 | 61.46 64.96 72.37
SimClry, +MoCo,e 47.44 | 58.44 61.88 69.48
SimClry,+AmDim 44.74 | 57.05 60.66 68.60

GeM (AP) 49.87 63.46 67.99 76.78
Baseline 36.64 | 64.42 63.96 74.32
SimClrq, 27.51 47.85 47.34 57.73
SimClry, 36.68 57.04 56.89 65.27
SimClry, 44.76 | 63.73 63.26 70.17
MoCo, 33.44 54.88 54.84 64.65
INSTRE MoCo,2 33.36 51.79 50.47 58.83
AmDim 24.34 37.92 36.69 42.74

SimClrg, +SimClry, | 45.58 | 63.94 63.54 70.54
SimClry, +AmDim 39.37 | 59.02 59.09 66.68
SimClry, +MoCo,» 41.99 | 60.99 60.64 68.41
SimClrg, +MoCo,s 47.07 | 65.23 | 64.93 71.42
SimClry,+AmDim 45.83 | 63.88 63.84 70.83
GeM (AP) 20.78 31.37 30.29 35.93
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Figure 3.4: Qualitative Analysis: Comparison of retrieval results for a given query
sample from Oxford 5k dataset.
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Figure 3.5: Qualitative Analysis: Comparison of retrieval results for a given query
sample from Paris 6k dataset.
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Table 3.3: Comparison on global ranking across different models. Bold (red) best-
performing ensemble if it exists.

Easy Medium Hard

Dataset Method mAP mp@5 mp@10 | mAP mp@5 mp@l0 | mAP mp@5 mp@l0
Baseline 45.65 67.55  61.81 32.89 64.00  58.57 12.10  23.71 19.43
SimCLRx 4717  69.78  63.90 | 31.98 65.24 57.52 | 9.52  20.57 15.86
SimCLR 54.95 76.69 69.49 | 3854 73.14 65.33 | 14.41 31.21 22.93
SimClr g, 54.65 74.80 68.37 | 38.57 73.71 65.05 | 14.05 30.07 22.79
MoCoy; 48.29 68.48  64.36 | 33.57 64.43 5858 | 9.27 20.05  15.62

rOxford 5k MoCoys 52.69 7233 65.86 | 36.49 67.24 59.24 10.72  23.38 18.67
AmDim 21.24  38.31 31.35 1754  36.38  32.57 411 5.92 6.33

SimClrax+SimClryy 55.23 76.15 68.87 | 39.60 74.29 65.64 | 15.01 2943 23.97
SimCLRx+AmDim 52.08 7228 6551 | 36.19 66.86 58.57 | 10.20 21.64 17.64
SimCLRy,+MoCo, 55.11 76.47 69.35 | 3846 70.52 6257 | 12,51 27.12  21.83
SimCLR4;+MoCoys 5398 7240 6790 | 3831 70.10 64.69 | 13.38 2843 23.13
SimCLR4;+AmDim 49.23 70.76  64.00 | 35.72 67.62 61.33 | 11.72 23.79  18.80

GeM (AP) 64.07 8493 80.56 | 51.03 89.43 83.86 | 30.30 54.86  44.00
Baseline 4720 91.14 87.00 | 31.63 93.71 91.71 | 10.44 57.14 43.43
SimCLR, 49.35 93.14 8952 | 31.61 95.71  92.00 8.93  46.57 3843
SimCLRg, 54.28 94.00 91.14 | 3447 96.00 9286 | 10.87 62.00 49.71
SimCLR 4, 5497 93.71 91.71 | 3539 96.29 94.86 | 12.34 66.57 56.29
MoCoy; 50.47 9229  89.71 | 31.48 95.14  92.57 8.13  46.57  36.29
rParis 6k MoCo,s 55.77 92.86 89.24 | 36.32 9486 92.14 | 11.71 60.00  50.43
AmDim 38.62 80.29  73.71 | 25.92 8257 75.71 6.36  25.14  19.57

SimCLRg,+SimCLRy, | 55.54 94.00 91.86 | 35.59 96.00 94.00 | 12.37 66.29  56.00
SimCLR3,+AmDim 53.71 9371  90.43 | 3457 95.14 93.14 | 1046 55.71  46.00
SimCLRg;+MoCo,s 57.00 9343 91.00 |36.66 95.14 93.29 | 11.88 64.00 52.43
SimCLR4;+MoCo,s 56.86 94.29 91.71 | 36.61 96.29 94.86 | 12.68 69.43 55.57
SimCLR4;+AmDim 54.65 92.86  90.57 | 35.06 95.71 93.43 | 11.41 61.14 48.71
GeM (AP) 5490 9438 9195 | 37.36 98.86  97.00 | 14.65 76.86 63.71

that contrastive methods trained to minimize inter-class variance effectively capture
instance similarity, which is reflected in these evaluations.

2. Large models generally perform better across most scenarios, as demonstrated
by SIMCLR(42>2s>12). However, performance improvements are not solely reliant on
model size; better design can also lead to significant gains. For instance, MoCo,s,
despite having fewer parameters than SimCLR4x, 2z), outperforms them due to
its design choices. It incorporates improvements proposed in SimCLR, [Chen et al.,
2020a] for the projector head, resulting in enhanced performance. Additionally, the
effectiveness of these SSL contrastive methods heavily depends on various train-
ing strategies, such as extended training epochs, large batch sizes, and effective
augmentations.

3. Design of contrastive models and downstream tasks plays a crucial role.
AmDIM [Bachman et al., 2019] performs worse across all the settings and this could
be attributed to the way contrastive learning is applied. AmDIM minimizes the
mutual information between global representation and a collection of local feature
vectors pulled from an intermediate layer in the encoder, as illustrated in Figure
3.2. This might be useful for tasks like segmentation or correspondence learning
but might not be good for instance retrieval. We investigate this aspect of mutual
information minimization in the next chapter where we specifically propose similar

design for the task of saliency prediction.
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Table 3.4: Comparison of mAP (%) across different PCA dimension and the true
dimension.

PCA-Whitening True
Dataset Method 32 64 128 256 512 1024 2048 | dim.

Baseline 48.31 54.61 56.68 57.52 55.12 49.44 37.23 | 58.47
SimCLRyy | 34.96 44.96 54.17 54.79 5147 44.16 34.94 | 50.63
SimCLRo, | 36.79 47.96 60.32 61.68 5859 49.82 24.62 | 53.72
Oxford 5k SimCLRy, | 35.32 45.86 57.77 61.70 59.40 53.83 44.71 | 41.94
MoCoy; 29.90 4195 54.62 57.38 56.76 50.20 39.37 | 38.73
MoCoys 39.92 4788 57.92 60.43 5836 52.14 40.05 | 51.76
AmDim 11.52 1530 21.71 2871 36.95 37.58 30.73 | 16.10
Baseline 72.22 71.83 63.65 5340 41.46 2899 17.89 | 68.36
SimCLRy | 69.90 73.29 66.62 54.58 4228 30.7 20.06 | 66.60
SimCLRoy, | 75.21 77.90 69.25 57.83 44.48 33.05 23.27 | 72.20
Paris 6k SimCLRy | 77.16 78.04 69.19 57.29 4496 35.02 25.79 | 72.89
MoCoy; 56.84 63.63 61.87 54.07 43.22 32,57 21.63 | 53.66
MoCoys 70.08 75.11 71.24 61.66 49.72 35.73 22.98 | 69.99
AmDim 21.49 3396 41.19 40.85 34.87 26.82 17.85| 25.50
Baseline 26.44 3492 38.68 3855 36.64 29.25 20.20 | 33.03
SimCLRyy | 16.47  23.27 29.01 30.35 2751 21.85 1597 | 21.85
SimCLRo, | 1842 26.83 35.88 39.67 36.68 29.64 21.57 | 25.94
INSTRE  SimCLRy, | 18.92 2897 40.45 46.99 44.76 36.68 27.65 | 28.98
MoCoy; 20.08 2785 33.77 36.24 3344 26.66 18.46 | 23.01
MoCoys 19.00 27.38 34.34 36.22 33.36 26.86 18.79 | 26.22
AmDim 10.65 15.88 20.55 24.15 24.34 2045 14.45]| 10.25

Baseline

SimCLR

SimCLR ,,

SimCLR ,,

Query MoCo y,

MoCo v,

AMDIM

Figure 3.6: Qualitative Analysis: Comparison of retrieval results for a given query
sample from INSTRE dataset.
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Qualitative Assessment: We further qualitatively visualize some query results
for Oxford 5k (Figure 3.4), Paris 6k (Figure 3.5) and INSTRE 3.6 dataset. Self-
supervised models learn to encode semantic similarity without any sort of labels,
instead, this learning paradigm itself learns to exploit underlying factors of variation
within data just by minimizing the distance between identical samples while maximiz-
ing the margin between negative samples. This visualization further consolidates our
finding for generalizability and encoding of semantic similarity for SSL contrastive

models.

3.5 Discussion and Conclusion

This chapter evaluates contrastive self-supervised pre-trained models for the task
of instance-based image retrieval. The goal of the experiments is to answer RQ1:
How effectively do SSL methods encode semantic identity in comparison to SL
methods for the task of image instance retrieval? Our evaluation found that these
methods are on par with those trained on class labels. In fact, in many settings in
Tables 3.2 and 3.3, contrastive approaches surpass the performance of the supervised
model. The quantitative evaluation shows that these contrastive methods can easily
surpass supervised models without any explicit supervision. This study proves that
contrastive models learn features that can be used to bootstrap image retrieval
engines. However, particularly impressive is the fact that the contrastive pre-training
regime did not take the image retrieval task into consideration yet it learned features
that can be used for such a task. This is interesting from the perspective of utilizing
self-supervised models as a fixed feature extractor.

However, this evaluation leads to some important future research questions. One
question is regarding the design of such contrastive models. As can be seen in our
evaluation, global contrastive learning seems to work (i.e global representations) for
such tasks while on the other hand optimizing for global-to-local (AMDIM) might
not be useful for tasks like image retrieval or classification. Furthermore, it can
also be seen how large models easily surpass the baseline. This is good from the
perspective that annotations are not needed and models can be scaled accordingly
but this scaling has its own implications such as larger training time, large batch
size, etc. Furthermore, it is important to be careful about the application of such
large models because then inference will become costly. In the following chapters
(5, 6), we investigate this problem in the context of a SSL paradigm and provide

perspectives on resolving some of these issues.
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Chapter 4

Contrastive Self-supervised
Learning and 360° Visual
Attention Modelling

In Chapter 3 it can be observed that self-supervised (contrastive) pre-trained models
serve as a good starting point to bootstrap an image retrieval pipeline for robust
performance. In this chapter, we explore hypothesis H2 defined in Chapter 1
that omnidirectional images are particularly suited to an SSL approach due to the
geometry of the data domain. To this end, we extend recent advances in contrastive
self-supervised learning to learn latent representations that are sufficiently invariant
to be highly effective for 360° (spherical) saliency prediction as a downstream task.
To verify this hypothesis, we design an unsupervised framework that effectively
maximizes the mutual information between the different views from both the equator
and the poles *. We show that the decoder is able to learn high-quality saliency
distributions from the pre-trained frozen encoder embeddings. Our model compares
favorably with fully-supervised learning methods on the Salient360! [Rai et al., 2017],
VR-EyeTracking [Xu et al., 2018b] and Sitzman [Sitzmann et al., 2018] datasets. This
performance is achieved using an encoder that is trained in a completely unsupervised
manner and a relatively lightweight supervised decoder (3.8 x fewer parameters in
the case of the ResNet50 encoder). The research that emanated from this work was
published at CVF International Conference on Computer Vision (ICCV), Montreal,
2021.

“Equator represents the central part of the sphere while the poles are the top and bottom of the
sphere.
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Figure 4.1: 2D Saliency heatmaps overlaid on the original images, where
it can be seen that important parts of the image such as humans or
faces are deemed to be particularly salient. Figure source: https:
//www.cs.princeton.edu/courses/archive/spring18/cos598B/public/
projects/LiteratureReview/C0OS598B_spr2018_Saliency.pdf

4.1 Motivation

The task of visual saliency prediction is to predict the area in an image/video that
captures human attention. In other words, saliency prediction aims to identify which
parts of an image will attract the human gaze. The target output is a saliency map,
showing which areas are most likely to draw attention, with higher values indicating
more eye-catching spots (depicted in Figure 4.1). Visual saliency prediction focuses
on identifying where attention is drawn in an image, often around objects, rather
than focusing on what the objects are. Factors like local and global contrast, spatial
distribution, focus, background relevance, and central bias all influence an object’s
saliency. These characteristics align with human visual attention and are commonly
used as features in systems for predicting visual saliency.

Unlike traditional media (2D images/videos ), omnidirectional images (ODIs)
provide users with the ability to explore different regions of the viewing sphere. The
average person’s head movements (HM) are typically a good prediction of the most
probable viewport localized within the sphere, while eye movements (EM) reflect
regions of interest (ROIs) inside the predicted viewports. Thus, when predicting
the most salient pixels for 360° images, it is necessary to predict both HM and EM
[Xu et al., 2020b]. Despite remarkable advances in the field of visual attention [Itti
and Koch, 2000, Borji, 2018, Xu et al., 2020b], existing approaches for 360° saliency
prediction are still limited in scope/power for two main reasons.

First, all previous state-of-the-art 360° saliency static approaches are trained
end-to-end in a supervised manner. This limits their capacity to leverage unlabelled
data. Compared to the large-scale 2D video/image saliency datasets [Borji, 2018]
(i.e., up to 10000 images,1000 video sequences), 360° video/image HM /EM datasets
are rather small. This is due to the complex annotation process, which limits
the capacity of the fully supervised approaches. Therefore, exploiting unlabelled

data for learning better features is critical and intuitively a good design. Second,
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Figure 4.2: A typical pre-processing step for a 360° image often involves projecting
it into cube map projection (CMP) and equi-rectangular projection (ERP) as shown
above in 1. Deep models can then be trained on these two post-processed images for
the tasks of visual saliency prediction following two stream networks as shown below
in 2. Figure source for 1 [Rana et al., 2019] and 2 [Dahou et al., 2021] .

most of the previous approaches apply a CNN on each patch/cube resulting from
the equi-rectangular (ERP) and cube map (CMP) projections (Figure 4.2). The
former suffers from geometric distortions near the poles, whereas the latter stretches
the salient regions into different cube faces, forcing the model to lose the global
contextual information. These methods are also of high computational complexity,
which may limit their applicability. A powerful recent paradigm for estimating
mutual information (MI) is contrastive learning based on noise contrastive estimation
(NCE) [Gutmann and Hyvérinen, 2010], where multiple views of the same scene are
brought together in embedding space while pushing apart views from different scenes.
Additionally, as the choice of views is important for contrastive learning, 360° data
offers a new set of choices for more effective MI estimation. The projections used in
the scope of this work are task-relevant, but also, make the optimization problem
harder, since they are not as susceptible to optimization short-cuts [Doersch et al.,
2015] as simple augmentations like color jitter and horizontal flips. This improves
the expressive power of the encoder. This also motivates us to discard the use of
CMP at training/inference, as we argue that the encoder is inherently sensitive to
the signal coming from the Zenith and Nadir regions.

Our goal in this chapter is to learn representations that capture the signal shared
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Prediction

Matching views

Figure 4.3: Given a set of 360° images and associated projections, a deep representa-
tion is learned by maximizing the mutual information between views of the same
scene in the embedding space, while discarding views of different scenes.

between a support image View; (V) and its corresponding projections Views(Vs) and
Views(V3) as shown in Figure 4.3. This is achieved by maximizing the agreement
between global and local representations of support images and their projections
respectively. The approach is inspired by the notion of mutual information (MI) max-
imization as proposed in Deep Info Max (DIM) [Hjelm et al., 2019] and Augmented
Multi-scale DIM (AMDIM) [Bachman et al., 2019]; at this point, it is important
to address why we opted for an approach like DIM/AMDIM which relies on local-
to-global contrastive learning. The global approach of contrastive learning focuses
on extracting global representations while not explicitly learning local distinctive
features. As a result, the former approach will work for tasks like image recognition
or retrievals as described in Chapter 3 while the latter may be useful for tasks like
segmentation or saliency prediction where local features play a crucial role. However,
we introduce some important differences. First, we add self-attention to induce a soft
feature selection mechanism over local representations (intermediate activation maps).
Second, we formulate the total loss (Section 4.3.2) in a way to induce invariance to
projections as in [Misra and Maaten, 2020] and maximize the MI across different
augmented (projected) views. Finally, unlike (AMDIM), instead of relying on batch
sizes for negative samples, a memory bank is adopted for computational efficiency.

Our contributions are as follows:

o We propose a contrastive framework to extend the idea of self-supervised

learning to a new data domain, specifically 360° images, and show how it

40



Towards an Efficient Synergistic Paradigm for Self-supervised Visual Representation
Learning

can be effectively used for a regression downstream task rather than a simple

recognition task.

o Through extensive evaluation as shown in Table 4.1, we show that contrastive
learning can be exploited for saliency prediction, and furthermore that it

performs on par with fully supervised methods.

o Our approach addresses one of the key challenges encountered when predicting
360° saliency by excluding any use of CMP (Dividing the panorama into
smaller tiles and applying local perspective projection introduces significant
computational overhead, as saliency detection must be performed on each
individual tile). The design implicitly embeds the geometric specifications in

the model weights.

o A single subsequent stream of learning on the equi-rectangular projection
(ERM) images significantly reduces the computational cost (8% faster than the

most efficient model among other 360° saliency approaches).

4.2 Related Work

This section reviews important works related to attention modelling for 360° images.
We focus on works related to the prediction of the HM/EM saliency maps in 360°
images, which can be grouped into heuristic and data-driven approaches.

Visual attention modelling for ODIs. The authors of [De Abreu et al., 2017]
introduced the fused saliency map (FSM) approach for HM saliency prediction to
ODIs, where the input 360° image is rotated by several angles and then projected
as a set of 2D patches using the ERP. SALICON [Jiang et al., 2015] (a SOTA 2D
image saliency prediction model) is applied to each patch separately and the FSM
approach fuses local saliency maps to generate the final prediction. The motivation
of the approach introduced in [Maugey et al., 2017] is to reduce the border artifact
after sphere-to-plane projection.

Unlike previous approaches, [Startsev and Dorr, 2018] combined both the ERP
and CMP, to better reduce the negative impact of border artifacts. The former
swaps the left and right halves of the image to reduce the distortions on the vertical
sides. 2D saliency prediction approaches are applied to obtain two saliency maps,
corresponding to the top and bottom faces of the cube, after incorporating CMP. The
final saliency map is obtained by pixel-wise maximum multiplication as a method
for fusing the two ERP and CMP generated maps.

Other approaches [Lebreton and Raake, 2018, Luz et al., 2017, Cornia et al.,
2016], adjusted predictions on the extracted view-ports rather than ERP/CMP
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projections, assuming that view-ports feature fewer geometric distortions. The
main challenge is how to project several view-ports back into the final spherical
saliency map. Rather than adapting 2D saliency prediction approaches on ODIs,
some works [Achanta et al., 2012, Thakur et al., 2011, Zhu et al., 2018b, Fang et al.,
2018, Battisti et al., 2018] proposed the extraction of handcrafted low-level features
such as hue, saturation, luminance, texture, color channels, boundary connectivity,
but also high-level features such as skin, faces, and cars. The low- and high-level
maps are integrated to obtain the final saliency map.

Few end-to-end learning models have been proposed for 360° saliency. The
SaltiNet [Assens et al., 2018] model is initialized with the pre-trained parameters of
SalNet [Pan et al., 2016], and then trained over the Salient360! dataset using the bi-
nary cross entropy (BCE) loss. The SalNet360 [Monroy et al., 2018] approach trained
SalNet on the cube faces of a 360° image under CMP. Then, a fully convolutional
network (FCN) is adapted to fuse the spherical coordinates of the cube faces with
the extracted saliency maps. The work in [Chao et al., 2018] proposed rotating the
360° image at different CMPs with several angles, then SalGAN [Pan et al., 2017] is
fine-tuned on the Salient360! dataset using these projections. Unlike previous DNN
approaches, [Suzuki and Yamanaka, 2018] explicitly learns the equator bias with a
layer in the proposed CNN architecture, which acts on the viewports for generating
the final saliency map of the 360° image. ATSAL [Dahou et al., 2021] combines a
latent attention mechanism that allows the network to focus on the most relevant
parts of the input space, with expert instances of SalEMA [Linardos et al., 2019] for
each patch location produced by the CMP, to learn effective features for saliency
modelling.

It is clear from the above review that the models targeting HM/EM 360° image
visual attention modeling share the same core concept of applying a CNN on patches
from ERP/CMP projections. As outlined above, this design is conceptually limited,
and is computationally demanding at the inference stage. This chapter attempt to

better address these limitations.

4.3 Method

The proposed algorithm takes advantage of the geometric flexibility of the 360° data
domain, i.e. the spherical representation, where the different projections represent
robust views for training a differentiable parametric function fg(x), with parameters
6 (e.g. neural network) to maximize the mutual information among the views without
any further supervision. We rely on exploiting contrastive learning-based approaches
[Le-Khac et al., 2020] to learn optimal and robust representations for 360° data.

To further measure the quality of the latent representations, a separate parametric
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function g, (decoder), is able to decode good quality saliency maps for the downstream

task. It is important to mention that the two stages are asynchronous.

4.3.1 Overview of the Approach

Suppose we are given a 360° image dataset, D = {x, ....,X|p|} where x; € R¥*H*W

and a set of transformations 7 and projections P, with empirical probability dis-
tribution p(X). The set 7 contains standard transformations and specifically small
random crops (<5% of the image size; large crops can affect saliency [Che et al.,
2019]), random jitter in color space, random conversion to gray-scale, random horizon-
tal flips. The set P specifically contains projections top-to-front and bottom-to-front,
from the sphere-to-plane, using the ERP projection. The aim is to learn represen-
tations that maximize the agreement between global representations of x (source
view) and local spatial patches of x; ~ T(P(x)) (augmented view) as in [Hjelm
et al., 2019, Bachman et al., 2019]. However, there are some significant differences
that distinguish our approach from previous works. As we are mainly inferring for a
regression downstream task, we are not concerned with the exact value of the MI,
as minimizing further the contrastive objective encourages clusters to form in the
representation space. Thus, we aim at optimizing the feature maps across spatial
locations to capture enough symmetries about the input data, with the use of both

the local-to-global approach and the self-attention module.

4.3.2 Unsupervised Contrastive Module

Base encoder (fy) learns a network f : x — A parameterised by 6, where x €
R3x160x320 and A € R912x10%20Tg be precise, x (Source view) is the whole panorama
and x; is perspective image with augmentations as depicted in Figure 4.4 with fp(x)
and fy(x;) representing their local latent representations (fp(x:), fo(x) € A). We
report findings for VGG16 [Simonyan and Zisserman, 2015] and ResNet50 [He et al.,
2016] as encoders. We made some changes to use ResNet-50 as an encoder and this
is depicted in Figure 4.5.

Global module (3,) learns a mapping X : fp(x) — vy (x always represents a
panorama image) parameterised by o, where v, € R52. This module provides a
compact /global representation of x as shown in Figure 4.4 and a detailed architecture
is shown in Figure 4.5. This module remains the same of for VGG16 and ResNet50.
This module can also be understood as a projection layer often used in self-supervised
literature but in this case it is asymmetric (i.e., it is not applied to fo(x;)). The
Global module is used during pre-training only.

Local module (€2,) is again a non-linear mapping €2 : Yy, — V,, parameterised

by w, where ¥,, € R512xx10x20 " The architecture of the Local module consists of
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Figure 4.4: Complete pipeline for training. The contrastive module comprises of an
encoder fy, a global module X, self-attention ¢z, and local module (2, trained jointly
to optimize the set of parameters ® = {0, 0,3,w} in a completely unsupervised
regime. Decoder g, is trained to optimize ¢, keeping the encoder fixed (no gradient
flow). Inference can be performed to predict the saliency on unseen data. The
ReLu (Conv Layer) and ReLu (Linear Layer) in bottom right changes depending
on different module (see Section 4.3.2).

2x[Conv2d — ReLU] followed by a BatchNorm2D and is fixed for both VGG16
and ResNet50. Similar to the Global module, the Local module is also used during
pre-training only.

Self-attention module serves as a medium to build spatial relationship between
local representations fp(x) and fy(x;). The architecture is similar to [Wang et al.,
2018a, Zhang et al., 2019] but query and key come from different sources i.e.,
fo(x) and fy(x;) respectively. Usually key and query are linear projections of
same representations. This self-attention mechanism is the building block of vision
transformers [Dosovitskiy et al., 2021]. To give more intuition about how self-attention
works in this case; the module takes in the source (Ax = fy(x)) and augmented (Ax, =
fa(x;) local latent representations, which has dimension 512x 10x 20. The objective of
this module is to provide a mechanism to perform feature selection between the feature
maps of two views (source and augmented). To achieve this, the latent representations
are transformed into Q (query) and K (key) feature spaces through weight matrices
W and Wy for source and augmented latent representations respectively. Attention
is calculated through dot product between the two representations i.e. Wq(Ax) and
Wk (Ay,). This dot product is calculated between each location “vector” (i.e. for each
location {(:,4,j)| 7 €{1,...,10},57 € {1,...,20}}) across two views (Wq(Ax) and
Wi (Ay,)), resulting in attention weights of size 200 x 50", The ouput from Wg(Ay,))

“excluding batch-size for simplicity
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Figure 4.5: Detailed breakdown of the model architecture. Encoder fj is derived
from ResNet50 architecture as well as global module

is max-pooled to reduced for spatial resolution which results in an attention matrix
of size 200 x 50 (instead of 200 x 200). Intuitively, this means performing the dot
product of each location vector (Q) with a patch (in Wi (Ay,)) because each pixel has
a receptive field of 4, due to the max-pooling. Once we have these attention weights
we could now perform feature selection through V (value) i.e. Wy (Ay,). Further,
output from (Q,K,V) operation is projected through another weight matrix Wy and
is multiplied by v and added to Ay,. This residual connection modulates the value
of v in terms of the extra contribution. In our case v achieves a value of 8.0 after
250 epochs. The choice to reduce the channel dimensions and applying pooling was
done following [Zhang et al., 2019]".

Loss function: We minimize a NCE [Gutmann and Hyvérinen, 2010] based objective
as in [Tian et al., 2019a]. The idea is to run logistic regression to tell apart the
target data from noise (negative sample) (Chapter 2), unlike here we developed this

objective for m negative samples:

Lneg(x,x:) =— E { E [log (P(D = 1|xs,x))]
x~p(x) Lxpvp(.[%) (4.1)
+mE [log(P(D = 0[x,,x))] }
Xpn~pn (-[x)

Optimizing Lxcg(X, X;) is simply minimizing the negative log-posterior probability

“Implementation is taken from [Zhang et al., 2019] and adapted to PyTorch
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of label D to distinguish “positive pair” (x,x;) (D = 1) from “negative pair” (x,x,,)
(D = 0) where x,, is often referred to as a negative sample. A negative sample is any
sample that is not typically derived from x and its distortion/augmentation. p(x)
and p,(.) in Equation 4.1 is the empirical data distribution and distribution of noisy

samples respectively. The posterior distribution with m noise sample is given by:

N (e
P(D = 1|xy,x) D) + ) (4.2)

with p(x¢|x) being the true unknown distribution, which is approximated by a score
function s(x;,x) = exp (x{x/7), where 7 is the temperature hyper-parameter (fixed
to 0.07) that modulates the distribution. This function assumes L, normalized
vectors. Refer to [Tian et al., 2019a, Gutmann and Hyvérinen, 2012] for further
details on the derivation of the NCE loss.
Memory bank: Following [Wu et al., 2018b, Misra and Maaten, 2020], we maintain
a memory bank to retrieve m negative samples which is an exponential moving
average of feature representations vy(i.e. source view) denoted as my that were
computed in prior epochs.

The final objective is defined as a convex combination of both the global(L¢)
and local(L;) NCE losses:

L(x,x;) = ALp(my, Uy, ) + (1 — N Lg(my, v,). (4.3)

Note: we do not directly minimize the NCE between global and local representations
but instead rely on representations from memory m,. This first encourages similarity
to memory representations encoding invariance, as shown in [Misra and Maaten, 2020],
and secondly it directly maximizes the MI between global and local representations
via memory representations.

L is the global NCE between two feature vectors m, and v, (each € R°'?), while
L is the local NCE between a vector m, and feature map W, € R512x10x20_ T this
later case the dot product in s(m,, U, ) is calculated as ;- 2?:0 doiomp (i, ),
which is referred to as local-dot encode in [Hjelm et al., 2019]. Recall that the dot-
product in the scoring function assumes Ly normalized vectors, so Wy, is Ly normalized
along each location i.e. across V(:,4,7). The dimensions (c, h,w) = (512,10, 20)

remains fixed across all settings.

4.3.3 Supervised Module

Problem formulation. Visual attention modelling for ODIs is the downstream task
chosen to measure the quality of the representations. The motivation lies with the

difficulty of the task, and the availability of benchmarks. It consists of predicting an
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(head+eye) based ERP-saliency map from the input 360° image. In this setting, the
ground truth saliency maps are computed by convolving each fixation or trajectory

points (for all observers of one image), defined as:

1 if location (i, j) is a fixation
FMZ‘]‘ -
0 otherwise,
with a Gaussian or Kent kernel. The resulting saliency map P € [0, 1]"*# can

be treated as a multivariate Bernoulli distribution where each pixel is Bernoulli
distributed, with a probability p to be attended, and (1 — p) to be discarded.
Decoder module g, : The decoder architecture is inspired from SalGAN; however,
we only kept one single convolution layer per block, rather than three layers as in
the original SalGAN. The main motivation for this is to avoid over-parametrization,
and to show that a less complex function is able to decode the representations and
provide evidence of the generality and robustness of W.

Saliency loss function. The saliency task can be seen as a distance measure
between the predicted saliency distribution Y € [0, 1]">*# and the continuous
ground truth P € [0, 1]">*#. The objective function must be designed to maximise
the in-variance of predictive maps and give higher weights to locations with higher
fixation probability. Thus, the decoder is trained to minimize the Kullback-Leibler
Divergence (KLD), widely adopted for benchmarking saliency models [Bylinskii et al.,
2018], the KLD between Y and P is given by:

WxH P
v.P)= S PI i), 44
Lxip(Y, P) 121 Og(€+e+Yi> (4.4)

4.4 Experimental Setup

Pre-Training Dataset: We first pre-train the encoder following the unsupervised
scheme. Contrastive learning requires a large amount of unlabelled data to be trained
effectively. Due to the unavailability of large-scale 360° images datasets, we had
to gather a new one with 90K ODIs from multiple sources. The dataset comprises
of; PVS: HMEM [Xu et al., 2018a] contains 76 panoramic videos, images were
sampled at a rate of 1 frame per second (fps), 360-Indoor [Chou et al., 2020] contains
3024 complex indoor scenes containing common objects and Videos gathered from
YouTube playlists” (1 fps).

Downstream Dataset: We evaluate the unsupervised module’s representational

properties on three saliency datasets namely; Salient360! images [Rai et al.,

“Playlist 1, Playlist 2, Playlist 3
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2017]: a small-scale dataset, consisting of (80/25) images for training and validation
respectively, each recorded for at least 40 observers. It provides the head-eye saliency
map obtained jointly from eye tracking and head positions in the ERP format.
Sitzmann [Sitzmann et al., 2018] containing a total of (14/11) training/validation
ODIs; the authors captured and analyzed gaze and head orientation data of 169
users. Due to the small amount of labelled static data (103 ODIs), we sampled at a
rate of 1 fps from the large-scale video dataset VR-EyeTracking [Xu et al., 2018b].
The resulting set contains (4700/1300) 360° images.
Evaluation: Our approach is experimentally compared to five models, two state-of-
the-art 2D static saliency models, UNISAL [Droste et al., 2020] and SalGAN, and
three 360° specific models: ATSAL [Dahou et al., 2021], SalGAN360 [Chao et al.,
2018] and SaltiNet [Assens et al., 2018]. This choice is motivated by the availability
of the source code. All approaches were evaluated according to five different saliency
metrics: Normalized Scanpath Saliency (NSS), Kullback-Leibler Divergence (KLD),
Similarity (SIM), Linear Correlation Coefficient (CC), and AUC-Judd (AUC-J).
Please refer to [Bylinskii et al., 2018] for an extensive review of these metrics.
Implementation Details: Both the contrastive encoder and the supervised decoder
were implemented in PyTorch, and trained using two GPUs (RTX 3090 & RTX
2080 Ti). The contrastive encoder was optimized using SGD with a learning rate of
10~2. The encoder was trained for 250 epochs using the max batch size of 80", with
negative samples fixed to 16000, 7 = 0.07 and A = 0.7. Choices about total epochs
and the number of negative samples are based on computation and time constraints.
Training for more epochs or with large negative samples may provide a further boost
in the performance [Kolesnikov et al., 2019, Misra and Maaten, 2020).

Finally, the decoder was optimized using Adam [Kingma and Ba, 2015] with a

learning rate of 10~ for 100 epochs. It is worth mentioning that the unsupervised encoder

weights were not fine-tuned on the downstream task; only the randomly initialized
decoder is trained on top of the frozen encoder. The main motivation for this is
to set a robust evaluation procedure and to prevent the encoder from adapting its

parameters to saliency specific requirements.

4.5 Results

4.5.1 Quantitative Assessment

Table 4.1 shows the comparative study with the aforementioned models according
to the different saliency metrics on Salient360! and (VR-EyeTracking+Sitzman)
datasets 25/1300 test 360° images. Our model is very competitive in the two

* . . . . .
maximum batch size that could be achieved given our constraints
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Table 4.1: Comparative performance study on: Salient360! and VR-EyeTracking
datasets. Training setting;: trained w/o self-attention, Training setting;): trained
w/ self attention. The best scores are marked in bold and second best in blue.

Model Salient360! VR-EyeTracking+Sitzman

AUC-Jt+ NSSt CC+ SIM{t KLD]  AUC-J+ NSSt CC+ SIM4 KLD |

9D models UNISAL [Droste et al., 2020] 0.701  1.404 0389 0435 2.519 0783  1.918 0276 0242 9.044
. SalGAN [Pan et al., 2017] 0.701  1.398 0.377 0.483 1.544 0718  1.023 0145 0152 10.195

ATSAL [Dahou et al., 2021] 0.777  1.638 0.642 0.639 0.761 0.822  1.613 0239 0191 9.796

360° models SalGAN360 [Chao et al., 2018]  0.831  1.598 0.639 0.611  0.798 0704  1.267 0226 0.218 7.938

SaltiNet [Assens et al., 2018] 0.702  1.057 0.536  0.541 1.098 0674 0967 0186 0198 9.938

Training sotting.. VGG 0.758  1.557 0.553 0.585  0.909 0841 1583 0246 0221 T.965

e seHHS6) R esNet 0.756  1.524 0520 054  1.039 0.833  1.545 0.232 0.203 8.574

Training sotting.. VGG 0.760  1.548 0.538 0.569  0.922 0.867  1.880 0.308 0234 T.583
aining 861 ResNet 0.769  1.601 0.584 0.591 0.849 0.869 2.089 0.329 0.248 7.110

Table 4.2: GPU inference time comparison of video saliency prediction methods
(NVIDIA RTX 3090). All methods are reported based on the Salient360! bench-
mark [Xu et al., 2018b]. The best computational performance among dedicated 360°
models is shown in bold. (*) represents 2D models.

Model Runtime (s)
SalGAN360 [Chao et al., 2018]  14.330
ATSAL [Dahou et al., 2021] 0.230
SaltiNet [Assens et al., 2018] 0.450

(*) SalEMA [Droste et al., 2020] 0.020
(*) UNISAL [Pan et al., 2017] 0.010

Ours (ResNet-based) 0.025

datasets, and exhibits the top score for all metrics on VR-EyeTracking+Sitzman.
As expected, 2D SOTA approaches fail to generalize on ODIs, which questions the
effectiveness of the direct transfer of visual attention features from 2D to 360° data.
VR-EyeTracking & Sitzman: The 1300 validation/test images were sampled from
the 75 diverse test ODVs of the first dataset, mixed up with the 11 images from
Sitzman, making the prediction task very challenging. It can be seen that both VGG
and ResNet-based models outperform 2D saliency models by a good margin, with
a significant improvement over 360° specialized models, trained in an end-to-end
scheme on supervised data. The ResNet-based model trained with self-attention
achieves the best results following: (KLD | = 7.110). Salient360!: We used the 25
(360° validation) images for testing the model”. The model was not trained on this
dataset, making this an out-of-distribution test. The proposed model produces a
reasonable improvement in accuracy compared to other models, except SalGAN360
and ATSAL, which were trained on this specific dataset.

Computational load. As model efficiency is a key factor for real-world ODIs

applications, Table 4.2 shows a GPU runtime comparison (processing time per 360°

*The reserved test set was unavailable due to COVID-19
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Table 4.3: Comparative performance study on: VR-EyeTracking datasets. VGG /
VGG following training setting (i)/(ii)

Model VR-EyeTracking+Sitzman
AUC-J 1+ NSS1+ CC7t SIM 1 KLD |

A=05 0852 1872 0.306 0.237 7.540
VGG_(i) A=0.7 0.841 1.583 0.246 0.221 7.965
A=09 0849 1825 0.278 0.226 7.875

=0.5 0860 1.894 0.307 0.231 7.648
VGG_(ii)) A =0.7 0.867 1.880 0.308 0.234 7.583
A=09 0860 1.894 0.301 0.241 7.648

image) of the different competitors on the 4K Salient360! ODIs. Compared with
other 360° specialized models, our model exhibits a remarkable improvement, being
over 8x faster than ATSAL, which is the fastest model in this category. This is an
important finding from the perspective that a careful design not only leads to better
performance but at the same time could lead to better efficiency. One thing to note
about the encoder fy is that it’s not even a complete ResNet50 yet it performs on par
with other models. This further strengthens our intuition about designing efficient
self-supervised models giving better inference efficiency during test times. This is an

important aspect essential for real world applications.

4.5.2 Qualitative Assessment

Figure 4.6 illustrates the prediction task on a sample of 360° images from two datasets:
Salient360! and VR-EyeTracking. It can be seen that the saliency maps generated
by our model (ResNet-based with self-attention) correlate well with the ground truth
maps in terms of fixation distribution. Other competitors shown in the same figure
overestimate saliency in general, or overly bias it to the equator/center. Furthermore,
the effectiveness of the predictor in capturing the main objects in the scene can be
observed. Another key point is the model’s capacity to accurately detect saliency
in the Zenith and Nadir without using any form of projections at inference time
(see Figure 4.7). This demonstrates the effectiveness of the contrastive encoder in
embedding the views as a superposition in the function weights and biases. However,
it is important to point that the bias towards the equatorial region still exists which

is visible in Figure 4.6.

4.6 Ablations

In this section we justify the choices by ablating key features of the procedure.
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Figure 4.6: Qualitative results of our model and four other competitors on sample
images from VR-EyeTracking and Salient360! datasets. It can be observed that the
proposed approach is able to handle various challenging scenes well and produces
consistent saliency maps.
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Table 4.4: Results on Salient360! validation images for a model based on a contrastive
encoder trained with/without projections.

Salient360!
AUC-J1+ NSStT CCt SIM?tT KLD |
ResNet w/o 0.736 1.524 0.479 0.536 0.999
ResNet W/ 0.769 1.601 0.584 0.591 0.849

What is the effect of A\ in the loss functions? The total loss is a convex
combination with a hyper-parameter )\, that trade-offs between the two NCE losses
namely global (L) and local (£1,) NCE. As depicted in Table Table 4.3 we varied A
to 0.5, 0.7, and 0.9. As the results suggests increasing A improves the performance
on the downstream task. Intuitively if we look closely in 4.3, giving more emphasis
to Lg biases the function to learn trivial solution as my is moving average of vy, as
result this leads to much easier classification task. However, more emphasis on Ly,
makes the classification task (NCE optimization) more difficult because the optimizer
is maximizing the agreement from different view of the same scene (object) and that
too locally. This leads to better expressive power and generalisation capability. We
chose A = 0.7 for all our previous evaluations.

Training with/without self-attention: we evaluate the models to observe
the effect of self-attention in the learning regime. A performance boost is observed
irrespective of A when using self-attention. Table 4.1 also shows results for models
trained with and without attention. Self-attention/attention is intuitively motivated
by how we humans pay attention to specific regions or parts of images and try to
correlate among them. At the same time, this correlation can be extended to different
images/patches of same view. In summary, it helps to infer a patch/region in an
image based on this correlation (importance vectors). Given that the objective is to
maximize the agreement between two views, the self-attention module serves as a
mode of finding the best correlation in the two views in terms of information shared

among them by performing this soft feature selection mechanism across the views.

Training with/without projections: to further showcase the importance
of projections, we trained a model without any projections (only augmentations).
One could also argue training without augmentations and projections will lead
us to NPID [Wu et al., 2018b] (A = 0) and this is not our objective. Table 4.4
depicts the results for this setting. Performance drops when projections are removed,
validating the hypothesis that using different projections in addition to augmentation
is natural for 360° images and produces representations that are more effective in
downstream tasks. Intuitively by removing projections we make the feature extractor
fo prone to exploiting low-level visual features such as color aberrations as observed

in [Doersch et al., 2015, Noroozi and Favaro, 2016], and not learning useful semantic
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Figure 4.7: Predicted saliency maps from Salient360! samples.

representations, resulting in a performance drop on the downstream task. This
phenomenon of relying on low-level features given large unlabelled datasets is often
referred to as short-cuts in the unsupervised learning literature [Minderer et al.,
2020, Chen et al., 2020a]. This experiment further validates our hypotheses of

exploiting the top/bottom to equator projections for contrastive learning.
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4.7 Discussion

2D vs 360° models. Deep learning based saliency models [Assens et al., 2018, Pan
et al., 2016, Chao et al., 2018, Suzuki and Yamanaka, 2018] trained end-to-end
on 360° datasets show remarkable improvements over early models adapting 2D
approaches on ODIs [De Abreu et al., 2017, Maugey et al., 2017, Startsev and
Dorr, 2018, Lebreton and Raake, 2018, Cornia et al., 2016, Luz et al., 2017]. This
demonstrates the new constraints imposed by the spherical domain when modelling
visual attention.

Supervised vs Unsupervised learning. Our approach is an opening for a new
line of research exploring the subtle definition of gaze policy naturally embedded in
the brain. In fact, the early research into how the human visual system functions,
produced many interesting results, demonstrating that visual attention could be
influenced by regions that maximize a reward in a task-driven scenario [Sprague
and Ballard, 2004], which are typically the most informative regions [Itti and Baldi,
2009, Bruce and Tsotsos, 2006]. This suggests that saliency can be disentangled into
low-level (e.g. color, intensity, etc.) and high-level (e.g. human faces) features [Itti
and Koch, 2000, Borji and Itti, 2012]. Research in cognitive science (e.g. [Yan et al.,
2018, Li, 2002, Veale et al., 2017]) indicates that low-level saliency in both humans
and animals happens early in the primary visual cortex, suggesting that it can
potentially be learned without supervision. We believe this could be an important
future research direction.

Generalization to other 360° downstream tasks. The last decade has
witnessed many works on 360° video/image processing including, visual attention,
visual quality assessment (VQA), and compression [Xu et al., 2020b]. Visual attention
can serve as a tool for compression approaches (e.g. saliency-aware adaptive coding
[Zhu et al., 2018a, Luz et al., 2017, Liu et al., 2018]). Perceptual approaches for
VQA require predicted saliency maps as weight maps [Ma and Zhang, 2008, Li et al.,
2019]. Generally, the spherical characteristics of the input data mean that many of
these tasks face the challenges addressed in this work. Thus, we suspect that the

contrastive encoder can indeed be exploited for VQA and compression.

4.8 Conclusion

In this chapter, by exploring H2 as introduced in Chapter 1 we are able to an-
swer RQ2 by proving that we can indeed efficiently design and effectively exploit
contrastive self-supervised methods for a granular task like 360° (omnidirectional
images) visual saliency prediction. We successfully introduce a method for modeling

human visual attention with contrastive self-supervised learning, which improves the
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generalization and expressive power of the model. In designing the self-supervised
model for saliency prediction, instead of just performing Global-to-Global feature
learning, we also rely on Global-to-Local feature learning. The approach exploits the
geometric flexibility of the spherical data to learn representations that contain locally
consistent information across the views. The qualitative and quantitative results
on the downstream saliency task demonstrate the competitiveness of the approach.
Interestingly, the experiments conducted suggest that it is possible to design efficient
self-supervised models that also can provide efficiency during inference.

At this point, it is important to discuss the direction of this thesis. As this
chapter provides two major research directions, one entirely exploring and developing
self-supervised models for 360° visual saliency prediction and the other promising
direction is designing efficient ways of designing self-supervised models for efficient
inference in resource-constrained industrial settings. The efficiency aspect of (at least
for contrastive) self-supervised learning was demonstrated in this work by carefully
designing the encoder network. However, this manual designing might not always
be straightforward as there is no set rules to design that. Motivated by this, in the

following chapter we explore how to design efficient dynamic self-supervised models.
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Chapter 5

Dynamic Channel Selection for

Self-supervised Learning Models

Effectively designing self-supervised models suited for a particular downstream task
is an open area of research. However, in Chapter 4 we show that effectively designing
a contrastive self-supervised model for 360° image visual saliency prediction not only
leads to better performance but also faster inference (specifically a small variant of
the ResNet50 architecture as the encoder as well as a much simpler decoder module).
However, it is difficult to hand-design the width of the channels to be retained or
to decide how many layers to incorporate. To this end, in this chapter, we explore
H3 as introduced in Chapter 1 by investigating whether self-supervised models learn

highly redundant channel features.

A self-supervised network that can dynamically select the important channels
and remove the unnecessary ones would be very attractive in practical deployment
settings. As shown in Chapters 3 and 4, DNNs pre-trained with self-supervision can
achieve comparable performance on downstream tasks compared to their supervised
counterparts. However, there are drawbacks to self-supervised models including their
large numbers of parameters, computationally expensive training strategies, and a
clear need for faster inference on downstream tasks. In this chapter, our goal is to
address the latter by studying how a standard channel selection method developed
for supervised learning can be applied to networks trained with self-supervision. We
validate our findings on a range of target budgets t; for channel computation on image
classification tasks across different datasets, specifically CIFAR-10, CIFAR-100, and
ImageNet-100. We obtain comparable performance to that of the original network
when selecting all channels but at a significant reduction in computation reported
in terms of FLOPs. The research that emanated from this work was published at
24 Trish Machine Vision and Image Processing Conference 2022, Belfast, Northern

Ireland.
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5.1 Motivation

Self-supervised pre-training of convolutional neural networks, as mentioned in [Chen
et al., 2020a], has almost matched the performance of supervised pre-training on the
ImageNet [Deng et al., 2009] image classification task, but at a cost of a huge number
of parameters and inefficient training and inference methods. In the supervised
learning setting, as described in [Veit and Belongie, 2018], it is accepted that networks
with dynamic data-dependent (conditional) channel computation architecture during
inference can lead to enhanced representation power, adaptivity, interpretability and
can greatly reduce computation cost and memory resources without compromising on
the accuracy by a significant margin. This motivates us to investigate the behavior
of neural networks with a channel selection mechanism trained under self-supervision.
We hypothesize that self-supervised models are an ideal candidate for such dynamic
network structures as they capture highly redundant channel features during pre-
training. In addition, there is also a great need to explore more efficient inference

methods on downstream tasks for SSL.

In order to establish the trade-off between computation and performance, there
are two well-established research directions when it comes to introducing channel
sparsity using dynamic structure in neural networks: channel pruning and channel
conditional computation. Dynamic channel pruning, as reported in [Gao et al., 2018],
estimates channel saliency measures and allows a network to learn and prioritize
certain channels and ignore the irrelevant ones given a fixed target density. Models
based on pruning usually learn sparsity through a three-stage pipeline i.e., pretrain-
prune-finetune while in other works like [Tiwari et al., 2021] the pruning stage
itself consists of two steps, namely soft pruning and hard pruning. Conditional
channel computation as proposed in [Herrmann et al., 2020] learns to compute only
a subset of channels in every layer for the given input and hence benefits inference
time efficiency and provides an insight into dataset-specific network behavior. Both
channel pruning and conditional channel computation are categorical decisions that
cannot be optimized by gradient descent methods; however, using the Gumbel-
Softmax trick from [Jang et al., 2017] provides a way to overcome this challenge.
Adafuse [Meng et al., 2020] proposed an adaptive temporal fusion network that learns
a decision policy to dynamically fuse channels from current and history feature maps
(i.e. dynamically deciding which channels to keep, reuse or skip per layer and per
instance) for action recognition. Notwithstanding these works, the use of dynamic
networks for channel selection has to date been mostly limited to supervised learning

settings only.

To the best of our knowledge, there is no study on the impact of conditional
channel selection on SSL. The work described in [Caron et al., 2020b] studies the
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effect of standard pruning techniques developed for supervised learning on a network
trained with self-supervision. In particular, they use an iterative magnitude based
pruning technique described in [Han et al., 2015], which compresses the network by
alternatively minimizing a training objective and pruning the network parameters
with the smallest magnitude. The weights of the resulting sub-network are reset
based on a weight initialization scheme: the lottery winning ticket [Frankle and
Carbin, 2018, Frankle et al., 2020]. We adopt a similar strategy but focus on exploring
the application of standard conditional channel selection methods, as proposed in
[Li et al., 2021], to self-supervised models during the pre-training stage and do not

include any re-training. Our contributions can be summarised as follows:

1. Do self-supervised models learn redundant channel features? Through our
exhaustive evaluation, we demonstrate that the SSL model (SimSiam) does

indeed learn redundant channel features.

2. We show in Table 5.1 that exploiting this redundancy leads to a drop in
computational complexity (FLOPs), reducing inference time without exces-
sively increasing training time, as we learn from scratch and on-the-fly, unlike

competing approaches [Caron et al., 2020b] that involve re-training.

3. We demonstrate that this channel selection mechanism preserves the feature
quality when evaluated on the task of image classification and gives comparable

performance when compared with a vanilla (no channel selection) SSL approach.

5.2 Related Works

5.2.1 Dynamic Channel Computation

Channel Pruning. Channel pruning estimates channel saliency measures and
eliminates all input and output connections from unimportant channels. The approach
reported in [Wen et al., 2016] added group Lasso (a regularisation technique used
to enforce sparsity across groups of parameters in a model) on channel weights
to the model’s training loss function resulting in a reduction of the magnitude
of channel weights during training. The authors in [He et al., 2018] proposed
pruning channels using thresholds by setting unimportant channels to zero. Network
Slimming [Liu et al., 2017] used Lasso regularisation with global thresholds. However,
deep models pruned with structured sparsity methods lose their capabilities and
connections permanently. As a result, dynamic channel pruning methods were
devised that learn sparsity through a three-stage pipeline pretrain-prune-finetune or
use pretrained models. The authors of [Gao et al., 2018] propose feature boosting and

suppression (FBS) to dynamically amplify and suppress output channels computed
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by convolutional layers. [Tiwari et al., 2021] presents a deterministic pruning strategy
using the continuous heaviside function and crispness loss to identify a highly sparse

subnetwork from an existing dense network.

Conditional Channel Computation. Regarding conditional computation at
the channel level, the work proposed in [Lin et al., 2017] generates decisions to skip
computation for a subset of output channels. The channel gating network [Hua et al.,
2019] finds regions among the features that contribute less to the classification result
and skips computation on a subset of the input channels for these ineffective regions.
ConvAIG [Veit and Belongie, 2018] introduced a network with a hard attention
mechanism that adaptively selects specific layers of importance for each input image
to assemble an inference graph by specifying a target rate for each layer. The authors
of [Herrmann et al., 2020] also study conditional computation at the channel level and
extend ConvAIG by learning target rates for each gate by specifying the target rate
for the whole network. DGNet [Li et al., 2021] proposed a dual gating mechanism by
introducing sparsity along two separate dimensions, spatial and channel, in order to
reduce model complexity at run time. For a more detailed background on sparsity,
pruning and conditional computation, we recommend the review work presented in
[Hoefler et al., 2021].

While [Caron et al., 2020b] studied the behaviour of self-supervised models under
standard pruning techniques, we investigate the effect of standard channel selection
methods described in DGNet [Li et al., 2021] on self-supervised models. We also
analyse whether networks trained under self-supervision with channel selection can

preserve performance on downstream tasks.

5.3 Method

5.3.1 Self-supervised Module

In this work we consider SimSiam [Chen et al., 2020a] as our self-supervised objective.
We use ResNet18 as a base encoder (across all experiments), which takes two aug-
mented views x; and x, from an anchor view x by applying stochastic augmentation
from a set of augmentations P. P comprises random resized crop, color jitter, random
gray scale, Gaussian blur and random horizontal flip. These augmented views are
processed through fg to get a compact representation of fg(x1), fo(xz2) € R*'2. One
view is further processed by a prediction MLP head (bottleneck architecture) g4
giving rise to an asymmetric architecture i.e. p1 = gg(fo(x1))) and z9 £ fo(x2). As
a standard practice, a base encoder is augmented with a projection head MLP i.e.,

fo = hom, where m and h represents ResNet18 and projection layers respectively.
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The SimSiam learning objective simplifies to a symmetric cosine similarity:
1 1
Lss = §D<p17 SG(z2)) + 517(132, SG(z1)), (5.1)

where D(a,b) = —a’b, with a and b being L, normalised vectors (i.e., D(a,b) is

negative cosine similarity.). SG stands for Stop-Grad ().

5.3.2 Channel Selection via Gating

Preliminaries. Channel selection or conditional computation (data dependent gates)
is often realized through a gating mechanism. A typical output for an input x from

€ RODW where fi(x;_1) consists

a convolutional (conv) layer [ is given by f;(x;-1)
of a convolution operation with kernel size k followed with a batch normalization
layer (BN) and relu ((+); ) non-linearity with x;_; being the output from the previous

layer. The output from a gated convolutional network can be realized as:

~

fi(xi—1) = m(x;-1) - BN(conv;(x;-1))+, (5.2)

where m(x;_1) € {0,1}¢ " is a gate dependent on input x;_;, which decides
whether to keep (“on”) or discard (“off”) a particular channel. This can be seen
as a form of hard attention (mask). This masking imposes a discrete structure on
the network, resulting in different computational graphs for training and inference.
During training this structure is achieved through stochastic gradient descent (SGD),
while during inference it works as hard attention. One of the main reasons for channel
selection is to induce sparsity i.e. operate on a lower computational budget (fewer
FLOPs) during inference. In this work we closely follow DGNet [Li et al., 2021]
using ResNet18 as our base encoder.

Channel Selection (Gating). In order for gates (channel selection) to be
effective, they need to estimate the importance of input features. This importance is
often referred to as relevance/saliencies (vectors) of the input feature map (along
the channels) in the literature. This relevance is crucial in order for the network to
avoid trivial solutions. A simpler way is to use SE block [Hu et al., 2018], as was
used in DGNet [Li et al., 2021], is to create a relevance vector. This usually requires
getting a context vector z € RY via global average pooling to accumulate spatial
information. Finally, this context vector z is passed through a lightweight network

to get channel attention g;(x;_1), which can be summarized as:

Ci—1

_ Cl>< ﬁ><C'l
g(xio1) = W, <BN(WOZ))+, W, € RO* 5 W, € R7+%C1, (5.3)

* . . . .
(a vector of dimension equivalent to number of channels with ones and zeroes)
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where r is a reduction ratio. For more details please refer to [Hu et al., 2018].
Finally, to achieve binary mask m;(x;_;) we can use the channel attention g;(x;_1)

and set 7! (x;_1):

. 1, lf gi(Xl_l) Z 0
Ti(x1) = : (5.4)
0, otherwise.

This discrete selection works during inference but it breaks the computational
graph during training. To make the training possible, the Gumbel-SoftMax Trick
[Jang et al., 2017] is adopted. The Gumbel-Trick has been widely used as reparameter-
isation technique for the task of dynamic channel selection [Li et al., 2021, Herrmann
et al., 2020, Veit and Belongie, 2018, Meng et al., 2020]. A gating block is introduced
after the first convolution in Basic Block of Resnet18 following DGNet. Intuitively,
the channel selection network could be interpreted as learning a policy whether to

keep (compute) or discard (skip) a particular channel.

5.3.3 Optimisation

To remove unimportant channels and induce sparsity in the gating mask m;(x;_1) we
need to add an objective based on some budget t;. To this end we use regularisation,
a term used in DGNet [Li et al., 2021] as sparsity objective, which is a combination

of sparsity and a bound regularisation term:

Se R LY
Lo=A ZlL:—lFlO —ta | +7LBound;
1=1 4

Sparsity

J/

where F}? is the average FLOPs over the batch along with FLOPs computation of
the gating block, while F© is the original FLOPs without a gating module. Only the
blocks with gating modules take part in FLOP computation as they are responsible
for any sort of sparsity introduced in the network. The purpose of Lg,unq is to control
early optimization as detailed in DGNet [Li et al., 2021]. It is important to note that
apart from FLOPs, there are other different metrics to measure the efficiency of the
network e.g., latency, throughput, energy. Objectively comparing efficiency can be
challenging due to the diverse and often confusing metrics used for evaluation. Some
metrics depend on hardware, while others do not, with some focusing on memory
and compute performance and others on power consumption. For instance, latency
and throughput are critical for evaluating how well a model performs in real-time

applications during inference, but these are hardware dependent while FLOPs is
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Table 5.1: Performance comparison of SimSiam [Chen and He, 2021] with dynamic
channel selection during inference. Evaluated with k-nearest neighbors (k= 1) on
the validation set of CIFAR-10, CIFAR-~100 and ImageNet-100 across various target
budgets tg4.

Dataset Budget (t;) Acc% FLOPs
Baseline 85.46% 7.03E8
10% 76.72%  6.64E7 (90.55%.)
20% 78.78%  1.25E8 (82.11%])
30% 80.82% 2.01E8 (71.41%))
CIFAR-10 40% 81.35% 2.66ES (62.18%.)
50% 81.93% 3.29E8 (53.15%])
60% 82.96% 3.94E8 (43.89%))
70% 83.08% 4.58ES8 (34.76%)
Baseline 52.96% 7.03E8
10% 46.84%  6.88E7 (90.21%)
20% 49.50% 1.48ES8 (78.88%)
30% 50.70%  2.03E8 (71.01%))
CIFAR-100 40% 52.05%  2.65E8 (62.32%))
50% 52.54%  3.25E8 (53.67%.)
60% 53.18%  3.95E8 (43.73%.)
70% 53.50% 4.66E8 (33.69%.)
Baseline 64.34% 1.81E9
30% 56.08%  5.30E8(70.43%.)
ImageNet-100 40% 57.86% 7.13E8 (60.66%.)
50% 60.38% 8.78ES8 (51.55%)

hardware independent.
Final Objective. The overall training objective is defined as: £ = Lgg1 + L,

with A =5 and v = 1 across all the datasets and training regimes.

5.4 Experimental Setup

Implementation Details. We closely follow the approach in DGNet for channel
selection. For training, we use SimSiam as a self-supervised model with ResNet18
as a base encoder whose objective is modified as explained in section 5.3.3. We
train the model with varying target densities t4. The implementation of SimSiam is
based on the solo-learn library [da Costa et al., 2022]. The base encoder is randomly
initialized” and is trained with SGD for 500 epochs (for a given target budget t4)
with a batch size of 256 on two NVIDIA 2080Ti GPUs, with a warm-start of 10
epochs following a cosine decay with base learning rate of 0.01. Since we are using a

very lightweight model as our gating network, there is no significant computational

“default initialization in Pytorch
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overhead during training. We report the inference speedup in terms of the hardware-
independent theoretical metric of FLOPs and not wall-clock time as we are not using
any hardware accelerators to utilize sparsity during training. Code is made available
at: https://github.com/KrishnaTarun/SSL_DGC.

Evaluation. Training and evaluation is carried on train and validation data
of CIFAR-10/100 [Krizhevsky and Hinton, 2009] and ImagNet-100" respectively.
For Cifar-10/100 we train for t; = {0.1,0.2,0.3,0.4,0.5,0.6,0.7} while for ImageNet-
100 we restrict t4 to only {0.3,0.4,0.5} due to computational constraints. We use
K-nearest neighbors (often denoted as KNN is a machine learning technique that
uses proximity to classify or predict the grouping of data points) as our evaluation
metric evaluated with & = 1. For baseline we train Simsiam with standard objectives
without any channel selection for each of the datasets under consideration.

Results. Our main findings based on the evaluation criteria validate our initial
hypothesis that self-supervised models can learn highly redundant channel features.

Table 5.1 shows that in the case of CIFAR-10, by keeping only 70% of the channels
across the whole network, SimSiam achieves 83.08% accuracy on the KNN task,
which is a minor drop from the baseline performance of 85.46% but at an ample
reduction of 34.76% in FLOPs. Furthermore, we also find that an enormous 90.55%
of FLOPs can be reduced by using only 10% of the channels across the whole network
causing a drop of only 8.74% in KNN accuracy. For CIFAR-100, we found that by
restricting the channel usage to only 60% over the whole network, SimSiam surpasses
the baseline KNN accuracy of 52.95% by 0.22% reaching 53.18%. Additionally, FLOP
computation can be reduced by 90.21% by keeping only 10% of the channels, leading
to a drop of only 6.12% in KNN accuracy. On ImageNet-100, 50% of the channel
usage in the entire network results in 60.38% KNN accuracy, which is 3.96% less than
the baseline. However, this decrease in accuracy is compensated by ~51.55% percent
drop in FLOPs. Aside from this, we get a substantial 70.43% drop in FLOPs by fixing
channel utilization to only 30% in the whole model. Therefore, channel selection can
be thought of as a way to take advantage of the trade-off between performance and
computation depending the downstream task and individual use case. These results
also show that SSL models trained with channel selection preserve the performance in
downstream tasks. Figure 5.1 shows the channel activation distribution for CIFAR-10,
CIFAR-100 and ImageNet-100 datasets, revealing a deeper insight into the dataset-
specific behavior of the channel selection network by visualizing how many channels
in each ResNet18 blocks are always off (skipped), always on (computed), or input
dependent. We notice that the significant number of channels are switched off and
switched on all the time in all the three datasets and while others are input dependent.
The channel distribution for CIFAR-10 and CIFAR-100 are very similar, which might

“https://wuw.kaggle.com/datasets/ambityga/imagenet100
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Figure 5.1: Channel distribution over validation set for t; = 0.5 on CIFAR-10,
CIFAR-100, ImageNet-100

be due to the fact that image statistics in both of these datasets are similar.

5.5 Discussion and Conclusion

In this chapter, we study the behaviour of self-supervised learning when integrated
with channel selection networks given a global target budget for computational cost
as our core objective. We validate our hypothesis ( H3, defined in Chapter 1) that
self-supervised models are an ideal candidate for such dynamic network structures as
they might capture highly redundant channel features during pre-training. Empirical
results provided interesting insights about self-supervised learning when trained
with channel selection. First, self-supervised models learn highly redundant channel
features that can be discarded to reduce computational overhead (Figure 5.1, Table
5.1). Second, we show that channel selection modules can significantly reduce FLOP
computation and make inference more efficient (Table 5.1). Third, our results also
provide intuition that representations learnt by self-supervised networks with channel
selection can also be transferred to downstream tasks.

There are, however, some limitations with this work. First, we still need to
evaluate the tranferability of learned representations beyond classification to other
downstream tasks such as object segmentation, detection and instance retrieval to
name a few. Second, the SSL training objective involves maximizing the agreement
between augmented views of the same object or scenes (instance discrimination) and
this forces them to have similar representations in the embedding space. In this
work, we do not account for this by enforcing some consistency-aware constraints for
channel selection in the training objective. One important aspect that seems to be
missing in this setting is the idea of collaborative learning as we are in a Siamese
setting and this setting itself seems to be underutilised for conditional computation
in SSL setting. In the next chapter we build upon the findings of this chapter

to incorporate dynamic computation but in a collaborative fashion to gain more
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flexibility .

“The meaning of flexibilty in this context is explained in detail in the next chapter.
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Chapter 6

Unifying Self-supervised Learning

and Dynamic Computation

As validated in Chapter 5, self-supervised models can learn to select channels
dynamically depending upon the input, which leads to reduced computation during
inference. However, the Siamese (self-supervised) setting seems to be underutilized in
the literature in this context. Techniques like knowledge distillation (KD), dynamic
computation (DC), and pruning are often used to obtain a lightweight model, which
usually involves multiple epochs of fine-tuning (or distillation steps) of a large
pre-trained model, making it computationally challenging. In this chapter, we
present a novel perspective on the interplay between the SSL and DC paradigms.
In particular, we show that it is feasible to simultaneously learn a dense and gated
sub-network from scratch in an SSL setting without any additional fine-tuning
or pruning steps. The co-evolution during pre-training of both dense and gated
encoders offers a good accuracy-efficiency trade-off and therefore yields a generic
and multi-purpose architecture for application-specific industrial settings. Extensive
experiments on several image classification benchmarks including CIFAR-10/100,
STL-10 and ImageNet-100, demonstrate that the proposed training strategy provides
a dense and corresponding gated sub-network that achieves on-par performance
compared with the vanilla self-supervised setting, but at a significant reduction
in computation in terms of FLOPs, under a range of target budgets (t;). The
research that emanated from this work was published at the British Machine Vision
Conference 2023 (BMVC), Aberdeen, UK.

6.1 Motivation

Motivation. Self-supervised representation learning methods [Chen et al., 2020a,
Caron et al., 2020a, Chen and He, 2021, Bardes et al., 2022] are the standard
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approach for training large-scale deep neural networks (DNNs). One of the main
reasons for their popularity is their capability to leverage the inherent structure of
data from a vast unlabeled corpus during pre-training, which makes them highly
suitable for transfer learning [Goyal et al., 2021]. However, this comes at the cost of
substantially larger model sizes, computationally expensive training strategies (larger
training times, large batch sizes, etc.) [Chen et al., 2020b, Goyal et al., 2021] and
subsequently more expensive inference times. Though such strategies are effective
for achieving state-of-the-art results in computer vision, they may not be practical
in resource-constrained industrial settings that require lightweight models to be
deployed on edge devices.

To lessen the computational burden, it is common to extract (or learn) a

lightweight” network from an off-the-shelf pre-trained model. This has been success-
fully achieved through techniques such as knowledge distillation (KD) [Hinton et al.,
2015], pruning [Frankle and Carbin, 2018], dynamic computation (DC) [Veit and Be-
longie, 2018], etc. KD methods follow a standard two-step procedure of pre-training
and distilling knowledge into a student network using a self-supervised (SS) objective
[Fang et al., 2020, Abbasi Koohpayegani et al., 2020, Navaneet et al., 2021] or by
incorporating both supervised and SS objectives [Tian et al., |. While pruning based
approaches heavily rely on multiple steps of pre-train — prune <> finetune to get
a lightweight network irrespective of the objective, additionally methods based on
dynamic/conditional computation [Veit and Belongie, 2018, Herrmann et al., 2020]
again rely on a pre-trained model to obtain a lightweight network while keeping the
network topology intact via a gating mechanism. These approaches are effective
but using fine-tuning to obtain a sub-network from large pre-trained models (such
as Large Language Models) can be computationally expensive and cumbersome.
Also, since downstream tasks are diverse and vary widely, any change in the task
requires repeating the entire procedure multiple times, making it inefficient and less
transferable.
Research Questions. These limitations motivated us to ask the following question:
“Can we unify the learning of a lightweight sub-network along with a dense network
from scratch and in a completely self-supervised fashion?” A straightforward way
to achieve this is via an online KD (with self-supervised objective) [Yang et al.,
2023, Bhat et al., 2021] learning paradigm which involves training teacher (fp)
and student (g,) networks simultaneously during a pre-training stage. However,
recognizing that this adds to the computational burden during pre-training (extra
gs), we adopt a different route to attain the same goal but with a simpler, more
efficient pre-training objective and faster inference than online KD-based methods.

This motivated us to reformulate the above research question to the one posed

“model with relatively less number of parameters
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Figure 6.1: 1. Hlustration of the unification of SSL and DC during the pre-training

and testing (inference) phase. f; and f; denote the linear layer for the dense and
gated networks respectively. Note: dimensional size of f; and f; is the same, while
in the figure this may look otherwise but is simply to depict the fact that empirically,
the dimension of f; is less than f;. 2. Illustration of the modification of the ResNet-18
basic block to accommodate the gating network during inference. 3. This figure
describes the gating module which comprises a gating network and sampling module.

in Chapter 1: “Can we learn a single encoder (function) that could serve the dual
purpose of being used as a dense and lightweight network with minimal additional
overhead?”

Our objective is to simultaneously learn a dense and a lightweight model through
a unified pre-training procedure to maintain high performance on the downstream
task. We achieve this by exploiting the Siamese setting (a common setting for SSL
[Balestriero et al., 2023]) combined with a gating mechanism for dynamic channel
selection (DCS) [Veit and Belongie, 2018, Li et al., 2021]. We opted for dynamic
channel selection over KD /pruning for two main reasons: first, the gating mechanism
preserves the network topology adding flexibility to the approach; second, these
gating modules are computationally inexpensive. For the self-supervised objective
we choose VICReg [Bardes et al., 2022] due to its symmetric nature and its ability
to regularise each branch independently, as dense and sparse branches will have
different statistics. Figure 6.1 (top-left) demonstrates this dual setting of obtaining a
dense and lightweight network (derived from the dense one).

It should be noted that in this Chapter we do not follow the vocabulary of student-

teacher networks. Instead, we restrict the terminology to lightweight (gated)” and a

“Note that we use the terms emphlightweight and gated networks interchangeably.
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dense network, where encoder and gates are randomly initialized and trained jointly
from scratch, with the aim that they co-evolve during pre-training. It is, however,
important to mention that in this work we are not proposing any new KD objective
or KD-induced learning algorithm nor any new DC objective or any pruning-based
learning. Instead, we provide a novel perspective on exploiting the synergies that
exist between self-supervised representation learning and dynamic computing. This
approach is easily extendable to other symmetric-twins like Barlow-Twins [Zbontar
et al., 2021], SimCLR [Chen et al., 2020a] or W-MSE [Ermolov et al., 2021], while it
may require some adjustments for non-symmetric methods like BYOL [Grill et al.,
2020], MoCo [He et al., 2020], etc., which will be explored in future work. Our main

contributions are:

o We present a novel perspective on unifying the learning of dense and lightweight
networks by exploiting a symmetric joint embedding architecture of the SSL

paradigm.

o We demonstrate that a single encoder can be exploited as a dense as well as
a lightweight network; we show in Table 6.1 and Table 6.2 that a single base
encoder can serve this dual purpose. This not only reduces computational
overhead during training but also gives enough flexibility to use a single network

and exploit it as per its requirement.

o We demonstrate, through exhaustive experimentation that this unification
preserves feature quality across different experimental settings and gives on-par

performance when compared with strict baselines (see Section 6.4).

6.2 Background and Related Work

Self-supervised learning, dynamic computation and beyond: Most of the
works on dynamic computation have been confined to supervised learning. Recently,
[Krishna et al., 2022] used SimSiam [Chen and He, 2021] as a self-supervised objective
combined with a dynamic channel gating (DGNet) [Li et al., 2021] mechanism
and showed that comparable performance can be achieved under channel budget
constraints. Likewise [Meng et al., 2022] used a channel gating-based dynamic pruning
(CGNet) [Hua et al., 2019] augmented with CL to achieve inference speed-ups without
substantial loss of performance. In a similar line of work, [Chen et al., 2021a] used
iterative magnitude pruning (IMP) to obtain a winning ticket [Frankle and Carbin,
2018] for a pre-trained task (self-supervised objective) and evaluated its performance
on various downstream tasks. [Pan et al., 2022] extended the work done in [Caron
et al., 2020b] in a MoCo (pre-trained) setting augmented with ADMM [Zhang et al.,
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2018] for systematic pruning. A self-supervised loss objective can serve as a tool for
KD [Hinton and Dean, 2015] and model compression (MC). [Tian et al., 2019b] used
a contrastive objective (along with a supervised loss for task specific distillation) to
train a student network from a pre-trained network. Similar to [Tian et al., 2019b]
but in a completely self-supervised setting [Abbasi Koohpayegani et al., 2020, Fang
et al., 2020] minimizes the K L-divergence between the distribution of similarities
for the teacher (pre-trained) and student networks, while SimReg [Navaneet et al.,
2021] minimizes the regression loss. The authors in [Xu et al., 2020a] used a two-step
strategy to train a teacher (with labels and then using an SSL head with a fixed
backbone) followed by training a student using a KD loss. However, we follow a
more simplistic approach through the unification of SSL (VICReg) and dynamic
channel selection (DCS), where DCS maintains the network topology, making fine-
tuning easier on different downstream tasks, unlike other methods that make network

structure irreversible.

6.3 Preliminaries and Setup

1. VICReg as SSL objective: VICReg [Bardes et al., 2022] learns a joint
embedding space governed by a loss objective, which consists of invariance (s) (mean
squared error (MSE)), variance (v) and co-variance (c), depicted Equation 6.1. Let us
consider some image dataset X = {x;}2, (random cropping, random horizontal flip,
color jittering, grayscale (p=0.2).) and a set of transformations 7 (). An anchor image
x; € RITXW3 ig augmented through transformations ¢1,t, ~ T to get x} = #;(x;)
and x? = t5(x;) respectively. Augmented views are encoded through f, (ResNet-18
[He et al., 2016] (R18) in this study) to get feature representations. Furthermore,
these representations are mapped to an embedding space via expander (g,) where
the final VICReg loss is applied between the embedding vectors z; = g4(fo(x}))
and z? = g,(fo(x?)). Formally the loss is defined on a batch of embedding vectors

Z' =z}, ,z‘13|] and Z2 = [z2,--- ,z‘28|] as:

Regularisation Term

Lvicnes(Z', Z) = plo(Z') + 0(Z)] + v[e(Z)) + ((Z)] +0s(2, 27, (6.1)

Variance Co-Variance Invariance

where p = 25, v = 25 and n = 1.0. For a detailed description of Equation 6.1 refer
to [Bardes et al., 2022].

2. Gating for channel selection. The gating module comprises of a gating
network [Li et al., 2021, Bejnordi et al., | and a sampling module [Jang et al., 2017] (
Figure 6.1, bottom). The gating network can be thought of as a lightweight network

that decides the relevance of channels referred to as importance vector. To enable a
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lightweight design of the gating network (W) we follow the squeeze and excitation
block design [Hu et al., 2018], similar to [Veit and Belongie, 2018, Herrmann et al.,
2020]. This usually requires obtaining a context vector z € R®-1 via global average
pooling to accumulate spatial information. This context vector z is processed through

W to get relevance scores for each channel:

W(z,w) = wy * (BatchNorm(w; * Z))reLu, {Wi1,Wa} €W (6.2)

Ci—1

c)_
where * denotes convolution, w; € R™r

1
XOZXle,WgGRClX — x1x1

and r is defined
as reduction rate (set to 4) following [Hu et al., 2018].

Finally, to make a selection over a subset of channels, we need to map the output
of W to a binary vector (or mask m € R%). This discrete selection works perfectly
during inference but breaks the computational graph during training. To make
training possible, the sampling module utilizes the Gumbel-softmax reparameteri-
zation trick [Jang et al., 2017] to make this discrete selection without breaking the
computational graph. Figure 6.1 (top-right 2) shows the modification of ResNet18
basic block (during inference).

In this work we follow the setting of DGNet [Li et al., 2021] for channel selection
where sparsity is induced by setting a global target budget (t4) to optimize a loss

I 2

Lo = A(Zl;—lFlR — td> (6.3)
>l B

where Fjf! is the average FLOPs over the batch along with FLOPs contribution

from the gating network W (which is fixed for each layer), while F° is the original

FLOPs without a gating module, A = 5 [Li et al., 2021] across all datasets and

training regimes. Only blocks with gating modules take part in FLOP computation

objective :

as they contribute to the sparsification of the network. We refer to our approach as

VICReg-Dual-Gating (VDG).

6.3.1 Experimental Setup and Implementation Details

1. Pre-training: We closely follow the implementation of VICReg [Bardes et al.,
2022] (as our self-supervised objective) suited to our computational constraints
using solo-learn library [da Costa et al., 2022], while for dynamic gating we follow
DGNet [Li et al., 2021] for inducing channel sparsity via gating mechanism with
ResNet18. The unified framework is depicted in Figure 6.1: the two branches have
a separate batch normalization layer following [Yu et al., 2019]. The encoder and
gating networks are randomly initialized and trained with SGD for 500 epochs
with a batch size of 512 on two NVIDIA 2080Ti GPUs, with a warmup start of 10

epochs following a cosine decay with a base learning rate of 0.3 using the LARS
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optimizer [You et al., 2017]. Since we are using a very lightweight model as our
gating network, there is no significant computational overhead during training, to be
precise there is a slight increase in computation which amounts to 2.11% of extra
model parameters (0.013% of FLOPs computation). We pre-train for a target budget,
tqg = {10%, 30%, 50%} for each of the datasets except for ImageNet-100 where ¢ is
restricted to {30%,50%} due to computational constraints. We report the inference
speedup in terms of a hardware-independent theoretical metric of FLOPs and not
wall-clock time as we do not avail any hardware accelerators to utilise sparsity
during training. Any scaling parameter in the loss term is derived by following the
respective paper i.e., [Bardes et al., 2022, Li et al., 2021]. The code is available at
https://github.com/KrishnaTarun/Unification.

2. Evaluation: Pre-training and evaluation is carried on the train and validation
data of CIFAR-10/100 [Krizhevsky and Hinton, 2009], ImageNet100 * and STL-10
[Coates et al., 2011]. For pre-training with STL-10 we considered only the un-labelled
set. We follow the standard practice of evaluating the trained encoder by freezing its
weights and training a linear classifier on top of it. We trained a single linear layer
for 100 epochs with a batch size of 512 on a single NVIDIA 2080Ti with a learning
rate of 0.3 following step decay of 0.1 at the 60" and 80* epochs. We report top-1
accuracy averaged over 5 runs.

3. Baselines: To exhaustively compare the performance of the dense and gated
models we consider VICReg [Bardes et al., 2022] as an SSL dense baseline while
VICReg augmented with sparsity loss Lg (following Krishna et al. [Krishna et al.,
2022]) serves as a gated baseline, here goal is to train a lightweight gated encoder
from scratch with a self-supervised objective.

4. Comparison with self-supervised KD: To make a fair assessment of this
unification, we compare the gated network’s performance with KD-based methods
specifically SEED [Fang et al., 2020] and SimReg [Navaneet et al., 2021] where the
former was proposed to distill representational knowledge into a smaller network
while the latter showed that a simple regression objective can serve as an effective
tool for knowledge transfer. For SimReg: During pre-training (SSL) (500 epochs) we
used VICReg [Bardes et al., 2022] with a ResNet-18 (R18: Teacher) as base encoder
trained on CIFAR-100 and ImageNet-100 (Dpyetrain), While distillation is performed
using the SimReg objective on Drarget (= Dpretrain) by further training it for another
130 epochs. For SEED: We use a MoCo-v2 pre-trained ResNet50 (R50) encoder
trained on ImageNet-1K (Dpyetrain), While distillation using the SEED objective is
performed for 200 epochs on Dryyget (same as SimReg). Student networks are derived
by sampling from R18’s subspace with the number of filters for each basic block

derived from our gating network i.e., channels are selected following policies learned

“https://wuw.kaggle.com/datasets/ambityga/imagenet100
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Table 6.1: Linear Evaluation: 1// in font is comparison with Baseline-1,
while blue font is comparison with Baseline-2. FLOPs R. denotes FLOP reduction.
We report Top-1 accuracy averaged over 5 runs.

VICReg VICReg-Gating VICReg-Dual-Gating
Baseline-2 this work
[Bardes et al., 2022] [Krishna et al., 2022]
Dataset Dense FLOPs | tq4(%) Gated FLOPs R. Dense T Gated 1 FLOPs R. 1
10% | 87.75 +o.03 85.92% 88.99 + 0.04 88.94 + 0.06 119y 81.49% (4 4.3
CIFAR-10 91.11 + o003 7.03E8 30% 89.49 + 0.04 69.27% 90.38 + 0.04 90.27 +0.03 rors)  66.43% (1 2.80)
50% | 90.70 £00a  51.62% 90.20 + 0.02 90.40 + 0.06 o0 49.02% « 2.60)
10% 82.48 1015 82.85% 84.29 1+ 021 83.29 + 0.05 tosy  78.34% (1 asn)
STL-10 86.15 + 010 3.33E8 | 30% | 84.16 o1 68.38% 84.90 + 0.05 84.85 + 0.04 o069  65.24% (310
50% | 85.40 o020  49.93% 85.75 + 0.02 85.72 + 0.02 (o2 48.41% o 1.52)
10% 63.12 + 0.00 84.82% 65.21 + 0.06 64.31 + o008 (1 1.19) 81.71% (4 3.11)
CIFAR-100 65.86 + 010 T7.03E8 | 30% | 65.41 000  68.68% 65.90 =+ o0.10 65.64 + 0.00 (o023  66.83% (155
50% | 65.75 t0az  50.04% 66.41 + 0.05 66.40 + 0.14 oes)  49.06%  o.9s)
30% | 74.04 +o0.00 67.95% 75.12 + 007 75.04 £ 0.0 (100 64.98% (1 2.07)
ImageNet-100 | 77.74 + o012 1.81E9 | 50% | 75.83 o007  50.11% 76.42 + o026 76.24 + 012 (o4 47.69% ( 2.42)

by our gating module for a fair comparison. The representation from the last average
pooling layer is l; normalized and is evaluated using KNN as the evaluation criterion

with £ = 1 to report top-1 accuracy.

6.4 Results

1. Quantitative assessment. Table 6.1 compares the performance of VDG
with the other two baselines for dense and gated networks. The lightweight gated
network achieves improved performance across all datasets and target budgets (¢,)
as compared to Baseline-2, with a negligible drop at t; = 50% for CIFAR-10 only.
The improved gated performance can be attributed to the fact that both dense and
lightweight gated models co-learn during pre-training via weight sharing. However,
the performance gain is compensated by a slightly smaller reduction in FLOPs as
compared to Baseline-2. Improved performance of the gated network further closes
the gap with a completely self-supervised dense model (Baseline-1). In comparison
to Baseline-1, we observe minor drop in performance of VDG e.g., at t; = 10%
across CIFAR-10 , STL-10 , CIFAR-100 , ImageNet-100

but with a significant reduction in the number of FLOPs. This illustrates that
even under severe budget constraints our model achieves comparable performance to
Baselinel. This drop further decreases on increasing ¢4 to 50%.

Another important aspect of our learning method is the performance of the dense
(fo) model. Ideally, our aim is to achieve fewer fluctuations with varying t, with a
performance equivalent to a dense model as in Baseline-1. However, we find that the
performance of the dense network (this work) is slightly below the performance of
the dense (Baseline-1) for CIFAR-10/STL-10/ImageNet-100 while for CIFAR-100
the performance is better than the self-supervised dense module. This is interesting

because what we achieve from this single pre-training of 500 epochs, is a single
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Table 6.2: Transfer Performance: dense and gated under VICReg-Dual-Gating is
compared with the common dense baseline of VICReg. 1 / | represents incremen-
t/decrement in performance. We report Top-1 linear evaluation accuracy averaged
over H runs.

Dataset VICReg VICReg-Dual-Gating
[Bardes et al., 2022] 10% 30% 50%

From — To Dense Dense  Gated | Dense Gated | Dense Gated
CIFAR-100 — STL-10 70.37 64.69 | 64.29 | | 65.63 ] 65.93] | 66.52 | 67.30 )
CIFAR-100 — CIFAR-10 80.08 80.56 1 79.92 | | 80.23 1 80.24 1 | 80.16 1+ 80.09 1
CIFAR-100 — ImageNet-100 39.45 35.88 1 36.31 ) |38.49] 3820 | 39.41] 40.68%
ImageNet-100 — STL-10 72.80 - - 65.86 | 65.01 ) | 67.74 | 67.15 |
ImageNet-100 — CIFAR-10 55.12 - - 53.38 1 49.41 ] | 54.01 | 49.80 |
ImageNet-100 — CIFAR-100 31.42 - - 28.81 ) 2555 | 28.75 ] 25.14 |

Table 6.3: Comparison of KD methods students performance with our gated network.

Method Dpretrain DrTarget SSL-Pre Method (Teacher)epoch Student 1-NN
CIFAR-100 CIFAR-100 VICReg (R18)500 R18 (10%) | 37.32%
CIFAR-100 CIFAR-100 VICReg (R18)s00 RI18 (30%) | 45.71%
SimReg [Navaneet et al., 2021] | CIFAR-100  CIFAR-100 VICReg (R18)500 RIS (50%) | 48.99%
| TmageNet-100 TmageNet-100 VICReg (R18)500 RI18 (30%) | 63.80%
ImageNet-100 ImageNet-100 VICReg (R18)500 R18 (50%) | 65.78%
ImageNet- 1K CIFAR-100 MoCO—~v2 (R50)s00 RI8 (10%) | 31.54%
ImageNet-1K ~ CIFAR-100 MoCO-v2 (R50)s00 R18 (30%) | 35.29%
SEED [Fang et al., 2020] ImageNet-1K ~ CIFAR-100 MoCO-v2 (R50)s00 R18 (50%) | 38.22%
| TmageNet-1K  ImageNet-100  ~ MoCO-v2 (R50)s00 RI18 (30%) | 64.38%
ImageNet-1K  ImageNet-100 MoCO-v2 (R50)s00 R18 (50%) | 67.50%
CIFAR-100 - VICReg (R18)500 RIS (10%) | 56.57%
Ours CIFAR-100 - VICReg (R18)500 R18 (30%) | 58.49%
(Gated) CIFAR-100 - VICReg (R18)500 R18 (50%) | 59.83%
| TmageNet-100 - VICReg (R18)500 RIS (30%) | 65.54%
ImageNet-100 - VICReg (R18)500 R18 (50%) | 67.72%

base encoder (dense encoder) and gates (via gating modules) and their combination
gives a gated lightweight network.

2. Transfer Learning: Table 6.2 compares the transfer performance of VDG (dense
and gated) with VICReg. This experiment gives further insights into the quality
of the learned representation in this joint setting. In general, there is a drop in
performance for VICReg-Dual for both dense and gated, although the difference is
not significant. However, for CIFAR-100 — CIFAR-10 dense and gated outperforms
only dense in VICReg at a very low target budget. Even in the case when the model
is pre-trained on ImageNet-100, performance is comparable. This is encouraging as
this new perspective still maintains good generalization and transferability.

3. SSL-KD vs SSL-Gating: Table 6.3 compares the performance of SSL-KD
methods with our SSL-Gating framework. To avoid confusion, we would like to
reiterate we don’t follow the student-teacher paradigm, “Student” in Table 6.3 for
“Ours (Gated)” is basically a R18 (base-encoder) with gates (see Figure 6.1) and
Drretrain = Drarget- Results in Table 6.3 are very promising as we outperform both
the KD methods by a substantial margin across all budgets. This result suggests
that combining gating could serve as a general recipe to obtain a lightweight network

along with a dense network during pre-training.
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VICReg-Dual (Gated)

VICReg

2
4

VICReg-Dual (Dense)
Figure 6.2: Qualitative analysis: UMAP embeddings of the learned representations:

lightweight gated network (top row), while dense network (bottom) row over different
target budgets ty4. This is compared with embeddings of VICReg (dense) trained
without any sort of sparsity.

o A

Table 6.4: Barlow Twins vs VICReg in dual setting.

Barlow Twins(BT)-Dual-Gating VICReg-Dual-Gating
Dataset ty | Dense Gated FLOPs R. Dense Gated FLOPs R.
10% | 53.64 53.01 80.60% 54.92 54.66 81.71%
CIFAR-100 | 30% | 55.03  54.89 66.09% 56.34 55.53 66.83%
50% | 55.63  55.39 47.64% 56.83 57.25 49.06%
10% | 73.45  73.49 76.74% 76.61 76.45 78.27%
STL-10 30% | 75.51 @ 76.02 64.12% 78.55 78.80 65.17%
50% | 76.99  77.10 48.32% 79.69 79.95 48.39%

4. Qualitative assessment: Figure 6.2 shows uniform manifold approximation and
projection (UMAP) [McInnes et al., 2018] embeddings of the learned representations
(fo(x) € R®'?) trained using the dual-setting on the STL-10 dataset and compares it
with VICReg [Bardes et al., 2022]. The learned structure is similar to dense (VICReg)
at a very low budget. Furthermore, the classes appear to be visually distinct, similar
to the VICReg setting, and this is observed for both the dense and gated networks
of VICReg-Dual-Gating.

6.5 Additional Insights

For all experimental settings and studies discussed hereafter; models (and settings)
were pre-trained for 500 epochs on CIFAR-100 and STL-10 datasets. Instead of using
linear evaluation, we use KNN as the evaluation criterion with £ = 1 to report top-1
accuracy. In all tables, bold and underline are the best-performing results for the
dense and gated modules, respectively. Representations are not [, normalised.

1. Comparison with the symmetric Barlow Twins (BT) architecture. VI-
CReg is built upon the findings of BT [Zbontar et al., 2021] and it is straightforward

to apply the dual setting to BT because it minimizes the cross-correlation (regu-
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Table 6.5: Alternative base encoders. Comparing the performance of using single
base encoder or 2 encoders one as dense and other as gated one.

VICReg-Dual-Gating VICReg-Dual-Gating
(1xResNet-18) (2xResNet-18)
Dataset ty(%) | Dense Gated FLOPsR. | Dense Gated FLOPs R.
10% | 54.92 54.66 S81.71% | 53.85 52.44  85.77%
CIFAR-100 | 30% 56.34 55.53 66.83% 55.65  55.52 70.07%
50% 56.83 57.25 49.06% 55.64  55.71 52.60%
10% 76.61 76.45 78.27% 7493  74.89 82.48%
STL-10 30% 78.55 78.80 65.17% 76.83  76.71 69.26%
50% | 79.69 79.95  48.39% 77.74  78.00 51.10%

Table 6.6: Investigating the role of mean squared error (MSE).

VICReg-Dual-Gating VICReg-Dual-Gating
w/ Invariance w/o Invariance
Dataset tq(%) | Dense Gated FLOPs R. | Dense Gated FLOPs R.
10% | 54.92 5466 81.71% | 406 631  93.77%
CIFAR-100 | 30% 56.34 55.53 66.83% 4.84 4.89 82.72%
50% | 56.83 57.25  49.06% | 279 415  49.05%
10% 76.61 76.45 78.27% 11.79 ~ 18.02 90.71%
STL-10 30% | 78.55 7880  65.17% 12.25  17.89 74.96%
50% | 79.69 79.95  48.39% | 12.81 1572  51.91%

larisation term) to identity Z although the loss function is entirely mutual unlike
in VICReg. In Table 6.4 we compare the performance of BT augmented with our
setting. We observe that 1-NN performance of BT is low as compared to VICReg-
Dual-Gating. The drop in performance could be attributed to the fact that VICReg
applies independent regularisation which are later matched through the invariance
loss. This further validates the hypothesis of choosing VICReg as our objective.

2. Training with a different base encoder. In this setting we train a model with
two base encoders, one w/ gate (gated) and other w/o gate (dense) i.e., (2xResNet-18)
(results in Table 6.5). An interesting observation is that VICReg-Dual-Gating with
a single base encoder outperforms a more powerful setting with two base encoders
(Table 6.5) although the FLOPs reduction (FLOPs R.) is higher (1) in the setting of
two different encoders. This is due to the fact that the sparsity loss (L) operates
solely on the un-shared branch so there is no trade-off involved, as in the case
of a single base encoder which simultaneously tries to enforce sparsity and visual
invariance.

3. Role of mean squared error in co-evolving. It’s a well-known fact in SSL
that these methods suffer from dimensional collapse [Hua et al., 2021, Jing et al., |].

Training without any regularisation term or any trick [Grill et al., 2020, Chen et al.,
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2020a] would lead to dimensional collapse. Also, the authors in [Kim et al., 2021]
showed that MSE serves as a better option for exact logit matching as compared
to Kullback-Leibler (KL) divergence. So, in order to understand the role of MSE
we trained a model w/o the invariance Equation 6.1 loss. As Table 6.6 shows, we
found that there is a large performance drop if we remove the invariance term. This
implies that the invariance term plays a crucial role and seems to be an important

factor, not only for co-evolving, but for self-supervision.

6.6 Discussion and Conclusion

RQ4 as described in Chapter 1 of this thesis poses the question of whether it is
possible to learn a single encoder (function) that could serve the dual purpose of being
used as a dense and lightweight network with minimal additional overhead during
pre-training. In this chapter, we present a novel perspective on unifying synergies
between SSL and DC to answer this question. We exploit DC to induce sparsity into
symmetric branches of self-supervised models enabling both branches to co-evolve
with each other during training. In addition, this approach also allows simultaneous
training of a dense and gated (sparse) sub-networks from scratch with a target
budget t; under a self-supervised training objective with minimal computational
overhead via weight sharing, thereby offering a good accuracy-efficiency trade-off for
a given downstream application. As a result, our single base encoder offers sufficient
flexibility to serve a dual purpose to reduce excessive computational overhead, which
is validated through exhaustive experimentation (Tables 6.1, 6.2, 6.3).

However, it should be noted that there are limitations to this work. First, the
dense model performance degrades and its performance further fluctuates with
varying t,. We experimented with RotNet [Komodakis and Gidaris, 2018] as an extra
proxy loss for the dense branch but this did not yield good performance. Second, we
have not imposed any constraint on the training objective that enforces a uniform
distribution of channel activations, i.e. preservation of channel diversity during
inference (which could also be a solution to the first limitation). Third, it would be
interesting to extend this setting to contrastive and non-symmetric architectures,

which are not explored in this chapter.
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Chapter 7
Conclusion

In this final chapter, we bring together all the key findings of our research to highlight
our contributions and discuss their significance. We review the hypotheses and
research questions that we set out in Chapter 1 and assess how well we have answered
them. In this way, we summarize the important insights from our work, discuss
practical implications, and suggest directions for future research. By doing so, we

aim to provide a clear and concise conclusion highlighting the value of this work.

7.1 Hypotheses and Research Questions Revisited

This section revisits the research questions arising from the overarching research
hypotheses presented in Chapter 1 and considers these in light of the various studies
conducted and reported in this thesis.

Hypothesis 1 (H1): We hypothesize that models that are learned to encode
semantic similarity among instances via discriminative learning should perform
well on the task of image instance retrieval. This leads to Research Question 1
(RQ1): How effectively do SSL methods encode semantic identity in comparison
to SL methods for the task of image instance retrieval? In Chapter 3, we present
an extensive evaluation of contrastive self-supervised models for the task of image
instance retrieval. We compare different contrastive self-supervised models across
different datasets and across different settings with a supervised baseline. We find
that these models, without any explicit supervisory signals, can learn to encode
inherent similarity via instance discrimination and as a result, they generalize well
when the target domain is different from the source domain. This is validated
through various experimental results (see Tables 3.2, 3.3). Additionally, we find
that low-dimension feature descriptors perform better than the true dimension (i.e.
not PCA compressed - see Table 3.4).

Hypothesis 2 (H2): While self-supervised representation learning has shown

success with 2D images, its application to 360° images remains underexplored. We
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argue that omnidirectional images are particularly suited to such an approach due
to the geometry of the data domain. This gives rise to Research Question 2
(RQ2): Can we efficiently design and effectively exploit contrastive self-supervised
methods for a granular task like visual saliency prediction task for 360° omnidirectional
images? In Chapter 4, we show that it is possible to design a self-supervised
contrastive model to exploit the geometric flexibility offered in this data regime
(i.e., 360°) by learning representations that are locally consistent across the different
views. We find that the proposed method performs on par with supervised methods
and in some cases surpasses them (see Table 4.1). Additionally, as shown in Table 4.2,
we observe that our model exhibits a remarkable performance improvement, being
over 8x faster than ATSAL [Dahou et al., 2021}, which is the fastest model in this
category. This is an important finding from the perspective that a careful design not

only leads to better performance but at the same time could lead to better efficiency.

Hypothesis 3 (H3): We hypothesize that self-supervised models are an ideal
candidate for (such) dynamic network structures as they capture highly redundant
channel features during pre-training, which gives rise to Research Question 3
(RQ3): Do self-supervised models learn highly redundant channel features, dynamically
select the important channels and remove the unnecessary ones? In Chapter 5
it is proven that self-supervised models learn redundant channel features, which
further can be dynamically removed depending upon the input without significantly
affecting model performance (see Table 5.1). Further, we prove that channels can
be dynamically selected across the network during inference (see Figure 5.1). This
validates that it is indeed possible to design self-supervised models which can be

made efficient during inference.

Hypothesis 4 (H4): We hypothesize that the Siamese setting can be utilized for
simultaneously training an encoder that can serve the purpose of a dense encoder as
well as a sparse lightweight encoder. This prompts Research Question 4 (RQ4): Is
it possible to learn a single encoder (function) that could serve the dual purpose of
being used as a dense and lightweight network with minimal additional overhead?
Building upon the findings in Chapter 5, in Chapter 6 we show that a single encoder
can indeed serve the purpose of being used as a dense and lightweight network
and demonstrates the transferability of the learned representations across different
datasets improving generalizability (see Table 6.1 and Table 6.2). As a result, both
a lightweight sparse network as well as a dense model are available after pre-training,
which can be exploited as needed by the downstream task. Interestingly our approach
surpasses self-supervised knowledge distillation methods by a significant margin, as
shown in Table 6.3.
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7.2 Research Contributions

The various contributions of the thesis can be summarised as follows:

« Exhaustive evaluation across different benchmarks (Chapter 3, Section 3.4.2,
Table 3.2, 3.3) shows that contrastive methods can easily surpass supervised
models without any explicit supervision. The work done in Chapter 3 showed
that contrastive models learn features that can be used to bootstrap image
retrieval engines. Of particular note is the impressive fact that contrastive
pre-training did not consider the image retrieval task, yet it learned features
that can be effectively used for this task. This is important in the context of

utilizing self-supervised models as a fixed feature extractor.

o Chapter 4 introduced a method for modeling human visual attention with
contrastive self-supervised learning, which improves generalization and ex-
pressive power compared to existing approaches. The approach exploits the
geometric flexibility of the spherical data to learn representations that contain
locally consistent information across the views. Through extensive evaluation
in Chapter 4, Table 4.1, we show that contrastive learning can be exploited for
saliency prediction and that it performs on par with fully supervised methods.
Contrastive learning requires a large amount of unlabelled data to be trained
effectively. Due to the unavailability of large-scale 360° images datasets, we
gather a new dataset with 90K ODIs from multiple sources and make it publicly

available along with the code to reproduce the results.

o In Chapter 5, we study the behaviour of self-supervised learning when integrated
with channel selection networks given a global target budget for computational
cost. Our empirical results (Table 5.1) provide interesting insights about self-
supervised learning when trained with channel selection. First, self-supervised
models learn highly redundant channel features that can be discarded to
reduce computational overhead. Second, we show that channel selection
modules can significantly reduce FLOP computation and make inference more
efficient. Third, our results also provide intuition that representations learned
by self-supervised networks with channel selection can also be transferred to
downstream tasks. The code required to reproduce the results in Chapter 5 is

publicly available”.

o Finally in Chapter 6, we exploit dynamic computation to induce sparsity into
symmetric branches of self-supervised models enabling both branches to co-

evolve with each other during training. In addition, this approach also allows

“Available at: https://github.com/KrishnaTarun/360_unsupervised_saliency
*Available at: https://github.com/KrishnaTarun/SSL_DGC
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simultaneous training of a dense and gated (sparse) sub-network from scratch
with a target budget under a self-supervised training objective with minimal
computational overhead via weight sharing. This offers a good accuracy-
efficiency trade-off for a given downstream application (see Tables 6.1 and
6.2). As a result, our single base encoder offers enough flexibility to serve a
dual purpose to reduce excessive computational overhead, which is validated
through exhaustive experimentation. Once again, code to reproduce the results

is publicly available”.

7.3 Proposal for Future Work

Notwithstanding the advances made by the research reported in this thesis, there are

exciting opportunities for future work. We document some of these in the following.

o In Chapter 5 & 6, we exploit the Gumbel softmax trick for channel selection but
we do not impose any constraints that enforce some diversity in the selection
process. As can be seen in Figure 5.1, some channels are never selected which
implies we are not exploiting the entire expressivity of the network. This merits

further investigation.

o In Chapter 6, we observe a slight drop in the performance of the dense model.
Further investigation is needed into a way to minimize this performance
drop (in fact, ideally avoid any performance drop at all) that is consistent
across different target budgets. Furthermore, this unifying paradigm needs
to be studied across different approaches to self-supervised methods e.g. non-
symmetric architectures e.g., BYOL [Grill et al., 2020], SimSiam [Chen and He,
2021] etc.

o A potentially extremely impactful direction for future research is to extend the
work in Chapter 6 for video understanding under budget constraints across
multiple video domains where huge datasets and foundation models now play

a crucial role in learning global representations for videos.

7.4 Closing Remarks

Recent advances in computer vision have been significantly driven by deep learning
methods, especially through self-supervised representation learning. These methods
utilize extensive amounts of unlabeled data to create models that extract robust

representations from visual information. This thesis has shown how self-supervised

“Available at: https://github.com/KrishnaTarun/Unification
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visual representation learning can be used to efficiently design, and explore ways to
use limited resources to maximize performance.

Self-supervised learning aims to leverage the inherent structure of data, reducing
the reliance on large volumes of labelled data and offering solutions when traditional
deep learning methods face limitations. A key insight from this research is that design
choices in self-supervised models can lead to effective and efficient utilization of this
machine learning paradigm. The approaches explored in this thesis are particularly
relevant for applications where training resources are limited, both in terms of label
availability and computational power and hence particularly relevant in practical
industry settings.

This thesis also delves into how self-supervised models can be exploited in different
target domains and non-traditional data regimes, such as scenarios with a small set
of labeled data alongside a large set of unlabeled data (e.g., saliency prediction).
We demonstrate how self-supervised models can be tailored to the requirements
of downstream tasks without imposing excessive computational constraints during

pre-training.
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