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Motivation

Supervised Learning (SL) is heavily reliant on high-quality, manually labeled datasets.

In domains requiring expert knowledge, such as medical imaging, or for large-scale applica-

tions, manual labeling is often prohibitively expensive and time-consuming. Self-Supervised

Learning (SSL) addresses this limitation by developing useful data representations solely by

exploiting the inherent structure of available unlabeled data. However, the quality of these

representations in current state-of-the-art methods depends significantly on a fixed set of

heuristic image augmentations. These manual transformations may limit the model’s perfor-

mance and generalization capacity, which we believe might provide an improvement oppor-

tunity in the research of this area.
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Context

Supervised Learning (SL) is the traditional approach where models are trained on datasets

containing pairs of inputs and manual labels to learn the transformation between them. In

contrast, Self-Supervised Learning (SSL) is a paradigm where the model learns represen-

tations by identifying latent structures within unlabeled data through a ”pretext task”. In

computer vision, these tasks typically involve learning an encoder function ( fθ) that maps

an input image to a latent representation vector. To evaluate the quality of these learned

representations, the field uses downstream tasks, which are standard problems like image

classification that use a small set of labeled data. The effectiveness of the pretraining is usu-

ally quantified using the accuracy of a classification model trained on the encoder’s outputs.
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Term Definition

Supervised Learning (SL) A training paradigm in which a model learns the transfor-

mation between a set of inputs and their corresponding,

manually-labelled outputs.

Self-Supervised Learning (SSL) A method that learns data representations by exploiting the

inherent structure of unlabeled data, avoiding the cost of

manual labeling.

Encoder ( fθ) A neural network that maps an input to a latent representa-

tion vector.

Latent Representation A compressed, mathematical vector (embedding) that cap-

tures the semantic features of an image, allowing for seman-

tic operations in embedding-space.

Pretext Task An auxilliary task used to create a supervisory signal from

the structure of the data itself. In the case of non-contrastive

architectures, it is to reduce the distance between embed-

dings of differnt views of the same image.

Downstream Task A standard application, such as image classification, used to

test the quality and transferability of representations learned

during pretraining.

Augmentation A transformation applied to an image (e.g., cropping, flip-

ping, or rotating) to create different ”views” of the same

data point.

Backbone The primary architectural structure of the encoder, often a

standard model like ResNet-18.

Table 1: Definitions of fundamental Self-Supervised Learning concepts.
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Objectives and Hypothesis

The general objective of this work is to implement an architecture capable of learn-

ing adversarial transformations within the context of self-supervised learning. The novelty

lies in the combination of elements not previously used in this field, such as Spatial Trans-

former Networks (STNs) to learn differentiable transformations, and Gradient Reversal Lay-

ers (GRLs) to learn these transformations adversarially.

The specific objectives associated with this thesis project are to:

Develop the proposed architecture.

Benchmark the performance of the architecture against the state of the art.

Evaluate the impact of our modification’s parameters on model performance.

Perform a qualitative analysis of the learned transformations.

The main hypothesis guiding this work is the following:

Learning adversarial transformations during model training can lead to improved

generalization capacity of a self-supervised learning model’s latent representations,

providing an improvement opportunity versus the fixed set of canonical transformations

used in the current state of the art.
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Resumen

En años recientes, el Aprendizaje Auto-Supervisado (SSL) se ha destacado como un

valioso paradigma de aprendizaje automático, permitiendo que los modelos aprendan rep-

resentaciones visuales robustas sin depender de un costoso etiquetado manual. Para datos

visuales, las arquitecturas de SSL no contrastivo aprenden representaciones maximizando la

similitud entre las representaciones de vistas aumentadas de la misma imagen. Los métodos

actuales del estado del arte dependen de aumentos de imagen heurı́sticos, cuya calidad im-

pacta significativamente en el rendimiento final del modelo y en su capacidad de general-

ización. Proponemos una adaptación que integra el aprendizaje adversarial en el flujo de

trabajo de SSL para aprender transformaciones espaciales adversariales. Nuestra arquitec-

tura incorpora una Spatial Transformer Network (STN) para realizar aumentos de imagen

diferenciables, junto con una Gradient Reversal Layer (GRL). La GRL permite que la STN

se entrene de manera adversarial, maximizando la distancia entre embeddings, forzando ası́

al encoder a desarrollar caracterı́sticas robustas y mejorando la generalización. Evaluamos

nuestro enfoque incorporando el módulo adversarial en FastSiam, una arquitectura de SSL

del estado del arte. Nuestra arquitectura propuesta supera a los modelos actuales del estado

del arte en CIFAR10, convergiendo a las mejores evaluaciones previas en aproximadamente

un 40% menos de épocas, y estableciendo un nuevo record de 92.4% de precisión kNN a

partir del 90.2 alcanzado previamente por FastSiam.
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Abstract

In recent years, Self-Supervised Learning (SSL) has stood out as a valuable machine

learning paradigm, allowing models to learn robust visual representations without relying

on costly manual labeling. For visual data, non-contrastive SSL architectures learn repre-

sentations by maximizing the similarity between representations of augmented views of the

same image. Current state-of-the-art methods rely on heuristic image augmentations, the

quality of which significantly impacts the final model performance and generalization ca-

pacity. We propose an adaptation that integrates adversarial learning into the SSL pipeline to

learn adversarial spatial transformations. Our architecture incorporates a Spatial Transformer

Network (STN) to perform differentiable image augmentations, paired with a Gradient Re-

versal Layer (GRL). The GRL enables the STN to be trained adversarially, maximizing the

embedding-distance loss, thereby forcing the encoder to develop robust features, improving

generalization. We evaluate our approach by incorporating the adversarial module into Fast-

Siam, a state-of-the-art SSL architecture. Our proposed architecture outperforms the current

state-of-the-art models on CIFAR10, converging to previous best evaluations in roughly 40%

less epochs, and setting a new benchmark of 92.4% kNN accuracy from FastSiam’s previ-

ously attained value of 90.2.
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Chapter 1

Problem Definition

Supervised Learning (SL) is heavily reliant on high-quality, manually labeled datasets.

For domains like medical imaging, where annotation requires expert knowledge, or for large-

scale applications, manual labeling is often prohibitively expensive and time-consuming.

Self-Supervised Learning (SSL) addresses this limitation by developing useful data repre-

sentations solely by exploiting the inherent structure of available unlabeled data. The goal

of SSL is to learn a transferable latent representation z from a large dataset of unlabeled data

D = {xi}
N
i=1. This is done by defining a pretext task that creates a supervisory signal from the

data’s structure. The aim is to learn an encoder function, fθ : X → Z, parameterized by θ,

that maps an input image x ∈ X to a representation vector z ∈ Z. The utility of the learned

representation z is measured by its transferability to downstream tasks, meaning its perfor-

mance on standard computer vision problems using labeled data. After the self-supervised

pretraining phase, the encoder network fθ is typically frozen. A simple, lightweight classi-

fier, such as a linear evaluator (a single fully-connected layer), is placed on top of the frozen

encoder output. This linear layer is then trained exclusively using a small set of labeled data

specific to the downstream task. The quality of the representations is quantified by reporting

standard metrics on these tasks, most commonly the Top-1 and Top-5 classification accura-

cies. A higher accuracy indicates that the features learned during the self-supervised pretext

task capture the semantic information present in the images.
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Chapter 2

Related Work

2.1. Non-contrastive Self-Supervised Learning Architectures

Non-contrastive SSL represents the current state-of-the-art in self-supervised computer

vision. Unlike early contrastive architectures [4, 10], which require identifying and pushing

apart embeddings of negative pairs (different images) while pulling together positive pairs

(augmented views of the same image), non-contrastive methods [9, 5, 11, 2] achieve robust

representation learning without relying on negative pairs. Non-contrastive architectures em-

ploy a Siamese-like structure consisting of two identical neural networks (encoders), often

termed the online network ( fθ) and the target network ( fθ′) (see Fig 2.1). The architecture’s

pretext task is to produce the same output embedding for two differing views of the same

input image.
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Figure 2.1: SimSiam [5]

The online network’s weights, θ, are updated via gradient descent to minimize the loss,

while the target network’s weights, θ′, are updated solely using a momentum-based moving

average of the online network’s weights. This asymmetry, combined with a prediction head

present only on the online branch, are the key mechanisms used to prevent trivial solutions

known as representational collapse [9]. The two views, v and v′, of the input image are

produced using a set of canonical stochastic image augmentations, such as rotation, zoom

and cropping. By minimizing the distance between the embeddings of these two views,

the encoder is pushed towards learning latent features that capture the semantic content of

training images.

Current state-of-the-art architectures

Non-contrastive SSL methods differ primarily their training objectives, despite sharing

the common architecture of having a prediction (or student) branch and a target (or teacher)

branch.

BYOL (Bootstrap Your Own Latent) [9]: The standard non-contrastive architecture. It

adapts SimCLR’s [4] contrastive architecture but omits the concept of negative pairs. The

target network’s weights are not updated by gradients but are instead a momentum-based

moving average of the online network’s weights. This asymmetry, combined with a pre-

diction head and a stop-gradient operation, prevents the model from collapsing into trivial

9



solutions.

SimSiam [5]: A further simplification of BYOL, SimSiam uses identical encoders with

shared weights. It demonstrates that the momentum encoder is not strictly necessary for

stability. Instead, it relies entirely on the asymmetry created by the prediction head on one

branch and a stop-gradient on the target branch to learn meaningful features.

SwAV (Swapping Assignments between Views) [1]: SwAV introduces a clustering-

based pretext task. Instead of comparing embeddings directly, it computes a ”code” (cluster

assignment) for one view and predicts that code from the other view. By enforcing a consis-

tency constraint between assignments across different views, the model learns features that

capture the underlying semantic categories of the data.

Barlow Twins [20]: Unlike the previous methods that focus on architectural asym-

metry, Barlow Twins turns the training objective into an Information Bottleneck problem,

maximizing the embedding’s information correlated with the views and minimizing the in-

formation correlated with the augmentations.

DINO (Self-distillation with no labels) [2]: DINO reinterprets the student-teacher frame-

work through the lens of self-distillation, though the architecture remains identical to other

non-contrastive methods. The main contribution of DINO is to use a vision transformer as

an encoder instead of the standard ResNet, which produces properties such as semantic im-

age segmentation. Due to the vision transformer’s training requirements, it mainly works for

longer training times than other methods.

FastSiam

As this work focuses on the application and modification of the FastSiam architecture,

a detailed explanation of the architecture is presented. FastSiam [11] is a non-contrastive

Self-Supervised Learning method that extends the simpler SimSiam architecture to achieve

faster convergence and resource efficiency. In FastSiam, the prediction branch processes an

input by generating an augmented view by randomly sampling a set of transformation T , and

applying them to an image v = T (x), then passing it through an encoder ( f ) and a prediction

10



head (h) to produce an embedding p:

p = h( f (v(x)))

The target branch processes one or more augmented views through a copy of the prediction

branch’s encoder ( f ). A stop-gradient operation is applied to the target branch output, z,

meaning its weights are not updated by the loss gradient. The weights of the prediction

branch are updated via backpropagation from a negative cosine similarity loss between both

branches outputted vectors:

L(z, p) = −
p
||p||2

·
z
||z||2

FastSiam’s key innovation is in how it reduces the effect of target instability in training.

Instead of using just one augmented crop (view) for the target as in SimSiam, FastSiam uses

K views (K = 3 being standard practice), and takes the mean of the outputted target vectors

as the final target with which to calculate the loss. Thus, the loss function is defined as

follows:

L(p, z1, z2, ...zK) = −
p
||p||2

·
z
||z||2

with

z =
1
K

K∑
i=1

zi

This ensemble of views stabilizes the training target by providing a more reliable estimate

of the underlying feature distribution’s mean value, reducing the standard error of the mean.

By stabilizing the training target, FastSiam achieves faster convergence than all other state-

of-the-art methods, and performs well even with small batch sizes on a single GPU.

2.2. The Role of Augmentations in SSL

[16] propose a standardized framework to unify the current state-of-the-art SSL archi-

tectures into a single template. The authors compare several SSL methods and find that

many algorithmic additions, such as prediction heads and novel loss functions, have a minor

impact on downstream task performance, while enhanced augmentation techniques provide

more significant improvements.
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Figure 2.2: A unified framework for SSL architectures [16]

Image augmentations provide the learning signal in SSL architectures by eliminating

spurious features in the training data while maintaining semantic content. The augmenta-

tions must therefore be non-trivial while also remaining strong enough to provide a learning

signal. Weak or trivial transformations lead to representational collapse, where the network

predicts the same vector for any input, while augmentations that are too disruptive will im-

pede proper representation learning. The augmentations used in both SimSiam and FastSiam

are as follows:

Random resized crop

Random horizontal flip

Color jitter

Random gray scale

Gaussian blur
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2.3. Spatial Transformer Network (STN)

The main obstacle in learning spatial augmentations from data is requirement of dif-

ferentiability. The Spatial Transformer Network (STN) resolves this by providing a module

capable of performing geometric transformations within the network, allowing parameters

to be learned via backpropagation. An STN has three components:

2.3.1. Localization Network

The Localization Network θ = floc(U) takes an input feature map U and regresses a set

of parameters θ that define the spatial transformation to be applied. For affine transforma-

tions, θ is a six-dimensional vector used to construct the 2 × 3 transformation matrix Aθ.

Aθ =

θ11 θ12 θ13

θ21 θ22 θ23


2.3.2. Grid Generator

The Grid Generator uses the transformation matrix Aθ to generate a sampling grid G,

which is a set of points where U should be sampled to produce the transformed feature map

V . This mapping is formally defined by a matrix product:

xs
i

ys
i

 = Aθ


xt

i

yt
i

1

 (2.1)

Where (xt
i, y

t
i) are normalized coordinates such that xt

i, y
t
i ∈ [−1, 1]. Notation: The s in (xs

i , y
s
i )

corresponds to a source pixel, with the t superscript denoting a target pixel.
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2.3.3. Sampler

To produce the output pixel value Vc
i at location (xt

i, y
t
i) for channel c, the sampler applies

bilinear interpolation at the calculated source coordinates:

Vc
i =

H∑
n

W∑
m

Uc
nm max(0, 1 − |xs

i − m|) max(0, 1 − |ys
i − n|)

This sum effectively identifies the four nearest neighbor pixels to (xs
i , y

s
i ) and performs a

weighted average based on distance.

Figure 2.3: Spatial Transformer Network [12]

Transformation Learning

To train the localization network, the gradient of the loss is propagated through the

sampler. Following the chain rule, the gradient with respect to the input coordinates xs
i is:

∂Vc
i

∂xs
i
=

H∑
n

W∑
m

Uc
nm max(0, 1 − |ys

i − n|) ×


0 if |m − xs

i | ≥ 1

1 if m ≥ xs
i

−1 if m < xs
i

(With an analogous equation for ∂V
c
i
∂ys

i
). Finally, to update the parameters θ of the localization

network, we use:
∂L

∂θ
=

∑
i

(
∂L

∂Vi

(
∂Vi

∂xs
i

∂xs
i

∂θ
+
∂Vi

∂ys
i

∂ys
i

∂θ

))
14



Where i denotes the i-th pixel. Since xs
i is a linear function of θ (from Section 2.3.2), the

term ∂xs
i
∂θ

simplifies to the corresponding coordinate from the target grid (xt
i, y

t
i, 1).

2.4. Gradient Reversal Layer (GRL)

The Gradient Reversal Layer (GRL) is a specialized layer in a neural network designed

to flip the sign of the gradient during backpropagation. It is typically used to enable two

components of a network to be trained with opposing objectives, such as in [8]. During the

forward pass, the GRL acts as an identity function:

F (z) = z

This ensures that the layer does not distort the data signal or interfere with the primary

objective being calculated by the loss function downstream. During the backward pass,

the GRL inverts the gradient with a parameter λ to control the magnitude of the reversed

gradient:

GRL
(
∂L

∂z

)
= −λ ·

∂L

∂z

2.5. Relationship to Existing Methods

Current research on automatic augmentation focuses on searching through the param-

eter space of a discrete set of canonical transformations [6] [14]. The set of augmentations

is the same as the set of stochastically applied transformations used in all SSL architectures,

however, SSL architectures eliminate the need of searching for optimal parameters by sam-

pling through the complete search space; all possible rotations, for example.

Our method can be seen as a generalization of Contrastive Learning (CL) [13] [19], in

which adversarial samples are obtained by randomly sampling a set of parameters for fixed

transformations, and selecting the subset with the highest loss. [7] extends this with a pair of

novel, but deterministic views. With respect to spatial augmentations, our architecture acts

similarly (maximizing the loss of the encoder w.r.t the augmentation parameters) when using

15



the set of affine transformations common to SSL architectures. However, with our approach,

we can learn from any set of differentiable transformations, as will be shown in section 3.2.

The combination of a Spatial Transformer Network (STN) with a Gradient Reversal

Layer (GRL) stems from research in the field of domain adaptation, in which models are

trained to become invariant to domain shifts in a dataset’s distribution. [8] introduce the

GRL to train a model to learn domain-independent latent features, while [18] expand on the

concept by also introducing an affine-transformation STN for data augmentation. However,

our approach presents the first time this combination has been applied to the problem of

self-supervised representation learning, while also being the first to extend the set of SSL

augmentations beyond affine transformations, into learnable non-linear transformations.
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Chapter 3

Proposed Method: Adversarial

Transformation Learning

This section presents our proposed architecture. We provide a geometric motivation

borrowing from Vicinal Risk Minimization [3] to justify the architectural design, followed

by a description of the module components and training objective.

3.1. The Manifold Hypothesis

Let X ⊆ Rd represent the high-dimensional input space of all possible images. Fol-

lowing the manifold hypothesis, natural images are assumed to be supported on a low-

dimensional manifold M ⊂ X, where dim(M) ≪ d. We define the data-generating dis-

tribution as a probability measure Pr supported onM. In a finite dataset D, we only access

an empirical distribution P̂n, represented as a sum of Dirac delta functions at the training

samples {xi}
n
i=1 [3]:

P̂n =
1
n

n∑
i=1

δxi

Since P̂n consists of isolated samples onM, it provides a sparse approximation of the under-

lying data manifold. This sparsity limits the ability of learned representations to generalize
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to unseen but semantically valid variations of the data.

3.2. Data Augmentations as Empirical Support Extensions

We define a data augmentation as a set-valued mapping V : X → X that associates

each sample xi with a local neighborhood V(xi). We assume that a quality augmentation sat-

isfies the coherence property: V(xi) ⊆ M, ensuring that augmented samples remain on the

natural image manifold. This is important, as severe augmentations may push the outputted

image outside of it. Augmentations that satisfy this property effectively expand the empiri-

cal support of the dataset by replacing each isolated sample with a local region onM. This

increases the sampling density of the empirical distribution and reduces gaps between ob-

served regions of the manifold. From this perspective, augmentations improve the geometric

coverage ofM rather than modifying the underlying data-generating distribution. While the

standard affine transformations used in SSL architectures explore a restricted subspace of

the manifold, non-rigid transformations such as Thin Plate Splines (TPS) allow for localized

deformations. We hypothesize that such transformations enable exploration of additional

subspaces on M that are underrepresented by the set of canonical augmentations used in

SSL architectures.

3.3. Coherent adversarial transformations increase empir-

ical support

Our architecture combines a Spatial Transformer Network (STN) with a Gradient Re-

versal Layer (GRL) to learn adversarial transformation parameters:

θ∗ = arg max
θ∈Θ
L( f ,Tθ(x)).

Applying only a single adversarial transformation per sample yields a new empirical distri-

bution which remains discrete and does not resolve empirical sparsity. In this case, probabil-

ity masses are displaced on the manifold without increasing coverage. To address this, we
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introduce a stochastic linear interpolation between the control points of the identity transfor-

mation and those of the learned transformation:

Tfinal = (1 − α)I + αTθ∗ , α ∼ Uniform(0, 1).

Sampling α expands each training sample into a continuous one-dimensional trajectory on

M, connecting the original sample to its strongest adversarial deformation. This construc-

tion exposes the encoder to a set of semantically valid variations (assuming Tθ is coherent),

increasing local coverage and reducing gaps in the empirical support. Furthermore, as the

TPS transformations are learned adversarially, they provide support to the least represented

sub-spaces of Pr, extending the empirical support of the dataset.

3.3.1. Validity of linearly interpolating Thin Plate Splines transforma-

tions

For fixed source control points and kernel, a TPS transformation is linear in the target

control point coordinates. If we define the identity transformation by a set of source control

points P and the adversarial transformation by target points P∗, any linear interpolation of

the control points:

Pα = (1 − α)P + αP∗

results in a valid TPS transformation that represents a smooth, intermediate state of the warp.

Figure 3.1: Linear interpolations of a TPS transformation for a CIFAR10 image
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3.3.2. Unbiased linear interpolation

Using the previous formulation for the linear interpolation of control points introduces

bias in the data perceived by the encoder. Given that α is sampled uniformly, the expected

parameters become:

E[θα] =
θid + θ

2

If the localization network floc produces a biased output θ, the ”mean” image seen by the

encoder during training is effectively shifted away from the original distribution. This is not

the case for most stochastic transformations, such as rotations and translations, which are

zero-centered. Since the encoder minimizes the loss over the expected distribution of α, it

will fit to this ”average distortion”. When the learned transformation is consistently biased

and not centered around the identity, we introduce a domain shift at test time, which actually

decreases the model’s accuracy on clean test data. To ensure that the extended empirical

support remains centered around the true data manifold, we reformulate our interpolation as:

Tfinal = (1 − α)I + αTθ∗ , α ∼ Uniform(−1, 1).

Which has the benefits of being zero-centered: E[θα] =
θα=−1 + θα=1

2
= θid and also doubles

the span of the sampled trajectory onM, further extending support.

Figure 3.2: Left to right: A learned transformation, the identity, and the learned transforma-

tion’s inverse, corresponding to α values of 1, 0 and -1 respectively. Generally, compressed

areas become expanded, and vice-versa.
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3.4. Proposed Architecture

This section provides a breakdown of our architecture’s forward pass from loss function

to inputs. While we adopt most elements from FastSiam [11], their descriptions are included

for completeness. For a visual summary of the architecture’s structure, see Fig. 3.3.

Optimization Objective

The model is trained by minimizing a Negative Cosine Similarity (NCS) loss. For an

image n used to generate V stochastic views {xn,1, xn,2, . . . , xn,V}, the lossL for a specific view

i of image n is defined as:

Ln,i = D(pn, z̄n)

WhereD is the negative cosine similarity: D(p, z) = − p·z
∥p∥2·∥z∥2

.

Branch Definitions and Asymmetry

The model consists of a backbone encoder f , a projection head g, and a prediction head

h. The architecture is comprised of two branches:

1. The Prediction Path (pn,i): Processes the adversarially transformed view through all

three components:

pn = h(g( f (x̃n)))

where x̃n is the output of the STN.

2. The Target Path (zn, j): Processes stochastically transformed views through the en-

coder and projection head only:

zn = g( f (xn, j))

The reference target for view i is the mean of the embeddings of the other V −1 views:

z̄n =
1

V − 1

∑
j,i

zn, j
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The transformed input x̃n is the result of applying a TPS transformation to the view xn

using an STN:

x̃n = STNθα(xn)

Where the parameters θα are determined by the localization network floc and a stochastic

linear interpolation with the identity parameters θid:

θα = (1 − α)θid + αθ

θ = floc(xn)

α ∼ Uniform(0, 1)

Figure 3.3: Summary of our architecture, which follows the structure of FastSiam but adding

an adversarial learning component through the composition of an Spatial Transformer Net-

work and a Gradient Reversal Layer
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Chapter 4

Experimental Setup

This section describes the experimental setup used to evaluate the proposed architecture,

including the datasets, evaluation metrics and technical implementation details.

4.1. Datasets and Metrics

We conduct our primary experiments on the CIFAR-10 dataset, which consists of 60,000

32 × 32 color images distributed across 10 balanced classes. We report test-set accuracy of

a kNN model trained on the fixed CIFAR10 train set of 50,000 images and evaluate on the

standard test set of 10,000 images with k = 200. The dataset preprocessing, evaluation

metrics and base FastSiam implementation are taken directly from the official Lightly SSL

benchmarks [17].

We additionaly report results on Imagenette, a subset of 10 classes from ImageNet,

that we downsample to (48,48) resolution. As Lightly does not provide a benchmark for

this version of the dataset, we compare our architecture only with the default FastSiam im-

plementation. We report test-set accuracy of a kNN model trained on the fixed Imagenette

train set of 9469 images and evaluate on the standard test set of 3925 images with k = 200.

We also train a linear classifier for 50 epochs and report the top-1 and top-5 classification

accuracies, following standard linear probing methodology.
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4.2. Implementation Details

We implement the model using PyTorch Lightning. The encoder f utilizes a ResNet-

18 backbone modified for 32 × 32 (or 48 × 48) inputs by removing the initial max-pooling

layer and reducing the stride of the first convolution, following standard CIFAR10 ResNet

adaptations [15].

Projection Head (g): A 2-layer MLP [512, 512]. Both layers use Batch Normalization.

ReLU activation is applied only after the first layer.

Prediction Head (h): A bottleneck 2-layer MLP [512, 128, 512]. The 128-dimensional

hidden layer includes Batch Normalization and ReLU. The output layer has no activation

function.

STN Architecture

The localization network floc is a convolutional neural network with the following struc-

ture:

Layer 1: Convolutional layer with 8 filters (7 × 7 kernel), followed by 2 × 2 Max-

Pooling and ReLU activation.

Layer 2: Convolutional layer with 10 filters (5 × 5 kernel), followed by 2 × 2 Max-

Pooling and ReLU activation.

Layer 3: Fully connected layer mapping the flattened 160-dimensional feature vector

to 32 hidden units with ReLU activation.

Output Layer: A final linear layer regressing N parameters, representing the (x, y)

coordinates for the learnable control points.

All convolutional and hidden linear weights are initialized to zero. The output layer bias is

initialized to the set of control points that produce the identity transformation.
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TPS Configuration

Control Points

We utilize a grid of N = 16 control points. Importantly, to maintain image boundary integrity,

the control points located on the edges of the image remain fixed and unlearnable, while the

inner control points are regressed by the localization network. As such, the output layer of

the STN only needs to regress 8 of the 16 control points (see Fig. 4.1).

Figure 4.1: Initial configuration of TPS control points. Boundary points are fixed, whereas

internal points are learnable.

Displacement Clamping

To prevent the STN from learning severely destructive warps that would break the coherence

property, we introduce a parameter dmax to clamp the regressed displacements to a maximum,

relative percentage-wise to the image dimensions (see Figure 4.2).
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Figure 4.2: The severity of TPS transformations depends on the maximum allowed relative

displacement, dmax. Images shown from left to right, for values [0, 0.05, 0.1, 0.25]

Optimization

Following FastSiam’s training configuration, we use Stochastic Gradient Descent (SGD)

with the following hyperparameters:

Base learning rate: 0.06

Momentum: 0.9

Weight decay: 5 × 10−4

Learning rate schedule: Cosine annealing over the total number of epochs.
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Chapter 5

Results

We compare our proposed model against the standard FastSiam architecture to isolate

the effects adversarial transformations have on the quality of learned representations. We run

our experiments on an NVIDIA T4 GPU with 16 GB GDDR6 and 4 vCPUs, with training

for 200 epochs taking roughly 8 hours.

5.1. Performance Comparison

All results shown use the following hyperparameters unless specified:

λ = 1

batch size = 128

epochs = 200,

dmax = 0.15.

At the end of every epoch we embed all training images and use the features for a kNN

classifier with k=200 on the test set. Evaluations are performed by embedding the training
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image set and using the features for a kNN classifier with k = 200 on the test set. Figure 5.1

shows the following sets of results:

Default: The default FastSiam implementation, with no STN or GRL components

added.

Beneficial Transformations: Using λ = −1 to essentially omit the GRL from the

architecture, allowing the STN to learn beneficial transformations that minimize the

loss.

Disabled random interpolation: Here, a single adversarial transformation per image

is learned and applied deterministically.

Biased random interpolation: Here, we enable random interpolation with α ∈ [0, 1].

Our Proposed Architecture: Our architecture as previously described, using unbi-

ased random interpolation with α ∈ [−1, 1].
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Figure 5.1: Test set training curves for the CIFAR10 dataset. Accuracy is calculated by

training a kNN classifier with k = 200 on the encoder f ’s train-set embeddings, and applying

it to the test set.

Analysis of Results

Disabling random interpolation leads the model’s generalization capacity to worsen as

training goes on. This can be understood geometrically, as the δxi of each data point is dis-

placed outside of the data-generating distribution’s manifold, thus reducing empirical support

(see Fig 5.2).
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Figure 5.2: Single, deterministic adversarial transformations push the empirical data outside

of the data-generating distribution, reducing empirical support.

Once we enable biased random interpolations, we see a stark improvement. However,

despite the model’s initially increasing accuracy, convergence leads the model to worse eval-

uations in the test set. This makes sense, as the encoder initially learns robust features

through a near-identity STN, but later converges to a mean transformation which is unaligned

with the clean images present in the test set, as discussed in section 3.3.2.

Beneficial transformations train similarly to the default FastSiam model, though pre-

senting slower initial growth. This is due to the STN slightly facilitating the task of predict-

ing similar vectors between branches. As empirical support does not significantly change due

to near-identity learned transformations, the resulting generalization capacity of the encoder

remains roughly equal to that of the default FastSiam architecture. Finally, our proposed

architecture, using unbiased learned adversarial transformations, sets a new benchmark for

SSL architectures on CIFAR10, with a 200-epoch maximum kNN accuracy of 92.40 against

the current SOTA of 90.06 for FastSiam. Our architecture also reaches the maximum ac-

curacy of FastSiam in roughly 40% less epochs (epoch 115 vs epoch 190). As the only

architectural additions are a shallow convolutional regressor in the STN and a small linear

system resolution from TPS, per-epoch training times remain roughly equal.
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Figure 5.3: Stochastic, interpolated adversarial transformations extend empirical support

towards the limits of the natural image manifold, increasing coverage. The ratio of coherent

to non-coherent transformations is proportional to dmax.

We report our primary results and a comparison with the state of the art on CIFAR-

10 using the LightlySSL benchmark 5.1. We complement these results with a one to one

comparison of our architecture with FastSiam on a secondary dataset, Imagenette, which is

a subset of ImageNet that we sampled at (48, 48) pixels to validate the robustness of our

solution 5.2, with the associated training curves 5.4.
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Model Backbone Batch Size Epochs kNN Top 1

BarlowTwins Res18 128 200 0.842

BYOL Res18 128 200 0.869

DCL Res18 128 200 0.844

DCLW Res18 128 200 0.833

DINO Res18 128 200 0.84

FastSiam Res18 128 200 0.906

Moco Res18 128 200 0.838

NNCLR Res18 128 200 0.834

SimCLR Res18 128 200 0.847

SimSiam Res18 128 200 0.819

SwaV Res18 128 200 0.812

SMoG Res18 128 200 0.743

Ours Res18 128 200 0.924

Table 5.1: Benchmark results provided by LightlySSL for CIFAR10. We use the same con-

figurations and dataloaders to guarantee comparability.

Model Backbone Batch Size Epochs kNN Top 1 Lin. Top 1 Lin. Top 5

FastSiam Res18 128 200 0.847 0.8443 0.9827

Ours Res18 128 200 0.871 0.8823 0.9860

Table 5.2: Direct comparison between our architecture and FastSiam on Imagenette sampled

at (48,48) resolution. Linear probing results were obtained after 50 epochs of training on the

frozen backbone.

32



Figure 5.4: Test set training curves for the Imagenette dataset. Our architecture reaches

the default FastSiam implementation’s 200th epoch accuracy in roughly half the amount of

epochs; consistent with performance on CIFAR10.
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5.2. Qualitative Analysis of Learned Transformations

When using positive values for the GRL’s λ parameter, learned transformations distort

the input images as far as the parameter dmax allows (see Figures 5.5 and 5.6).

Figure 5.5: A set of transformations learned after 200 epochs, with λ = 1 and dmax = 0.1.

The transformations maintain semantic information while hindering recognition.
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Figure 5.6: A set of transformations learned after 200 epochs, with λ = 1 and dmax = 0.25.

The transformations become incoherent, destroying most semantic information.

We also try learning beneficial transformations using λ = −1. In this case, the STN does

not learn any transformations, maintaining the initial identity configuration (see Fig. 5.7).

This is expected, as the STN learns to output whichever image is closest to the average of all

stochastic transformations applied in the target branch. As the stochastic transformations are

zero-centered, this average image is the identity.
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Figure 5.7: A set of transformations learned after 200 epochs, with λ = −1, and dmax = 0.1.

The final learned transformation approximates the identity.
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5.3. Sensitivity Analysis of the α parameter

While sampling α from U(−1, 1) produces an unbiased set of input images, it doesn’t

guarantee that the non-linear encoder’s outputs are also unbiased around α = 0. To measure

the drift in latent representations, we measure the response of the encoder’s embeddings as

a function of α.

For a set of N images, we establish the clean reference in latent space by passing each

image through the encoder f and projection head g without applying spatial transformations

(α = 0), producing a set of embeddings zid. We then sample a grid of M values of α ∈ [−1, 1]

to obtain a set zα.

For each corresponding (zid, zα) pair, we measure the Cosine Similarity and Euclidian

distance, as well as the encoder’s loss. We calculate the mean and variance over the batch of

N images to measure the sensitivity of the model to the parameter α.

Figures 5.8, 5.9 and 5.10 shows the aforementioned metrics of our sensitivity analysis

with N = 100 images, and M = 1000 alpha values.

We observe a very symmetrical response around the identity transformation (α = 0),

validating that our unbiased linear interpolation leads to unbiased learned representations.

The mean cosine similarity remains consistently high (above 0.85) across the entire range

of α, indicating that the backbone encoder has learned representations that are robust to

relatively strong transformations.
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Figure 5.8: Cosine similarity between α-transformed embeddings and their corresponding

base images. We note how similarity is roughly symmetrical around α = 0: Adversarial,

α > 0 embeddings are roughly as distant from the base image as their inverse, alpha < 0,

counterparts.

Figure 5.9: Euclidian distance between α-transformed embeddings and their corresponding

base images. Distance between embeddings is proportional to the magnitude of α, with their

being no particular bias towards negative or positive values.
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Figure 5.10: Encoder Loss between a batch of α-transformed embeddings and their corre-

sponding base images. Loss is also symmetric around α = 0 and roughly proportional to the

magnitude of α, showing that stronger adversarial and inverse transformations effectively

increase the encoder’s loss.

5.4. Effects of dmax on model performance

We run our architecture on Imagenette for dmax ∈ {0.05, 0.15, 0.3, 0.5, 0.75, 1} to see the

effect this parameter has on model performance (see Table 5.3 and Figure 5.11).
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Figure 5.11: Training curves on Imagenette with varying values of dmax

dmax kNN Accuracy

0 0.847

0.05 0.870

0.15 0.871

0.3 0.878

0.5 0.809

0.75 0.629

1 0.594

Table 5.3: Imagenette best-accuracy per dmax threshold. 0 behaves identically to the default

FastSiam implementation, as no displacement is allowed. Small values produce a large im-

provement, with larger values eventually being counterproductive as image coherence is lost.

While larger values of dmax perform relatively well, this behavior is not transferable to

CIFAR10, as values higher than 0.5 lead to a stark collapse in performance. The optimal

value for dmax will likely depend on each dataset’s feature granularity and image resolution.
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Chapter 6

Conclusions

In this work, we presented a novel adaptation that learns adversarial transformations to

improve the generalization capacity of SSL architectures. As the module is self-contained, it

can be added to any Siamese, self-distillation or teacher-student SSL architecture to improve

generalization capacity and convergence speed, with no increase in training times. Our re-

sults validate the hypothesis that adversarial transformations can be leveraged to improve a

model’s latent representation quality. We have also empirically demonstrated the relevance

of using zero-centered, unbiased transformations for data augmentations, a fact that should

be considered for future heuristic or automatic transformation design.
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Chapter 7

Future Work

We propose a few directions in which our proposed architecture may be driven to further

improve performance.

Gaussian Sampling over unbounded transformations

We require the hyperparameter dmax to bind the range of transformations into a coherent

set. We may remove this parameter by allowing arbitrarily strong transformations and using

α ∈ N(0, 1). This would also be an unbiased transformation set, but with the additional

property of having transformation-severity be inversely proportional to it’s probability, which

should be congruent with the data-generating distribution.

Stabilizing the prediction branch’s output

FastSiam saw tremendous improvement over SimSiam by averaging the predicted vec-

tors of each set of stochastic transformations. The same procedure could be applied to our

architecture’s prediction branch to stabilize it’s output to the mean of the learned transfor-

mation’s linear interpolation. This may provide a more stable learning signal to the encoder,

accelerating convergence.
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Learning input-specific transformations

After training, the STN’s outputs are roughly constant with respect to it’s inputs, pre-

senting near zero variance in the regressed output matrix. The STN seems to converge to

a local optimum of learning a constant transformation that maximizes the average loss over

each image batch. This may be improvable by working with more TPS control points and a

deeper STN architecture.
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