w205
o

BiSSL

*' | o™
»
[ o o W .b.
o> é '
el NP R

MASTER’S THESIS
MATHEMATICAL ENGINEERING

Revisiting Bilevel Optimization for
Aligning Self-Supervised Pretraining with
Downstream Fine-Tuning

Advancing BiSSL Through Systematic Variations, Novel Design
Modifications, and Adaptation to New Data Domains

Author: Supervisors:
Gustav Wagner Zakarias Zheng-Hua Tan

Lars Kai Hansen

27th July 2025



AALBORG UNIVERSITY
STUDENT REPORT

Title:

Revisiting Bilevel Optimization for Align-
ing Self-Supervised Pretraining with Down-
stream Fine-Tuning

Subtitle:

Advancing BiSSL Through Systematic Vari-
ations, Novel Design Modifications, and Ad-
aptation to New Data Domains

Project Period:
Fall 2023 - Summer 2025

Author:
Gustav Wagner Zakarias

Supervisors:
Zheng-Hua Tan
Lars Kai Hansen

Copies: 1

Numbered Pages:

Date of Completion:
27th July 2025

Department of Mathematical Sciences
Thomas Manns Vej 23, DK-9220 Aalborg @
http://math.aau.dk

Department of Electronic Systems
Frederik Bajers Vej 7B, DK-9220 Aalborg @
http://es.aau.dk

Abstract:

The BiSSL framework models the pipeline
of self-supervised pretraining followed by
downstream fine-tuning as the lower- and
upper-levels of a bilevel optimization prob-
lem. The lower-level parameters are addi-
tionally regularized to resemble the ones of
the upper-level, which collectively yields
a pretrained model initialization more
aligned with the downstream task. This
project extends the study of BiSSL by first
evaluating its sensitivity to hyperparameter
variations. Then, design modifications, in-
cluding adaptive lower-level regularization
scaling and generalized upper-level gradi-
ent expressions, are furthermore proposed
and tested. Lastly, BiSSL is adapted to nat-
ural language processing tasks using the
generative pretrained transformer pretext
task, and then evaluated on a range of
diverse downstream tasks. Results show
that BiSSL is robust towards variations
in most of its hyperparameters, provided
that the training duration is su Lciehtly
long. The proposed design modifications
yield no consistent improvements and may
even degrade performance. For natural
language processing tasks, BiSSL achieves
occasional gains and otherwise matches the
baseline. The findings overall suggest that
the original BiSSL design is robust, e [edt-
ive, and able to improve downstream ac-
curacy across input domains.

The content of this report is freely available, but publication (with reference) may only be pursued due to

agreement with the authors.


http://math.aau.dk
http://es.aau.dk

Preface

This extended (60 ECTS) master’s thesis was written in the period 01/09/23 to 20/06/25
by Gustav Wagner Zakarias, attending the final semesters of the masters’ programme in
Mathematical Engineering at Aalborg University, while concurrently enrolled in a 4+4
Ph.D. programme at the Department of Electronic Systems at Aalborg University and the
Pioneer Centre for Al. For the attached code implementation utilized for the experiments
of this project, Python 3.10.12 is used in conjunction with numpy 1.24.0, pytorch 2.1.2,
torchvision 0.16.2, timm 1.0.15 and the Hugging Face libraries transformers 4.51.3,
datasets 3.5.1 and evaluate 0.4.3. Besides this, matplotlib 3.10.1 is used in conjuction
with Draw.io and Apple Freeform to create the figures and plots throughout the project.
Overleaf v2 set with pdfIATEX is used to write and compile the project.

The project author would like to thank supervisor Zheng-Hua Tan (AAU) and co-
supervisor Lars Kai Hansen (DTU) for guidance throughout the project, and CLAAUDIA
for providing the HPC resources that realized the experiments conducted for the project.

Gustav Wagner Zakarias


https://www.aicentre.dk

Contents

Bilevel Optimization|

3.1  Optimization Problem Formulation|. . . . . . .. ... ... .........
[3.2 Obtaining the Derivatives| . . . . . . . . . . . . . . . . e

4 The BISSL. Framework

4.1 Introducing BISSL| . . . . . . . . ..
|4.2  EXxpressing the Bilevel Derivatives] . . . . ... ... ... .. ... .....

4.3 Training Algorithm and Pipelingl . . . . . ... ... ... .. ... .....

|5 Rewsmng BISSEI

0.1  Hyperparameter Impact| . . . . . . . ... ... ... ..

0.2 Adapting A During Training| . . . . . . . . . . . ... . e

[5.3  Non-Fixed Pretext Head Doing IJ Approximation|. . . . . ... ... .. ..
. pplying Bi on GPT|. . . . . .. .

Experiments and Results: Ablations and Design Modifications|

6.1 Default Implementation Details| . . . . .. ... ... ... ..........
6.2 Baselines . . .. .. . . . . ...

6.3 Hyperparameter Influence| . . . . . . . .. . ... ... Lo o

10
10
12
15

20
20
20

25
25
26
29

31
31
32
36
40



CONTENTS

6.4 Adaptive Scalingof Al. . . . . . . . ...
6.0  Non-Fixed Pretext Head During IJ Approximation| . . . . . ... ... ...

[/ Experiments and Results: NLP|

[/.1 Implementation Detalls| . . .. ... ... ... ... ... . ... ...,

[8__Discussionl
[B1 Hyperparameter SEnsitivity] . . . . . . . . . . o
B2 Tmpact of AJaPTabIE N . . .« o o o oo e e
[8:3" Tnclusion of Pretext Head in IJ Approximation] . . . ... ..........
B4 Adaptation ©0 NLP TasKs| . . . . o o v oo

[C Theorems and Proofs|

ID Bilevel Training Algorithms - Application Examples|

DT Meta-Learning . . . . . . v v v v o e e e e e e e e e e e
D2 MOl PIURNING . . « « o o o oo e e e e

[E  Importance of the Second Term of the Upper-Level In BISSL]|

|G Future Work: Regularizing the Pretext Head via the Upper-Level|

56
56
60

61
61
62
63
64

65
65

75

77

79

81

84
84
85

87

89
89
91

93



1 | Introduction

Supervised learning using deep neural networks [1] has emerged as a powerful technique for
solving a wide array of machine learning tasks, delivering unparalleled performance within
computer vision [2H7], natural language processing [8,9], and audio signal processing [10,(11]
among others. A common prerequisite for these successes is the availability of a substantially
large pool of labeled data. However, in many real-world settings, acquiring su [cieht labeled
data is not feasible. This limitation often stems from high costs associated with collecting
and manually annotating large datasets or from a fundamental scarcity of available data
points to collect [12].

This sole reliance on explicit supervision stands in contrast to the way humans appear
to learn. People can acquire new knowledge by drawing on unlabeled sensory inputs and
leveraging prior knowledge to guide learning. In a sense, humans supervise themselves
by constructing their own learning signals, which are acquired through interaction with
the world [13,/14]. In the meantime, while deep neural networks necessitate training via
external supervision, they can still learn internal representations that similarly capture
more general structure of the input, which can be repurposed to support learning on new
tasks [15,/16].

This raises the question of whether such transferable features can be learned without
requiring labels at all, hence aligning more with how humans learn. Achieving this could
enable a new training paradigm where unlabeled data serves as the primary resource, and
labeled data is used only for final adaptation to downstream tasks. Self-supervised learning
has emerged as a promising realization of this.

1.1 Self-Supervised Learning

Self-supervised learning (SSL) oLerk an alternative to end-to-end traditional supervised
learning by leveraging unlabeled data to learn general-purpose representations. Rather
than relying on task-specific labels, SSL first trains a backbone model using pretext tasks,
which derive supervisory signals directly from the structure of the unlabeled data, guiding
the model to extract general and informative features. This is followed by supervised fine-
tuning on a downstream task, allowing the model to adapt its pretrained representations
to improve task performance [12,/15]. The general two-staged training pipeline in SSL
is illustrated in Figure [I.I] As shown in the figure, auxiliary output heads are typically
attached during both pretext and downstream training. They serve to align the backbone’s
output with the specific requirements of each task, especially when the format of the
backbone output is incompatible with the task. In practice, such heads can also improve
empirical performance, as some tasks benefit from solving the pretext task in a latent space
separate from the backbone output space, which is further outlined in Chapter [2|
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CHAPTER 1. INTRODUCTION

Figure 1.1: The conventional training pipeline in self-supervised learning of (1) pretext
task training, followed by transmitting the backbone for subsequent (2) supervised training
on the downstream task.

Designing e ective pretext tasks is a central challenge in SSL. The most widely adopted
approaches can be roughly grouped into four general categoriesontrastive, generative
predictive, and self-distillative [17]. Figures 1.2 and 1.3 illustrate the high-level structure of
these task types. However, this grouping is not strict, as many methods blur the boundaries
between categories, and understanding them thus often requires a more holistic perspective.
Nonetheless, the following overview presents representative examples from each category
to convey their respective core design principles.

Contrastive  pretext tasks learns representations by making a model distinguish
between similar and dissimilar data points. The core idea is to map perceptually similar
inputs to nearby points in a latent space, while also pushing apart representations of
dissimilar inputs. Similar data points are typically achieved through augmentations:
two augmented views of the same input are treated as a positive pair, while all other
views in the batch (assumed to come from di erent inputs) form negative pairs [12, 18].
SIimCLR [19] is a canonical example of contrastive learning in SSL. A single encoder model
processes all augmented views, and a contrastive loss is used to pull together positive pairs
while repelling all other instances in a batch. SImCLR is further explored in Chapter 2.
Momentum Contrast (MoCo) [20] instead employs a dynamic memory bank of negative
samples, achieved from a momentum encoder model whose weights are updated as an
exponential moving average of a base encoder model. This design allows for a consistent
set of negative samples across training steps, decoupling the number of available negative
examples from the batch size. Bootstrap Your Own Latent (BYOL) [21] and SimSiam [22]
avoid using negative pairs entirely. They use two separate networks to encode separate
views of the same input, followed by having one network predict the output of the other.
VICReg [23] shares many structural similarities with SImCLR, although it is not always
classi ed as a contrastive method. The primary di erence lies in the fact that its loss
objective instead regularizes the latent space through an ensemble of three objectives:
variance preservation across dimensions, decorrelation between dimensions, and invariance
between paired augmented views. This enforces diversity between latent vectors within a

2



1.1. SELF-SUPERVISED LEARNING

Figure 1.2: Diagrams illustrating the general setup of the contrastive (left) and predictive
(right) pretext tasks. Contrastive pretext tasks aim to distinguish between similar and
dissimilar data points, and predictive pretext tasks aim to predict future outcomes of
sequential data.

batch and ensures that all dimensions of the latent space are non-redundant.

Predictive pretext tasks forecast future values based on past observed inputs. Hence,
these tasks are naturally suited to sequential data, where temporal or structural depend-
encies can be leveraged for training without labels. Autoregressive predictive coding
(APC) [24] generates predictions in the latent space and leverages the capabilities of deep
neural networks with memory components, such as Long Short-Term Memory Networks
(LSTMs) [25] and the widely popular Transformer models [26], to capture long-range
dependencies. Bearing resemblance to contrastive methods, Contrastive Predictive Coding
(CPC) [18] employs a contrastive loss in the latent space to distinguish between the target
future value and a set of negative examples from past time steps or di erent sequences.
In the realm of Natural Language Processing (NLP), BERT (Bidirectional Encoder Rep-
resentations from Transformers) [27] uses Masked Language Modeling (MLM) and Next
Sentence Prediction (NSP). MLM randomly masks input tokens and tasks the model with
predicting them based on their bidirectional context and NSP trains the model to predict
whether one sentence logically follows another to learn sentence-level coherence.

Generative pretext tasks involve reconstructing either the full input or strategic-
ally corrupted portions of it, encouraging modeling of the underlying data distribution.
Variational Autoencoders (VAES) [28] utilize an encoder-decoder architecture with an inter-
mediate bottleneck layer. Their objective is to reconstruct the input while simultaneously
learning a lower-dimensional latent distribution in the bottleneck space. The generative
capability arises from their ability to transform samples drawn from the latent distribution
into samples resembling the input. Masked Autoencoders (MAES) [29], originally designed
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CHAPTER 1. INTRODUCTION

Figure 1.3: Diagrams illustrating the general setup of the generative (left) and self-
distillative (right) pretext tasks. Generative pretext tasks aim to reconstruct the input,
and self-distillative pretext tasks utilize a student-teacher model setup, where the student
distills knowledge to the teacher, while the student is tasked with predicting the outputs
of the teacher model.

for vision tasks, use a transformer-based encoder-decoder architecture. They are trained
to reconstruct inputs from which large patches have been masked out before encoding.
This forces the model to build semantic representations that support inferring the missing
content from the unmasked patches. In the realm of NLP, the Generative Pretrained
Transformer (GPT) [30 33] uses an autoregressive training objective, predicting the next
token in a sequence given the preceding context. While similar in form to predictive tasks,
this next-token generation objective enables coherent text synthesis, framing GPT as a
generative model. GPT is further explored in Chapter 2. Lastly, BART [34] combines
denoising autoencoder training with a transformer-based architecture, and is pretrained by
corrupting text with various noising strategies (e.g., masking or sentence permutation),
and then making the model reconstruct the original text.

Self-distillative  pretext tasks commonly adopt a student-teacher setup, where the
student model is trained to mimic the representations produced by the teacher. The
teacher model is usually a distilled version of the student model, often derived from an
exponential moving average of the student's weights during training. DINO [35] aims to
learn high-quality visual representations by having the teacher model generate outputs
which the student is tasked with mimicking. Unlike contrastive methods, DINO uses
a consistency loss that focuses exclusively on positive pairs to encourage the model to
produce consistent features for di erent views of the same input. The aforementioned
pretext tasks of MoCo, BYOL, and SimSiam share similarities with this category as they
use the output of two separate models for contrastive training. Lastly, in Data2Vec [36],
the teacher processes the complete input, while the student receives a masked or patrtial
version. The objective of the student model is then to predict the representations output

4



1.2. BILEVEL OPTIMIZATION IN SELF-SUPERVISED LEARNING

by the teacher model.

After pretext training is conducted, the task-speci ¢ head is typically discarded, and
the pretrained backbone is repurposed for supervised training on a labeled downstream
dataset.

1.1.1 Training on the Downstream Task

Adapting a self-supervised pretrained backbone to a downstream task typically also requires
attaching a task-speci c auxiliary model head to the pretrained backbone. The subsequent
supervised training procedure then generally proceeds in one of two ways. Durininear
probing, the parameters of the backbone are frozen, and only the parameters of the
newly attached head are updated. This approach is computationally inexpensive, as the
head model is usually lightweight compared to the backbone model. It also helps prevent
over tting, particularly when the downstream dataset is small. However, its main drawback
is that it may not yield optimal performance when the backbone requires adjustment to
the speci c downstream task. In contrast, the approach of ne-tuning involves additionally
updating all or parts of the backbone during supervised training on the downstream
task [3,37]. This approach is typically preferred in practice over linear probing, as this
approach generally leads to greater downstream performance [19, 20, 23].

A challenge with ne-tuning arises when the downstream dataset di ers signi cantly
from the pretraining data distribution. In such cases, the learned representations may
be misaligned with the new task, and the ne-tuning process can degrade or overwrite
useful semantic features acquired during self-supervised pretraining. This risk is further
compounded when labeled data is scarce, as the ne-tuning process lacks su cient guidance
to identify which aspects of the pretrained features are task-relevant [3841]. The conven-
tional SSL pipeline treats pretext and downstream tasks as disjoint stages, connected only
through the transferred backbone, as illustrated in Figure 1.1, which serves mainly as an
initialization. One promising direction to address the aforementioned issue would be to
enhance the alignment between the self-supervised pretraining and downstream ne-tuning
stages. Bilevel optimization o ers a framework for achieving this.

1.2 Bilevel Optimization in Self-Supervised Learning

Bilevel optimization (BLO) has emerged as a valuable tool for tackling hierarchical optim-

ization problems in deep learning. It comprises two interdependent optimization problems,
referred to as the upper and lower-level problems, respectively. The solution to the upper-
level problem is constrained by the lower-level problem, whose solution, in turn, depends on
the parameters of the upper-level problem. This is formally expressed by the optimization
problem

minf (x;y (x)) st y (x)2 argming(x;y);
X y

wheref and g denote the upper and lower-level objectives respectively. This hierarchical
dependency enables optimization strategies that more e ectively capture complex depend-
encies between interrelated objectives [42]. BLO has been applied in settings such as model
pruning [43], invariant risk minimization [44, 45], meta-learning [46,47] and adversarial
robustness [48]. In each case, the bilevel formulation facilitates task-aware adaptation by
allowing one objective to guide the optimization of another.

5



CHAPTER 1. INTRODUCTION

Despite the appeal, solving BLO problems is challenging. The nested nature of the
problem formulation leads to high computational cost and often necessitates approximations,
such as unrolling gradients or using surrogate losses. These approximations, in turn,
introduce potential sources of error that must be managed carefully. Consequently, most
practical applications of BLO adopt problem-speci ¢ strategies, tailored to the structure and
constraints of the speci c problem [42]. Nevertheless, the project authors did in prior work
propose a computationally feasible framework that integrated the self-supervised pretraining
and downstream ne-tuning stages into a single BLO problem, named BiSSL [49].

1.2.1 The BiSSL Framework

The BiSSL framework [49] addresses the challenge of aligning pretext and downstream
objectives by formulating a bilevel optimization problem in which these two stages are
explicitly coupled. Speci cally, the downstream task is presented in the upper-level
objective, while the pretext task is represented in the lower-level problem. Chapter 4 will
delve into the details, but for the sake of introduction, the mathematical formulation of
BiSSL is also presented here:

an:inD L° (p( D); 0)* LP( b5 b)

st. p( p)2argmnminLP ( p; p)+ Sk o pkS; (1.1)
P P

with 2 (0;1 ). The objectives LP and LP denote the downstream ne-tuning and
self-supervised pretext task training objectives respectively, with associated backbone
and auxiliary head parameters p, p and p, p, respectively. This structure models
the inheritance of pretext-trained parameters into downstream training by substituting
the pretext backbone parameter solution p( p) directly into the downstream objective.
This mutual dependency fosters a two-way interaction between pretext and downstream
tasks, facilitating more nuanced information exchange that is not achievable within the
conventional decoupled SSL pipeline. Operationally, BiSSL acts as an intermediate stage
within the SSL training pipeline, as outlined in Figure 1.4.

Conceptually, BISSL can be viewed as re ning the backbone initialization acquired
through pretext training to better align with the downstream task, thereby reducing
the representational mismatch usually present prior to the ne-tuning phase. Figure 1.5
illustrates this e ect, showing that BiSSL yields embeddings that are more aligned with
the downstream task than those produced by conventional pretext training.

1.2.2 Knowledge Gaps in the BiSSL Framework

Despite the promising previous results, the current understanding of the BiSSL framework
remains incomplete. Several aspects of its formulation, design choices, and generality
warrant further investigation to better assess its robustness and applicability.

Hyperparameter In uence BiSSL introduces a number of hyperparameters, whose
respective in uence on downstream performance has not been systematically explored.
Assessing its robustness to these settings and identifying con gurations that balance
accuracy and computational e ciency would yield valuable insights into the framework's
general applicability.



1.2. BILEVEL OPTIMIZATION IN SELF-SUPERVISED LEARNING

Figure 1.4: Overview of the training pipeline involving BiSSL. As seen, BiSSL introduces
an intermediate training stage that solves a bilevel optimization problem, incorporating
both the pretext pretraining and downstream ne-tuning training stages in order to yield
a backbone p( p) which is more suitable for subsequent ne-tuning. Figure 4.1 presents
a more detailed illustration of the training pipeline involving BiSSL.

Design Modi cations Several aspects of the overall training framework design o er
opportunities for re nement that could lead to further improvements. Notably, the
current version assumes the pretext head parameters, to be xed during the upper-level
optimization, primarily for simplicity in mathematical formulation and computational

e ciency. However, it remains to be investigated how relaxing this assumption a ects the
mathematical expressions of the upper-level gradients, and consequently, whether it bene ts
downstream task performance in practice. Another potential generalization of the current
framework is to relax the assumption that the lower-level regularization weight (see(1.1))
is xed, and instead allow it to vary during training. As it will be discussed in Chapter 4,
this weight plays a critical role in balancing the in uence of the two levels, and allowing it
to adapt dynamically during training may lead to further downstream improvements. This
could be achieved through a simple scheduling scheme or by integrating it into the bilevel
optimization problem itself, allowing the upper level to update it during training.

Adaptation to Natural Language Processing Tasks Although BiSSL is presented as
a model and domain-agnostic framework, its empirical evaluation has so far been limited to
natural image tasks. This raises the question of whether BiSSL can generalize as e ectively
to other modalities, and whether modi cations are needed to enable such generalization.
A compelling test case is NLP, where data structures, optimization regimes, and model
architectures often di er from those in vision. Evaluating BiSSL on NLP benchmarks
would therefore be a critical step in assessing its claimed generality.
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CHAPTER 1. INTRODUCTION

Figure 1.5: Dimensionality-reduced downstream feature representations from model back-
bones obtained after respectively applying BiSSL (left) and conventional self-supervised
pretraining (right). Each color represents a di erent class. The BiSSL backbone features

clearly align better with the downstream data [49].

1.3 Problem Statement

Based on the introduction made in this chapter, the overall aim of this project is to close
the knowledge gaps in Section 1.2.2 through extended evaluation and design modi cations
of BiSSL. This is achieved by addressing the following sub-problems:

" How do varying hyperparameter con gurations and scheduling of the lower-level
backbone regularization weighting in BiSSL a ect downstream performance?

How can adaptive lower-level backbone regularization weighting and tighter coupling
of the pretext head into the upper-level objective be mathematically formulated and in-
tegrated into the BiSSL framework, and how do these modi cations a ect downstream
performance?

How can BiSSL be adapted to text-speci ¢ pretext and downstream tasks, and to what
extent can it improve downstream performance?

1.4 Project Delimitations

This project will not provide an overview of common approaches to solve bilevel
optimization in machine learning; instead, it will primarily focus on the implicit
function method along with the conjugate gradient method, which will be utilized in
the experiments. For an overview of the broader utility of solving bilevel optimization
in machine learning, we refer to [42].

Detailed exploration of the mechanics of pretext task design is beyond the scope
of this project, with the exception of SImCLR [19] and GPT [30], which will be
employed in experiments. For further background on commonly used pretext tasks
in self-supervised learning, see [12,15].

Natural language processing tasks are limited to pretraining with GPT on a subset
of the GLUE benchmark [50].



1.4. PROJECT DELIMITATIONS

Neural architecture design is not covered in detail. Standard, o -the-shelf architec-
tures [4,26] will be used.

The remainder of the project is structured as follows: Chapter 2 provides further
insight into self-supervised learning, with a focus on the SImCLR and GPT pretext tasks.
Chapter 3 introduces bilevel optimization and presents key results that form the basis for
the BiSSL framework, which is introduced in Chapter 4. Chapter 5 then revisits BiSSL to
establish the foundation for addressing the knowledge gaps identi ed back in Section 1.2.2.
These considerations are then empirically evaluated in Chapters 6 and 7. Finally, Chapter 8
presents a discussion of the results, followed by conclusions and directions for future work
in Chapter 9.



2 | Self-Supervised Learning

This chapter builds on the introduction to self-supervised learning (SSL) in Section 1.1 by
exploring its underlying foundations. First, a clari cation of how SSL di ers from related
learning paradigms is presented, followed by a detailed examination of the SimCLR and
GPT pretext tasks.

2.1 Distinction from Related Learning Paradigms

To get a clearer interpretation of what classi es self-supervised learning, this section
contextualizes SSL within the broader machine learning landscape by relating it to adjacent
learning paradigms.

2.1.1 Supervised and Unsupervised Learning

Machine learning algorithms have traditionally been categorized as either supervised or
unsupervised. The distinction, in its simplest form, lies in the presence or absence of labeled
data. Supervised learning algorithms are trained on labeled datasets, where each input
is paired with a corresponding target label that the model aims to predict. In contrast,
unsupervised learning operates without such labels, instead seeking to uncover inherent
structure in the input data, often through techniques such as clustering or dimensionality
reduction [51].

This raises the question: Should SSL be regarded as supervised or unsupervised? A
deliberately ambiguous answer may beyes The takeaway is that it depends largely on
one's perspective.

On the one hand, SSL clearly ts within the unsupervised paradigm in that it relies
solely on unlabeled data. On the other hand, SSL involves training models in a supervised
fashion, as it relies on de ned labels and solving (pretext) task-speci ¢ objectives. The
critical nuance is that these labels are not externally provided but are instead derived from
the data itself. For instance, in predictive pretext tasks, such as next-step prediction in
seqguential data, the "label" is simply the subsequent element in the sequence. Another
example is the image-speci c pretext task of RotationNet [52], where images are randomly
rotated and the model is trained to predict the degree of rotation. In this case, the rotation
angle serves as the label, automatically generated as part of the data transformation.

Thus, self-supervised learning can be understood as a form of unsupervised learning
that leverages supervised training principles. It proceeds as if it were supervised, but
without requiring any human-labeled data.

10



2.1. DISTINCTION FROM RELATED LEARNING PARADIGMS

Figure 2.1: lllustrative examples of data conventionally suitable for semi-supervised (left)
and self-supervised (right) learning. The black dots represent unlabeled data points, while
colored dots represent labeled data, with each color corresponding to a distinct class. In
the semi-supervised setting, all the unlabeled points are assumed to underlyingly belong to
one of the same classes represented in the labeled data. This is typically not a requirement
for the self-supervised case, as illustrated by some points not meaningfully belonging to
any of the downstream classes.

2.1.2 Semi-Supervised Learning

To further complicate the taxonomy of learning paradigms, semi-supervised learning
introduces yet another variant that shares notable similarities with SSL. Semi-supervised
learning assumes access to an incompletely labeled dataset. That is, a dataset in which
only a (typically tiny) subset of the instances have associated labels, while the rest remain
unlabeled. This implies that both the labeled and unlabeled portions of the data are
assumed to be available simultaneously, and, crucially, that the unlabeled data is expected
to be sampled from the same marginal input distribution as the labeled data. By leveraging
the known labels, semi-supervised learning trains models to generalize across the unlabeled
examples, often through techniques such as consistency regularization or pseudo-labeling.
The intuition is that, as long as the unlabeled data is semantically aligned with the labeled
portion (i.e., not consisting of unrelated categories such as, e.g., pictures of cars when the
labeled dataset only consists of pictures of cats and dogs), its structure can help re ne
decision boundaries, thereby improving performance beyond what could be achieved using
the labeled subset alone [53]. The left side of Figure 2.1 illustrates an example of a simple
dataset adhering to the semi-supervised learning assumptions.

In contrast, the SSL training pipeline is separated into two distinct stages as previously

11



CHAPTER 2. SELF-SUPERVISED LEARNING

illustrated in Figure 1.1: a pretraining phase on a large unlabeled dataset solving the
pretext task, followed by a separate ne-tuning phase on a (usually much smaller) labeled
downstream dataset. Another distinction is that SSL does not require the unlabeled
pretraining data to come from the same distribution as the labeled downstream data.
In fact, it often does not [15]. This distinction is made on the right side of Figure 2.1,
which shows that some parts of the pretraining data may align well with the downstream
data (e.g., the red colored classes), while other parts may not at all align or only align
partially with the downstream classes. A representative practical example, which will be
revisited in the experiments of Chapter 6, is pretraining a model on the general-purpose
ImageNet dataset (decapitated of labels) [2], which contains over 1.2 million images across
a diverse range of natural images, and subsequently ne-tuning it on a narrower dataset
such as Oxford-IlIT Pets [54], which focuses on ne-grained image classi cation of cat
and dog breeds. In this case, the pretraining data distribution extends beyond that of
the downstream task, while some species present in the downstream dataset may also not
appear in the pretraining data.

SSL pretext tasks thus enable learning general-purpose feature representations from
a large-scale, heterogeneous, unlabeled dataset that are transferable across a multitude
of various downstream tasks. With these distinctions in place, we now turn to a concrete
type of pretext task to more closely examine how such general features can be achieved.

2.2 SImCLR: Contrastive Learning of Visual Representa-
tions

This section is based on [19] unless otherwise stated. The core focus will primarily lie on
image-based examples to maintain clarity of exposition. However, the core principles of
SimCLR are domain-agnostic and can be extended to any setting where meaningful data
augmentations can be de ned.

SImCLR trains a model to pull together di erent augmented views of the same image and
push apart views from di erent images. To succeed, the model must learn representations
that are invariant to super cial variations and capture the underlying semantic structure
of the input, which ideally are bene cial for downstream tasks. To create these distinct
views, stochastic data augmentations are applied to the input.

2.2.1 Data Augmentations

A central component in contrastive learning frameworks like SIMCLR is the use of data
augmentations to generate multiple distinct views of the same input image. These aug-
mentations introduce variability while preserving the underlying semantic content, enabling
models to learn representations that are invariant to such transformations. Commonly
used image augmentations in contrastive learning include the following [23]:

Random Resized Crop: Randomly crops a portion of the image and resizes it to
a xed size.

~

Horizontal Flip:  Flips the image horizontally.

Color Jittering: ~ Randomly alters brightness, contrast, saturation, and hue.
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2.2. SIMCLR: CONTRASTIVE LEARNING OF VISUAL REPRESENTATIONS

Figure 2.2: Example of augmentations. From the top left to the bottom right: Original
image, random resized crop, horizontal ip, color jittering, grayscale conversion, gaussian
blur, solarization, and lastly a random combination of the former augmentations.

Grayscale Conversion:  Converts the image to grayscale.

Gaussian Blur:  Applies a blur e ect on the image.

~

Solarization: Inverts all pixel values above a certain threshold.

These transformations are typically applied stochastically, meaning that each augmentation
is applied sequentially to each view with a prede ned probability. This stochasticity ensures
that the model is exposed to a diverse set of input variations over the course of training.
Figure 2.2 shows example augmentations applied to a single image. While the resulting
views may di er substantially at the pixel level, they remain semantically equivalent.

2.2.2 Network Architecture and Projection Mechanism

SImCLR processes each augmented view of an input through a shared backbone encoder to
extract intermediate feature representations. While SimCLR does not impose architectural
constraints on the backbone, convolutional networks such as ResNets [4] have shown strong
empirical performance. The resulting backbone output vectors are then passed through a
separate pretext head network, commonly referred to as the projection head in this context,
and is typically implemented as a multilayer perceptron (MLP) [55]. This projection head
maps features into a latent space wherein the contrastive loss is applied. The projection head
serves to decouple the task-speci ¢ contrastive objective from the backbone, encouraging
the backbone to learn general-purpose features. After pretraining, the projection head is
discarded, and only the backbone is retained for transfer to downstream tasks.

Figure 2.3 illustrates the overall framework with example pictures. The augmented
views are processed through the encoder and projection head to generate embeddings used
in the contrastive objective, which is discussed in the following subsection.
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CHAPTER 2. SELF-SUPERVISED LEARNING

Figure 2.3: Overview of the SImMCLR architecture. Two inputs X ; and X , are each
augmented twice to produce viewsX ¢, X 92and X 9, X 99 All views are then passed through

a shared backbone encoder followed by a shared projection head to produce projected views
29,2%729 and Z%° In the projection space, the contrastive loss encourages similarity
between projected positive pairs (e.g.Z 9, 299 while pushing apart representations of
projected negative pairs (e.g.,.Z$, Z 8). After training, only the backbone is retained and
used for downstream tasks.

2.2.3 The NT-Xent Loss Function

SimCLR's training objective is built on a contrastive loss that pulls together representations
of augmented views from the same image (positive pairs) and pushes apart those from
di erent images (negative pairs). This is formalized by the normalized temperature-scaled
cross entropy loss(NT-Xent).

that x5 1 and X are positive pairs fori =1;:::;N. Letf :R97! RY denote the model

backbone with trainable parameters andp : RY 7! RP the projection head with trainable

parameters . Then, the projected representations are achieved by
zi=(f p)xj); J=1;:102N:

For a positive pair with indexes i and j, the NT-Xent loss is then de ned as:

exp(sim(z;;zj)=)

: : 2.1)
N Lie ijexp(sim(zi;zi)=)

ij = logPp
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