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1
           Introduction

1.1 MOTIVATION AND CONTEXT

,௜ݔ)  ௜) drawn from anݕ

unknown distribution D(X,Y), the goal is to find a hypothesis or model ℎ(ݔ) within a hypothesis 

class ℋ that minimizes the expected risk:ܮ(ℎ) = ॱ(௫,௬)∼௉[ℓ(ℎ(ݔ), ,[(ݕ
where ℓ is a loss funcƟon (e.g., squared loss cross-entropy).
Because of the fact that true distribuƟon ܲ is unknown, we minimize the empirical risk by:ܮ௡(ℎ) = 1݊ ∑ ℓ(ℎ(ݔ௜), ௜).௡ݕ

௜=1
 so that the model generalizes well to ,(ℎ)ܮ ௡(ℎ) andܮ

unseen data. Historically, learning theories emphasize controlling model capacity to ensure 

generalization to unseen data.
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table shows the progression of OpenAI’s GPT

1.2 CHALLENGES AND STATE OF THE ART
1.2.1 Challenges

Despite a remarkable success of deep learning, explaining why highly 

overparameterized networks generalize remains an open scientific question. This 

paradox is concentrated at the intersection of statistics (how much data is required?), 

optimization (why SGD finds good solutions in a non-convex regime?) and Information 

theory (what do networks keep or discard from data?). The key challenges that arise in 
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this context can be group as theoretical, experimental and industrial, which will be 

further discussed in Chapter 5.

Classical Perspective

1.2.2 State of the Art
Current work in deep learning theory

1. Optimization-driven generalization: There are several research in the field of SGD 

(Stochastic Gradient Descent), learning rate schedules, batch size, and noise 

implicitly push the model toward flatter and low complexity solutions. 

2. Infinite or wide networks: Using theories like NTK (Neural Tangent Kernel) 

explains how very wide networks behave linearly and therefore are easier to 

analyze.

3. Data representation views: There have been arguments that real data actually lie on 

low dimensional manifolds. So, it has been suggested that “real complexity” is 

actually very low. 

Around 2017, first systematic paper by Zhang et al., which was widely recognized, 

demonstrated that deep neural networks which are highly overparameterized and yet 

generalize well on real data. So, the contradiction that networks can memorize pure 

noise yet still they perform well on real data, indicating that data structure and 

optimization jointly influence generalization.  It framed the puzzle, why do these 

models generalize at all? This paper clearly established the paradox of 

overparameterization and generalization in deep learning [1].

This behavior, now known as double descent, indicates that test error initially decreases 

and then increases near interpolation which is called overfitting but surprisingly it 

finally decreases again as models become extremely overparameterized [2]. This 

phenomenon contradicts classical intuition and generalization theorems.

Modern explanations have emerged, such as:

• Implicit regularization
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• Flat minima hypothesis

• PAC-Bayes Generalization theory

• Neural Tangent Kernel (NTK) analysis

• Information Bottleneck theory

Each of these theories offers partial perspective on why large networks generalize.

1.3 CONTRIBUTION OF THIS THESIS

1.4 THESIS STRUCTURE OVERVIEW

This thesis is divided into six chapters, each addressing an essential component of the research:

Chapter 1: Introduction — Provides an outline of the existence of the gap in the research and 

how the classical statistical method is learnt. This includes background, motivations, and 

explains why paradox of overparameterization challenges classical statistical learning theory 

and introduces the modern context in which deep neural networks succeed despite massive 

parameter counts and thus presents the basis for the study.

Chapter 2: Classical Statistical Generalization Theory — Reviews classical generalization 

theories like VC dimension, PAC learning, and the bias-variance trade-off and analyzes why 

they cannot capture the generalization bounds of neural networks.  

Chapter 3: The Modern Generalized Paradox and Regularization — Explains the paradox 

that exists in theoretical analysis of generalization of overparameterized neural networks with 

implicit and explicit regularization frameworks and explains the modern theories that tries to 

explain this paradox.

Chapter 4: Over-Parameterization in Modern Foundation Models — This chapter acts as 

bridge in connecting over-parameterization theories to modern foundational models such as 

GPT and Gemini.

Chapter 5: Challenges and Open Problems— This chapter discusses open theoretical, 

experimental and industrial challenges and proposes some open research questions.
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Chapter 6: Conclusion and Future Work — The thesis concludes with this final chapter 

which includes findings, contribution, insights and future work.

Together, these chapters build a comprehensive narrative that walks the reader from problem 

identification to the realization that overparameterization once seen as a curse helps in 

generalization. This structure ensures clarity, logical progression, and alignment with academic 

standards.
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2
Classical Statistical Generalization Theory

The concepts presented below were viewed as the dominant explanations for generalization. 

The theories characterized learning as the process of minimizing empirical risk by controlling 

the model capacity to prevent overfitting [16].

2.1 EMPIRICAL RISK MINIMIZATION

Empirical risk minimization assumes that the hypothesis minimizing the empirical error will 

also minimize true error given that the hypothesis class ℋ is finite. 

As described in section 1.1 of chapter 1 Introduction, how the learner minimizes the empirical 

risk, and the learning algorithm returns ℎ∗ = arg min ℎ∈ℋ .௡(ℎ)ܮ
generalization gap |ܮ(ℎ∗) − .௡(ℎ∗)| quantifies how well the model performs on unseen dataܮ

2.2 PAC LEARNING

The PAC (Probably Approximately Correct) framework formalizes learning under uncertainty. 

A hypothesis class ℋ is PAC-learnable if, for any accuracy ߳ > 0 and confidence 1 −  an ,ߜ

algorithm can find ℎ ∈ ℋ such that P(error(h)> ߳)< ߜ.The sample complexity required for PAC learning is:݉ℋ(߳, (ߜ ≤ ⌈log(|ℋ|/߳ߜ )⌉PAC learning implies that the number of samples must scale with model complexity. Later, we figured out that the reason determining PAC learnability is not finiteness, but a combinatorial measure called VC dimension.
2.3 VC DIMENSION AND UNIFORM CONVERGENCE



7

The Vapnik-Chervonenkis (VC) dimension measures the expressive power or capacity of a 

hypothesis class ℋ. So, a hypothesis class ℋ has VC dimension  ݀௏஼  if it can shatter any set 

of ݀௏஼ points [16]. 

Generalization (Uniform convergence) bound follow from Hoeffding’s inequality:ܲ (sup ℎ∈ℋ ∣ (ℎ)ܮ − ௡(ℎ)ܮ ∣> ߳) ≤ 4 ܵℋ(2݊)݁−௡ఢ2/8.
 Since ܵℋ(2݊) ≤ (2݊)ௗೇ಴

∣ (ℎ)ܮ − ௡(ℎ)ܮ ∣≤ ܱ (√݀௏஼log ݊݊ ).
Thus, large ݀௏஼ implies weaker generalization.

2.4 BIAS-VARIANCE DECOMPOSITION

Bias and Variance are two competing sources of error. Bias measures how far off the model’s 

predictions are from the true values on average because of wrong or overly simplistic 

assumptions in the learning algorithms whereas variance measures how much a model’s 

predictions change if it is trained on different subsets of data. 

Trade-off suggests maintaining the balance between two types of errors because high bias 

implies underfitting (model too simple) and high variance implies overfitting (model too 

complex). ॱ[(ݕ − [2(ݕ̂ = Bias2 + Variance + .Noise ݈ܾ݁݅ܿݑ݀݁ݎݎܫ

Figure 2.1: The classical U-shaped risk curve (Curves for training risk (dashed line) and test 

risk (solid line)) [2].

This leads to a U-Shaped test error curve [2], where optimal generalization occurs at an 

intermediate complexity which is called as “sweet spot”.
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2.5 EXPLICIT REGULARIZATION

During training, classical learning adds explicit regularization to constrain model complexity:min ℎ∈ℋ ௡(ℎ)ܮ + ,Ω(ℎ)ߣ
where Ω(ℎ) quantifies model complexity and thus penalizes it and ߣ > 0 controls the trade-off 

between data fitting and regularization strength [17].

The most common techniques for explicit regularization are:

• Weight decay (L2 regularization): discourage large weights.

• L1 Regularization (Lasso): Inducing sparsity by putting some weights exactly zero.

• Dropout (Regularization by Noise): Randomly deactivates a fraction of neurons during 

training.

• Early stopping: Monitors Validation loss and stop training before overfitting. 

• Data augmentation: Extends the training set with transformations like rotations, flips, 

etc.,

Thus, classical generalization theory predicted that too many parameters will lead to 

overfitting, yet empirical results prove otherwise as we will analyze in the next chapter. 
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3
The Modern Generalization Paradox and 

Regularization

3.1 THE PARADOX OF OVERPARAMETERIZATION

Deep neural networks often have more parameters than training samples (p >> n) yet they 

generalize well. This observation stands in sharp contrast with conventional learning theory, 

which predicts that models should overfit for overparameterized models. However, modern 

neural networks consistently violate this rule. Empirically, increasing network width or depth 

frequently reduces test error after a critical threshold which is now explained with a 

phenomenon called double descent [2]. 

Table 3.1: The training and test accuracy of various models on CIFAR 10 dataset [1]

Zhang et al. provided a foundational experiment into this paradox by demonstrating that deep 

neural networks are powerful enough to memorize in case of random labels.  They performed 
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training on state-of-the-art CNN (Convolutional Neural Network) whose results are shown in 

Table 3.1. They replaced true labeling with pure noise and showed that models could achieve 

zero training error in these meaningless tasks where there is no real rule connecting input to 

output proving their capacity to memorize arbitrary data yet when trained on real data under 

the same conditions, these networks generalize remarkably well. Hence, concluding that 

regularization was not critical to prevent overfitting [1]. 

The finding by Zhang et al. exposes the central paradox of modern deep learning “How can 

neural networks with enough capacity to memorize noise also learn compact, generalizable 

representations of real data?” 

3.2 DOUBLE DECENT BEHAVIOR

Belkin et al. demonstrated that test error does not follow a U-shaped curve but a double descent 

curve which has the following regimes to observe:

1. In under-parameterized regime, classical bias-variance trade-off holds.

2. Near the interpolation threshold, test error peaks due to the overfitting. 

Previously, the experiments used to stop here, and some regularization techniques were 

taken into use for better generalization. But then it was observed that there exists third 

regime,

3. In the over-parameterized regime, test error drops again. 

Figure 3.1: The double descent risk curve (Curves for training risk (dashed line) and 

test risk (solid line)) [2].

Thus, beyond point of overfitting, adding more parameters improves generalization rather 

than harming it [3]. This finding fundamentally reshaped learning theory.
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3.3 IMPLICIT VERSUS EXPLICIT REGULARIZATION

While explicit regularization adds penalties or constraints, implicit regularization arises 

naturally from the optimization process. In deep learning, networks often generalize without 

explicit regularization techniques. 

Implicit regularization

In contrast, this refers to unintentional biases that arise naturally from training dynamics, 

optimization algorithm, or architecture even in the absence of any explicit penalty term. In 

overparameterized neural networks, stochastic optimization methods such as stochastic 

gradient descent (SGD) play a crucial role in this phenomenon [4]. 

SGD does not minimize the training loss deterministically, instead, it performs noisy, 

approximate updates:

θₜ₊₁ = θₜ − η ∇L(θₜ) + ξₜ

where η is the learning rate and ξₜ represents stochastic noise introduced by sampling mini 

batches. This noise implicitly drives the optimization trajectory toward flatter regions of the 

loss landscape which are empirically associated with better generalization.

Explicit regularization biases the solution towards lower norm, smoother or flatter parts of the 

huge solution space whereas implicit regularization determines the minimum norm solution 

from infinitely many weight vectors that fit the data exactly.

Table 3.2: Accuracy of training and test sets with and without regularization [1].

So, as the performance of ImageNet dataset is shown in Table 3.2, the accuracy percentage 

clearly depicts that overparameterization gives “freedom” whereas implicit and explicit 
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regularization provides “discipline”. Empirically, deep networks generalize even without 

explicit regularization [1], implying that implicit regularization dominates in modern practice.

3.4 FLAT MINIMA HYPOTHESIS

This idea of flat minima hypothesis connects the geometry of the loss landscape to 

generalization. The theorem proposes that Neural networks that converge to flat minima tend 

to generalize better than those to converge to sharp minima [5].

Figure 3.2: Conceptual sketch of Flat minima hypothesis [6].

The Formal idea constitutes that a flat minimum has mostly small eigenvalues of ℋ and the 

loss changes slowly around θ* but a sharp minimum has some large eigen values and therefore 

small perturbations greatly increase loss. 

We can formally define the flatness called as “Flatness measure”:(∗ߠ)ݏݏ݁݊ݐ݈ܽܨ =  ( (|ఌܤ|1 ∫ ∗ߠ)ܮ + ఋ‖< ఌ‖ߜ݀ (ߜ
This flatness measures how sensitive the loss is to small changes in the parameters. Flat 
minima correspond to robust, stable solutions that generalize better [6]. 

3.5 MODERN THEORIES OF OVERPARAMETERIZATION

Neural Tangent Kernel (NTK)

Jacot et al. (2018) introduced the NTK framework, showing that in the infinite width limit, 

network training under gradient descent behaves like kernel regression. The dynamics become 

linear in function space which guarantees convergence. 

For network output ݂(ݔ, :and gradient descent of a neural network under NTK framework (ߠ



13

,ݔ)݂݀ ݐ݀(ݐ = − ∑ ,ݔ)ܭ ,௜ݔ)݂] (௜ݔ (ݐ − ௜]௡ݕ
௜=1 ,

where ,ݔ)ܭ (′ݔ = ∇ఏ݂(ݔ, ,′ݔ)ఏ݂∇⊤ (ߠ .(ߠ

Figure 3.3: Convergence of Neural Tangent Kernel and network function across different 

varying widths [7].

From the empirical tests performed by Jacot et al. on fully connected ANNs, Figure 3.3 

demonstrate the results, the left plot shows the convergence of the NTK to a fixed kernel as the 

training time and network width increases. While the right plot shows the convergence of the 

output function. This confirms that as the width tends to infinity, K becomes constant 

guaranteeing convergence and explaining the stability of very wide networks [7]. 

Information Bottleneck Theory

This theory views learning as a problem of balancing compression and prediction. So, 

conceptually, it is a trade-off between compression and prediction.  ℒூ஻ = ;ܺ)ܫ ܼ) − ;ܼ)ܫߚ ܻ),
Where I denote mutual information and Z is the internal representation learned by the network. 

So, we want Z to be compressed but sufficient representation of X for predicting Y and ߚ is the 

trade-off controlling compression versus accuracy. The hidden layers act as a bottleneck, 

forcing the network to compress the input information and retain only task-relevant features. 

This compression happens naturally due to stochastic gradient descent (SGD) noise.  Therefore, 

this theory says that a good deep representation should compress the input while preserving 

only the information needed to predict the output [8].

Data Manifold Perspective
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This perspective covers the fact that high-dimensional data often lie on low-dimensional 

manifolds. Overparameterized networks learn functions that are smooth along these manifolds, 

effectively regularizing against off-manifold noise. Optimization trajectories guided by SGD 

naturally align model gradients with manifold structure, further reducing effective complexity 

[9]. 

Lottery ticket hypothesis

This hypothesis is one of the most influential modern ideas about why large neural networks 

work so well. According to this hypothesis, training a large network is like buying many 

lottery tickets. Each random initialization of weights corresponds to a lottery ticket that can 

be trained independently to match full-network performance. 

LTH (lottery ticket hypothesis) is performed in the following way:

1. Training the full network to converge on the dataset. 

2. Pruning (removing) the lowest magnitude weights because they contribute the least. 

3. Resetting the remaining weights to their original initialization values and retraining 

the smaller subnetwork which is the winning ticket. 

This smaller subnetwork often matches or sometimes exceeds the accuracy of the 

original large model. 

Figure 3.4: Test accuracy among different datasets with varying sparsity levels [10].

Experiments done by Frankle and Carbin showed validated the hypothesis. As observed, even 

highly sparse network containing only 20% of the parameter space can reach the same final 

accuracy as the dense model containing 100% of the parameter space. LTH shows that large 

networks act like a search space to discover these lucky subnetworks and thus explain 

efficiency, overparameterization, and the role of initialization in deep learning [10]. 
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PAC-Bayes  

This unifies the idea of PAC learning and Bayesian inference, giving probabilistic bounds that 

often work for large overparameterized models [11]. 

For prior P(w) and posterior Q(w):

ॱ௪∼ொ[ܴ(ݓ)] ≤ ॱ௪∼ொ[ܴ௡(ݓ)] + ܳ)ܮܭ√ ∥ ܲ) + log 2√݊2ߜ(݊ − 1)
ܳ)ܮܭ ∥ ܲ) is the Kullback-Leibler divergence between posterior and prior. It is a measure of 

how much the model deviated from the prior. 

The PAC part guarantees that with high probability, its test error is close to its training error 

and Bayes part suggests that instead of analyzing a single model ℎ, we analyze a distribution 

Q over models. Q being “very close” to the prior P, therefore small KL divergence term and 

therefore it leads to better generalization bound. If Q diverges far from P, the bound worsens. 

Therefore, PAC-Bayes gives non-vacuous bounds for deep networks. 
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4
Over-Parametrization in Modern 

Foundation Models

4.1 OVERVIEW OF LARGE-SCALE MODELS

The past decade has witnessed a dramatic uprising in the scale and complexity of neural 

network models, culminating in the development of large foundational models which contain 

extreme overparameterization. These models have transformed artificial intelligence from 

narrow task specific systems into general purpose learning platforms. The shift towards large 

scale overparameterized models was motivated by empirical discoveries in natural language 

processing and computer vision. Kaplan et al. (2020) showed that cross entropy which is the 

type of loss scales approximately as a power of model parameters, data set size, and compute 

budget [12]. This observation led to the construction of models such as GPT 3, Gemini, etc., 

However, their development undergoes continuous challenges in efficiency ethics and 

theoretical understanding. Building upon the scaling revolution, it becomes essential to 

quantify the degree of overparameterization. 

4.2 DEGREE OF OVERPARAMETERIZATION

Understanding degree of overparameterization gives us an insight into why these industry-scale 

models remain stable and effective despite their enormous capacity [2]. 

Formally, if p denotes the number of trainable parameters and n is the number of independent 

training samples, the basic quantitative measure of parameter to sample ratio would be:ߩ = ݊݌
A model is considered under-parameterized if ߩ < 1 and overparameterized if ߩ ≫ 1 and is 

considered approximately balanced when 1~ ߩ .

For models like GPT and Gemini, p ≫ n, placing them in the overly parameterized regime. 
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Now, the raw ratio is not enough to show the true capacity of a model because many parameters 

are redundant or correlated through weight sharing, architectural symmetry, and the statistical 

constraints imposed by the optimizer [13]. So, the researchers came up with the new notion 

called intrinsic dimension ݀௘௙௙ which represents the minimal number of independent directions 

in the parameter space that meaningfully affect the network's output [13]. The corresponding 

effective overparameterization ratio, therefore, can be calculated asߩ௘௙௙ = ௘௙௙݀݌ 

Figure 4.1: Conceptual explanation of optimization trajectory through parameter space during 

training

Figure 4.1 shows that training is essentially a search to find parameters that minimize the loss 

and the optimization trajectory does not explore the whole space but stays confined within a 

much smaller subspace ݀௘௙௙. The Empirical analysis studies revealed that ݀௘௙௙ often 

constitutes only 1 to 5% of p in large-scale transformers [14]. Therefore, the optimization 

explores a very low dimensional subspace the total parameter manifold.

In summary the degree of overparameterization in modern deep neural networks cannot be 

measured solely by parameter count. It reflects a complex interaction between network 

geometry, optimization dynamics and intrinsic dimensionality.



18

4.3 WHY DO THEY GENERALIZE?

One major reason behind the generalization of large industrial models can be diversity of 

training data. Unlike earlier there are models trained on small domain specific datasets, modern 

foundational models are exposed to billions and trillions of tokens in different modalities from 

text to code to images and audio. So, this heterogeneity of training data forces the network to 

learn broad statistical irregularities rather than just memorizing specific examples Through 

continual exposure to new examples. Another reason for generalization in these models is fine 

tuning methods such as RLHF (Reinforcement learning from human feedback) [15] and 

constitutional alignment that preserves broad generalization while constraining undesirable 

outputs. Textural design of ChatGPT, Gemini, Claude Is transformer which encodes inductive 

biases that inherently promote generalization. Structure itself acts as a form of implicit 

regularization by seeing the model toward smooth compositional mappings rather than some 

arbitrary functions.

In other words, large models generalize because their immense redundancy allows them to 

approximate complex function through an ensemble of simple sub-functions producing 

globally stable behavior even when local details Change significantly.
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5
Challenges and Open Problems

5.1 THEORETICAL CHALLENGES

Classical measures like VC. PAC has now become vacuous, modern theories like flat-minima 

and PAC-Bayes reply on approximations and NTK assumes infinite width. 

In NTK, neural networks behave like linear models in fixed kernel space which enables formal 

proofs of convergence and generalization. Empirical studies show that finite width networks 

exhibit behaviors that deviate from NTK predictions. Therefore, infinite width analysis is 

helpful for gaining insight into global convergence, but they do not fully capture the dynamics 

observed in practice. 

 Additionally, there is no closed-form theory of optimization which limits analytical 

understanding and fails to represent the structure of deep learning optimization trajectories.

A major discovery in modern learning theory is Implicit regularization, the bias arises naturally 

from the training dynamics, optimization algorithm, or architecture but formalizing and 

quantifying this implicit bias remains an open problem. Current theoretical frameworks can 

only describe implicit bias in highly simplified models like linear regression but for deep 

nonlinear architectures, no mathematical formulations exist to quantify this bias. 

Despite significant progress in understanding the generalization behavior of deep, 

overparameterized learning, the theoretical foundations remain incomplete. Existing modern 

theories explain fragments of generalization in deep networks. However, these frameworks are 

rarely compatible because they operate under different assumptions. A central theoretical 

limitation is the absence of a unified framework that integrates these perspectives into a single 

mathematical description of generalization in deep neural networks. 

5.2 EXPERIMENTAL CHALLENGES 

While theoretical frameworks struggle to capture the behavior of overparameterized deep 

networks, empirical investigation also faces numerous challenges. 
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1. Training state-of-the-art neural networks often containing billions or trillions of 

parameters requires powerful computational resources. Large networks require 

massive GPU clusters, and also measuring information terms is infeasible.

2. Deep learning experiments are sensitive to random seeds, initialization schemes, 

and data shuffling. This sensitivity complicates the replication of results and 

undermines confidence in empirical findings. 

3. The internal mechanisms linking capacity, training dynamics, and learned structure 

remain largely hidden from experimental observations.

5.3 INDUSTRIAL CHALLENGES

The industrial adoption of overparameterized neural networks has accelerated the development 

of large-scale artificial intelligence systems such as GPT-4, Claude, etc. While these models 

demonstrate impressive performance, their deployment encounters numerous industrial 

challenges.

1. Apart from the computational costs, energy footprint of large-scale training has 

become an industrial and ethical issue. Companies now face public and regulatory 

scrutiny regarding the training of large models and concerns regarding 

environmental sustainability. 

2. Another major industrial challenge concerns data governance, ownership, and 

copyright compliance. Overparameterized models require vast and diverse datasets 

drawn from internet which often contain copyrighted, private or sensitive materials. 

Companies like OpenAI and Google face backlash and ongoing legal debates about 

whether scraping web data for model training constitutes fair use or intellectual 

property infringement. 

3. Large foundation models are not released in full due to their commercial values and 

thus this limits independent scientific verification and prevents academic 

researchers from reproducing empirical findings on overparameterization at an 

industrial scale.   

5.4 OPEN RESEARCH QUESTIONS

The open research questions after a detailed study of this thesis are:

1. What is the true effective complexity of deep neural networks?



21

2. Can implicit regularization be controlled or enhanced deliberately for better 

generalization?

3. Is it possible to replace infinite-width approximation with finite-width to correctly 

represent realistic architectures?

Finally, the most important question of unification.

4. Can modern theories be integrated to construct a comprehensive generalization theory?
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6
Conclusion and Future work

6.1 SUMMARY OF FINDINGS

This thesis sets out to understand why modern deep neural networks despite extreme 

overparameterization generally generalize effectively rather than going through the 

phenomenon called overfitting. These findings contradict the expectations of classical learning 

theories and through both theoretical and empirical examination, several key findings emerged 

which are as follows.

1. The thesis showed that the relationship between model capacity and generalization is 

fundamentally different in the overparameterized regime.

2. Secondly by demonstrating the experiments performed by Zhang et al. and Belkin et 

al., this thesis revealed that networks can memorize random labels, yet they generalize 

structured data showing that generalization does not depend only on explicit 

regularization.

3. Thirdly the findings highlight that overparameterization is not a curse but rather a 

feature that supports flexibility, stability, and representational richness.

4. Finally, the thesis identified persistent theoretical, experimental, and industrial 

challenges.

In summary, this thesis outlines that deep neural networks generalize not despite 

overparameterization but because of overparameterization.

6.2 CONTRIBUTION OF THIS THESIS

This thesis contributes to the ongoing discussions on the generalization in deep learning by 

bridging the gap between classical statistical learning theory with the modern phenomenon of 

overparameterization in neural networks. This thesis aims to provide a conceptual framework 

with theoretical theories and its implications on large networks that we use in our daily lives.

The Major contributions of this thesis are summarized as follows:
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• Integrative theoretical framework: By combining concepts from classical statistical 

learning theories to modern theories, this study creates a coherent narrative linking early 

theoretical principles to present day deep learning behavior. 

• Theoretical mechanisms and Industrial systems: A central contribution of this work 

is establishing a conceptual bridge between theoretical models and practical large-scale 

implementations.

• Critical Examination: Beyond theoretical synthesis, the thesis systematically analyzes 

the limitations and open challenges in studying overparameterization. This structured 

view highlights where future progress must be made to turn empirical successes into 

theoretical understanding. 

• Guidance for future directions: Finally, this thesis proposes future directions for 

unifying a generalization theory instead of studying fragments of this phenomenon. 

Additionally, another direction to research can be theoretical analysis of approximate 

or strongly assumed initial conditions theories to make them fit into the conditions of 

real data and models.  

This thesis contributes to the scientific study of why and how overparameterized neural 

networks generalize. This thesis reframes overparameterization as the mechanism for stable, 

implicit regularization instead of as a problem of excess capacity.

6.3 FUTURE RESEARCH DIRECTIONS

While this thesis consolidates current understanding of generalization in overparameterized 

neural network, but the field remains far from completeness of theoretical concepts. Future 

Research must bridge this gap by combining theoretical empirical and practical perspectives. 

Future research should aim to:

6.3.1 Toward a Unified Generalization Theory

As mentioned before, existing theories such as PAC-Bayes bounds, NTK analysis, flat minima 

hypothesis, etc. each capture partial truths but operate under incompatible assumptions. So, 

future research should aim to develop hybrid theoretical frameworks that integrate capacity 

control, implicit regularization, and optimization dynamics.

6.3.2 Quantitative Understanding and Formulation of Implicit Regularization

While implicit regularization has emerged as a possible explanation for generalization without 

explicit regularization, its quantitative characterization needs some investigation. Investigation 
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is required on how learning rate schedules, batch sizes, and optimizing noise influence implicit 

regularization strength and a closed form expression for implicit bias. 

6.3.3 Combating the Computational Expense of Large-Scale Training

Empirical exploration of overparameterization is constrained by the computational expenses. 

So, Efficient simulation frameworks can be developed to emulate large model behavior at 

smaller scales using parameter sharing. This would strengthen the empirical foundation of deep 

learning theory.

6.3.4 Social and Ethical Considerations

This direction of research is emphasized upon understanding that generalization at industrial 

scale is not purely technical but also a societal responsibility. Future interdisciplinary research 

should explore fairness and bias, copyright and environmental sustainability.

6.4 FINAL REMARKS

This thesis has sought to bridge the contradiction that classical theory once taught us to fear 

excessive capacity because it will lead to overfitting, yet modern practice showed that scale 

itself has become the engine of stability and generalization. This work has illustrated that deep 

learning's success is not a violation of classical theory but an evolution of it. The main character 

in generalization is played by redundancy. In overparameterized networks, redundancy 

becomes robust, and scale becomes a path toward smoother, lower-complexity solutions that 

generalize more broadly than smaller models.

The analysis of industrial scale systems such as ChatGPT, Gemini, cloud, etc., further 

reinforces this point. However, this paradigm also carries responsibilities because this 

overparameterization also magnifies ethical, environmental, and interpretability concerns.

In closing, this thesis affirms that overparameterization is not a problem to be solved, but a 

principle to be understood. It invites future researchers to pursue deeper unification between 

theory and practice. A reminder that complexity, when guided by right dynamics, can give rise 

to simplicity and intelligence at the same time.
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Appendix A
Supplementary Analysis: Lottery Ticket 

Hypothesis

A.1 OVERVIEW

This appendix provides extended experimental and analytical details related to the Lottery 

Ticket Hypothesis as described before in Chapter 3, Section 3.5.

The purpose of this experiment is to present the detailed experimental setup and pruning 

procedure and provide a deeper interpretation of the results shown in figure 3.4.

A.2 EXPERIMENTAL SETUP

Franklin and Carbin trained fully connected and convolutional networks on datasets such as 

Lenet architecture for MNIST and the Conv-2, Conv-4, and Conv-6 architectures of CIFAR-

10. 

The main steps to follow the experiment are:

1. Train a dense network to convergence using SGD (Stochastic Gradient Descent).

2. After convergence, prune (remove) a certain percentage of weights with the smallest 

magnitudes. 

3. (a) Reset the remaining unpruned weights to their original initial value and retrain the 

subnetwork. 

(b) Randomly reinitialize the pruned subnetwork and retrain. 

A.3 OBSERVATIONS

• Dense Network (No pruning)
The blue curve in Figure 3.4 corresponds to the full, unpruned network. It serves as the 

performance baseline. 

• Moderately Sparse Network
These subnetworks exhibit near same accuracy as the dense model despite having fewer 

parameters.

• Highly Sparse Network
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Even at such high sparsity, some subnetworks still achieve competitive performance, 

although its converging slower. 

• Reinitialized Networks
When the same sparse subnetwork is retrained from new random weights, performance 

drops which confirms that the original initialization is crucial. 

Despite architectural differences in the dataset, all the three plots demonstrate the same 

trend, that is, sparse subnetworks trained from their original initialization (winning 

tickets) perform comparably to dense networks. 

A.4 SUMMARY

So, The Lottery Ticket Hypothesis concludes that sparse subnetworks initialized from original 

weights achieve comparable performance to the full model but fail when initialized randomly. 

Overparameterization serves as a mechanism to discover well-initialized subnetwork, and this 

hypothesis validates why large networks often generalize despite massive capacity.
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