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Evaluating the Effects of L1 and L2 Regularisation
Placement in GAN Architectures

Zuu Zuu Kyaw Shwe
x24106585

Abstract

Generative Adversarial Networks (GANSs) are perceptive to hyperparameter con-
figurations and also unstable during training. Although regularisation is a typical
approach to deep learning to help alleviate overfitting and enhance generalisation,
its potential in GAN training has not been thoroughly investigated, particularly
in regard to placement and type. This paper is a systematic exploration of the
impact of L1 and L2 regularisation as positioned in various points of the GAN
architecture such as the output of the generator, input of the discriminator and
the weights of both networks. Experiments were first conducted on the DCGAN
framework using the CIFAR-10 dataset, covering different configurations evaluated
with Frechet Inception Distance (FID), Inception Score (IS), loss curve analysis,
and visual inspection. The best performing configuration, applying L.1 weight reg-
ularisation to the early layers of the discriminator (E5_L1_DiscW), achieved the
lowest FID among all tested variants, though the improvement margin was modest.
This configuration was successfully transferred to a conditional GAN, resulting in
modest gains over the CGAN baseline. However, while some configurations im-
proved FID and IS, visual inspection revealed only subtle perceptual differences
in image quality. The results indicate that L1 and L2 regularisation may lead to
small gains in stability, but it depends significantly on the architecture, the type of
penalty and where it is inserted in the GAN. Future work should explore adaptive
penalties, larger datasets, and modern GAN variants to realise more substantial
gains in generative performance.

1 Introduction

1.1 Background and Motivation

Generative Adversarial Networks (GANs) are a type of deep learning model that learns
the distribution of a dataset to produce highly realistic synthetic data. A GAN comprises
two neural networks: a generator, which produces synthetic data, and a discriminator,
which attempts to distinguish between real and generated samples. These two networks
are trained in opposition, creating a dynamic game like scenario where each network
attempts to outperform the other (Goodfellow et al.; 2014).

GANs are notoriously hard to train, in spite of their potential. The mode collapse,
vanishing gradients, and oscillatory convergence are still common, and they are usu-
ally caused by the delicate balance between the generator and the discriminator (Kurach
et al.; 2019)). There are numerous solutions that have been suggested to tackle these issues,



among them are loss function reformulations (such as Wasserstein loss (Arjovsky et al.;
2017))), architectural improvements (such as progressive growing and attention mechan-
isms). Although such techniques can work, they normally involve major architectural
modifications or intensive computational loads, making it difficult to use or reproduce.

A lot of work has been done to understand more regularisation techniques such as
the L1 and L2 penalties, in the supervised learning setting, to reduce overfitting and
maximise generalisation. They are both computationally lightweight and architecture
independent, which makes them appealing to situations in which resources or implement-
ation complexity is a bottleneck. But they have not been studied as much in the context
of adversarial training stabilisation, in terms of where along the GAN architecture they
should be used, or whether effects generalise across variants of the GAN.

1.2 Problem Statement

Advanced stabilisation methods can enhance the performance of GANs at the expense
of simplicity, whereas L1 and L2 regularisation are simple and underutilised in adversarial
learning. There is limited evidence in the literature about whether it is desirable to
place such penalties on particular parameters, e.g. generator weights or discriminator
weights, outputs or inputs, and whether any positive effects in one type of GAN might
be transferable to another, e.g. between DCGAN and Conditional GAN (CGAN).

1.3 Research Aim and Objectives

The aim of this research is to determine whether strategically applied L1 and L2
regularisation can improve GAN training stability and performance, and whether such
effects are transferable across architectures.

To achieve this aim, the study pursues the following objectives:

e Implement a baseline Deep Convolutional GAN (DCGAN) and systematically apply
L1 and L2 regularisation at generator weights, discriminator weights, generator
outputs, and discriminator inputs.

e Evaluate each configuration using quantitative metrics (Frechet Inception Distance,
Inception Score) and qualitative measures (image samples, loss curves).

e Transfer the best performing regularisation setting from DCGAN to CGAN and
assess whether the effects appear to be similar.

1.4 Research Question

How do different placements of L1 and L2 regularisation affect the stability and per-
formance of GAN training, and can these effects generalise across architectures?

1.5 Significance of the Study

This paper explores a lightweight yet replicable method of GAN stabilisation without
having to make complicated architectural adjustments. By systematically comparing
multiple placements of L1 and L2 penalties under controlled settings, the work seeks to
clarify when, where, and how these methods are most effective. Even relatively small



increases in stability may be useful to practitioners with computational limits or who
want to make interpretable design decisions.

1.6 Scope and Limitations

This research will focus only on the experiments of the CIFAR-10 dataset with DCGAN
and CGAN as sample architectures. Fixing the regularisation strengths at Ay, = 0.0001
and Ap, = 0.001 and training all models to the same number of 100 epochs to be able
to compare all the experiments in a consistent manner. FEvaluation is based on FID
and IS metrics, which may not capture all aspects of generative quality. The interest is
in isolating the impacts of regularisation placement, as opposed to maximising absolute
performance.

1.7 Structure of the Report

Section [2] reviews existing literature on GAN regularisation and stability. Section
outlines the experimental design and dataset. Section 4] describes the model architectures
and regularisation configurations. Section [5| details the implementation setup. Section [f]
presents the results and analysis, followed by Section [7| contains the key findings of the
study and future directions.

2 Related Work

2.1 Training Instability in GANs

Although GANs have achieved success in generating realistic synthetic data, train-
ing GANSs is notoriously unstable, subject to such issues as mode collapse, vanishing
gradients, and oscillatory training. Such difficulties are sometimes due to the adversarial
nature of the relationship between the generator and the discriminator that may imply
imbalance and failure to converge (Salimans et al.; 2016)).

Those difficulties have been attempted to measure through several large scale studies,
with (Kurach et al.; 2019) finding that GAN performance is highly sensitive to hyper-
parameters and architectural design, and (Lucic et al.; 2018) finding that no single GAN
variant performs consistently better than others across datasets, pointing to the lack of
generalisability in GAN training. (Arora et al.; |2017) also analyzed theoretical limits
of GAN generalization and evaluation, revealing that small performance differences can
arise purely from sampling variance rather than true model superiority.

The process of evaluation is another issue. Measures like Frechet Inception Distance
(FID) and inception score (IS), which are commonly used, are good but sensitive to some
artifacts and show variable ranking (Barratt and Sharma; 2018). As a result, diagnostic
limitations complicate both training and comparative analysis, motivating the search for
stabilisation techniques that are robust yet simple to implement.

2.2 Stabilisation Techniques in GANs

Over time, several mechanisms have been developed to mitigate the instability in
the process of training GANs. Among them are reformulations of the loss functions,
architectural developments and regularisation heuristics.



One of the most notable advancements was the introduction of the Wasserstein GAN
(WGAN) (Arjovsky et al.; [2017), which replaced the Jensen—Shannon divergence with
the Earth-Mover (Wasserstein-1) distance, leading to smoother gradients and improved
training stability. (Gulrajani et al.; 2017) enhanced this approach with a gradient penalty
(WGAN-GP), enforcing Lipschitz continuity to reduce mode collapse and divergence.
While highly effective, these methods require additional architecture changes and tuning.

Architectural innovations have also played an important role. DCGAN framework
(Radford et al.; 2016|) proposed efficient design choices like the use of strided convolutions
and batch normalisation and these ideas became fundamental in GAN research. More
recent models, such as StyleGAN (Karras et alf 2021)) and BigGAN (Brock et al.; 2019),
provided much higher image fidelity through progressive growing and attention, although
they are both more complex and require more computation.

Strategies that involve normalization and regularisation such as spectral normaliza-
tion (Miyato et al.; [2018)) and self-supervised training strategies (Chen et al.; [2019)), have
enhanced model robustness. Gradient based penalty functions like R1/R2 gradient pen-
alties to stabilize the discriminator proposed by (Mescheder et al.; 2018)) to penalise steep
gradients. Such advanced methods generally come with heavy implementation overhead,
and lack experimentation with L1/L2 style placements of regularisation.

2.3 L1/L2 Regularisation in Deep Learning and GANs

L1 and L2 regularisation are well known methods in supervised learning; they can be
applied in an effort to improve generalisation and prevent overfitting: L1 regularisation
imparts sparsity, and L2 regularisation imparts smoothness in the distribution of the
weights involved (Ng; 2004). However, their effect in adversarial training settings is less
studied.

While many GAN regularisation methods exist, few directly apply L1/L2 penalties.
(Roth et al.; 2017)) introduced a simple discriminator output regulariser; (Tseng et al.;
2021)) applied a limited data regulariser mechanism based on moving average predictions.
These methods, while relevant, differ from direct weight or input/output penalisation.

A more general context, including regularisation and normalisation of GAN training,
is discussed by (Li et al.; [2023) who, however, do not systematically investigate the ap-
plication of placement specific L1/L2 in this respect. None of these works investigate
whether regularisation applied at different model components yields consistent improve-
ments across GAN architectures.

2.4 Limitations of Advanced Stabilisation Approaches

Most modern state-of-the-art stabilisation methods (e.g., WGAN-GP, StyleGAN2,
DiffAugment) produce encouraging results but tend to be harder to operate because of
their overhead and, in many cases, sensitivity to detail, making them inaccessible to prac-
titioners. For instance, gradient penalties in WGAN-GP introduce additional backward
passes that increase training time and require tuning of penalty coefficients (Gulrajani
et al.; [2017). Similarly, StyleGAN has an additional complexity of the progressive grow-
ing and mapping networks which tends to demand expensive GPUs and long training
hours (Karras et al.; |2021)).

This is restrictive to use in low resource context or learning. In addition, it is hard
to reproduce a result when weights are not pretrained or fine tuned hyperparameters are



not presented. The focus on these issues has prompted some researchers to reconsider
established methods, including weight decay, dropout, and others, which are easier to
apply and less demanding in terms of resources, even if less powerful in isolation (Brock
et al.; 2019).

2.5 Regularisation as Inductive Bias in GANs

Another angle to consider is the role of regularisation as a means of introducing in-
ductive bias into the training process. In conventional supervised learning, L1 and L2
regularisation help encode assumptions about sparsity or smoothness, effectively con-
straining the hypothesis space. In GANs, however, where training involves a min—max
game between two networks, such inductive biases may have more subtle or even con-
flicting effects (Arora et al.; 2017).

For example, regularising the generator too strongly may limit its capacity to capture
the target distribution, while excessive constraints on the discriminator might weaken its
adversarial signal. The complexity of this implies that assumptions about regularisation
improving generalisation do not map well to GANs.

2.6 Impact of Configuration Choices on GAN Behaviour

Several studies have highlighted the wide range of possible configurations in GANS,
including variations in architectures, loss functions, training routines, and regularisation
methods. (Lucic et al.; [2018) systematically compared dozens of GAN variants under
controlled settings. They revealed that tweaking architecture or training schedule could
make major performance swings sometimes more than that accomplished by switching
to new loss functions or models.

Such findings underscore that evaluation must control for confounding factors. When
analysing regularisation effects like in this project, architecture, optimiser and data distri-
bution shall be fixed, isolating only the factor under study. Our work contributes to this
literature by focusing exclusively on the placement of L1 and L2 regularisation techniques
under a consistent training regime.

2.7 Alternative Regularisation Mechanisms in GANs

There are two popular deep learning regularation techniques, Dropout and Batch Nor-
malisation (BatchNorm), controversy still exists as to how they are applied within GANs.
The technique of dropout does help in supervised learning, but it was demonstrated that
this method interferes with the training dynamics of GANs, particularly the discrimin-
ator, where noise is introduced to the adversarial feedback loop (Radford et al. [2016).
BatchNorm has since become a standard component in DCGAN like architectures, help-
ing to facilitate convergence and reduce internal covariate shift.

Notably, neither dropout nor BatchNorm addresses overfitting in the same way as
L1/L2 penalties. Dropout acts as implicit model averaging, while weight decay explicitly
limits parameter magnitude. In adversarial settings, their comparative effects are still
not well understood, and few studies directly contrast them. Our decision to isolate L1
and L2 penalties in this study reflects this gap and aims to disentangle their effects from
other regularisation forms.



2.8 Evaluation Metrics for GANs

Quantitative comparison of GANs most commonly employs Frechet Inception Distance
(FID) (Heusel et al.; |2017) and Inception Score (IS) and found that FID is likely to be
more sensitive to small differences in sample quality than IS is, especially when IS values
are widely clustered. Nonetheless, both metrics have limitations: FID assumes that the
extracted feature activations follow a Gaussian distribution, and IS does not directly
compare against the real data distribution.

2.9 Summary and Research Gap

GAN stabilisation literature has indicated the existence of a large number of advanced
techniques, which include gradient penalties, spectral normalisation, and construction of
new architectures, which can significantly boost image realism and convergence. But
such methods tend to be complex to apply, computational demanding and often sensitive
to details of implementation making them to lack accessibility and reproducibility in low
resource or educational settings.

In comparison, L1 and L2 regularisation is understudied in an adversarial settings.
While well established in supervised learning for controlling overfitting and improving
generalisation, their impact in GAN training particularly with respect to where they are
applied within the architecture has received little systematic attention. Previous work
seldom examines placement specific application to components such as generator outputs,
discriminator inputs, or internal weights, nor does it test whether such effects transfer
across GAN variants.

This study addresses this gap through a controlled evaluation of placement specific L1
and L2 regularisation in DCGAN and CGAN models, holding all other factors constant to
isolate the influence of regularisation. The findings reveal that targeted L1 weight regu-
larisation on early discriminator layers yields modest yet consistent improvements in FID
for DCGAN and demonstrates some transferability to CGAN, though overall perform-
ance gains remain limited under short training periods and basic architectures. These
results underscore both the potential and the constraints of L1 and L2 regularisation in
GANSs, and provide a reproducible framework for future investigations into lightweight
stabilisation techniques.

3 Methodology

This section outlines the experimental framework used to evaluate the impact of L1
and L2 regularisation strategies on the training performance and stability of Generative
Adversarial Networks (GANs). The process is based on the CRISP-DM process model
adapted to academic experimentation in the deep learning area.

3.1 Data Understanding

This study uses CIFAR-10, which is a common benchmark dataset to evaluate gen-
erative models. The dataset comprises 60,000 colour images of resolution 32x32 pixels,
evenly distributed across 10 object classes. Only the 50,000 training images were used for
model training, following standard GAN practice (Radford et al.; 2016]). Using the entire



training split ensures maximum diversity for the generator and discriminator, which is
essential for modelling.

3.2 Data Preparation

In the DCGAN experiments, no class filtering or subsetting was applied to all the
CIFAR-10 images, which were normalized to the range of [—1, 1] in order to fit the Tanh
output of the generator. In the CGAN experiments, in addition to the same normaliz-
ation, class conditioning was introduced by first mapping the class labels to learnable
embeddings via an nn.Embedding layer. For the generator, the label embedding was
concatenated with the input noise vector before being passed through the transposed
convolutional layers. For the discriminator, the label embedding was spatially replicated
to match the input image size and concatenated with the image tensor along the channel
dimension.

3.3 Modelling

The modelling part entailed training a Deep Convolutional GAN (DCGAN) and Con-
ditional GAN (CGAN) with a broad range of regularisation settings. Both of the penal-
ties, namely L1 and L2 were independently applied at four distinct architectural locations:
generator weights, generator outputs, discriminator inputs, and discriminator weights. A
total of eleven configurations (2 baselines + 9 regularised variants) were evaluated per
GAN architecture.

3.4 Evaluation

Quantitative and qualitative measures were utilized to measure the model performance
so that adequate assessment of generative quality and training stability could be achieved.

Quantitative Metrics Two widely adopted metrics were employed:

e Frechet Inception Distance (FID): Computes the Frechet distance between
the feature distributions of real and generated images. Lower scores indicate higher
similarity and better generation quality.

e Inception Score (IS): Evaluates image quality and diversity based on predicted
class probabilities. Higher scores are preferred.

Qualitative Analysis Visual inspection was conducted through:

e Generated image samples at regular epochs, using fixed latent noise vectors to
monitor generative progression.

e Loss curves for both generator and discriminator, used to diagnose training dy-
namics and convergence behaviour.
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Figure 1: Overview of Experimental Methodology

3.5 Reproducibility and Deployment

In this research, the concept of the deployment will not be realized through production
deployment since the research project is not implemented in a real world environment;
it follows the principles of the CRISP-DM framework that allows reproducibility as the
type of academic deployment. Each trained model, code, and evaluation scripts have
been organized and documented to permit replication of the results by others. Each
experiment has an archived set of sample outputs, and configuration files, to aid trans-
parency in comparison and future reuse. This is to make sure that results are not simply
substantiated but that they are also extendable in subsequent studies or benchmarking
activities.

4 Design Specification

4.1 Model Architectures
4.1.1 DCGAN

The Deep Convolutional GAN (DCGAN) served as the baseline generative model.
The generator maps a 100 dimensional noise vector to a 32 x 32 x 3 RGB image through
four transposed convolutional layers (kernel sizes 4 x 4 or 3 x 3, stride 1 or 2), each
followed by batch normalisation and ReLLU activation, and concluding with a Tanh output
layer. The discriminator mirrors this design with four strided convolutional layers, batch
normalisation, and LeakyReLU activations, ending with a sigmoid output to produce
a scalar real/fake probability. Both networks were trained with the Adam optimiser
(learning rate 0.0002, $; = 0.5) and binary cross-entropy loss.

4.1.2 CGAN

The Conditional GAN (CGAN) extends DCGAN by conditioning both generator and
discriminator on class labels. A learnable embedding layer maps each label to a 10
dimensional vector, which is concatenated with the noise vector for the generator, and
spatially replicated and concatenated with the input image for the discriminator. Other
than this conditioning mechanism, the convolutional structure, activation functions, and
training hyperparameters are identical to DCGAN, ensuring a controlled comparison.



4.2 Experimental Design and Regularisation Strategies

There were eleven experiments carried out (E1-E7) to test the influence of L1 and L2
regularisation strategies used in different positions within the DCGAN and CGAN archi-
tectures. The aim of these experiments was to see the impact of varying regularisation
on training stability, convergence behaviour and generative performance.

Table [I] summarises the experimental configurations.

Table 1: Summary of regularisation experiments across DCGAN and CGAN architec-

tures

Exp ID Model |Reg. Type| Ari | ALz Placement Justification
Description
E1_Baseline DCGAN None 0 0 No regularisation Establishes a reference point
for assessing the effect of
regularisation
E2_L1_GenOut DCGAN L1 0.0001 0 Direct output from Constrains pixel level
G outputs — smoother, coherent
images before discriminator
E2_L2_GenOut DCGAN L2 0 0.001 Direct output from Constrains pixel level
G outputs — smoother, coherent
images before discriminator
E3_L1_Discln DCGAN L1 0.0001 0 Input fed into D Regularises discriminator
(fake images) input — improves robustness,
stability
E3_1L2_Discln DCGAN L2 0 0.001 Input fed into D Regularises discriminator
(fake images) input — improves robustness,
stability
E4_L1_GenW DCGAN L1 0.0001 0 All transposed conv Limits generator capacity —
layers reduces overfitting
E4_L2_GenW DCGAN L2 0 0.001 All transposed conv Limits generator capacity —
layers reduces overfitting
E5_L1_DiscW DCGAN L1 0.0001| O First 2 conv layers Regularises early features —
more stable, general feedback
E5_L2_DiscW DCGAN L2 0 0.001 Last 2 conv layers Regularises early features —
more stable, general feedback
E6_.CGAN_Baseline | CGAN None 0 0 No regularisation Provide a conditional GAN
reference for comparison with
regularised versions
E7_.CGAN_L1_DiscW | CGAN L1 0.0001 0 First 2 conv layers Transferred the best
configuration from DCGAN

Regularisation was applied by augmenting the loss function of the generator or dis-

criminator with an additional penalty term. For weight based regularisation, PyTorch’s
built in parameter norm utilities were used. For output and input based regularisation,
the L1 or L2 norm was computed directly on the generator outputs or discriminator input
batches, respectively, prior to backpropagation. The regularisation strength was fixed at
A = 0.0001 for L1 and A = 0.001 for L2.

4.3 Design Rationale

DCGAN and CGAN were selected because of their simplicity of architecture, inter-
pretability and established position related to generative modelling studies. The models
achieve a level of expressiveness that is sufficient to study the effect of regularisation,
where such effects are not confounded by the effects of large scale architectural optimisa-
tion.



CIFAR-10 dataset has been chosen as a benchmark because it has a moderate level of
complexity, its computational complexity is not high, and it is widely used to evaluate
GANSs. Its standardised nature together with its frequent use in other studies makes it
easy to compare with existing studies.

These choices ensure that any observed differences in training stability or generative
performance can be attributed primarily to the placement and type of regularisation,
rather than confounding variables such as dataset difficulty or architectural novelty.

5 Implementation

5.1 Codebase and Environment

The project was structured as modular Python scripts and Jupyter notebooks where
each experimental configuration (E1- E7) is located in a directory of its own. The dir-
ectories contained a definition and training scripts of the corresponding DCGAN and
CGAN architectures, visualisation scripts of loss curve and generated samples, visualisa-

tion functions and scripts to calculate Frechet Inception Distance (FID) and Inception
Score (IS).
All code was implemented using:

e Language: Python 3.10.0

e Frameworks: PyTorch 2.6.0+cul24, NumPy 2.0.2, Matplotlib 3.10.0, Torchvision
0.21.0+cul24

e Platform: Google Colab Pro+ with NVIDIA Tesla T4

5.2 Training Configuration

The following settings were applied consistently across all experiments to ensure fair
comparisons and reproducibility:

e Optimiser: Adam optimiser with learning rate 0.0002, 8; = 0.5, 8o = 0.999,
following best practices from Radford et al. (Radford et al.; [2016)

e Training schedule: 100 epochs, batch size of 128, latent vector dimensionality of
100

e Loss function: Binary Cross Entropy (BCE) loss

e Weight initialisation: Custom normal distribution initialisation (mean 0, stand-
ard deviation 0.02)

e Reproducibility: Fixed random seeds used across all experiment setups

5.3 Generated Outputs

Each experiment directory is structured as follows:

e images/ - generated samples saved at specified epochs

10



e metrics/losses.csv - training losses

e metrics/loss_curve.png - plotted loss curve

e metrics/eval_metrics.txt - calculated FID and Inception Score

e cval data/real/ - real CIFAR-10 images used for metric calculation
e eval data/fake/ - generated images used for metric calculation

e checkpoint.pt - model state and optimizer state

e fixed_ noise.pt - fixed latent vectors for consistent sampling

e config manual.txt - experimental configuration details

e training time.txt - total training duration

6 Evaluation

6.1 Quantitative Summary of Results

The below charts present the Frechet Inception Distance (FID) and Inception Score
(IS) of all the experiments done over the DCGAN and CGAN models. The baseline
DCGAN model (E1) had a FID of 47.63 which will be used as a basis of comparison.
E5_L1_DiscW provided the lowest FID (44.51) compared to any of the configurations,
thus having the best generative performance. Inception Scores were generally comparable
across the DCGAN variants, indicating similar overall diversity. Nevertheless, because
the training duration was relatively short, the generated images had lower sharpness,
making qualitative differences less noticeable. FID was more sensitive in this respect to
differentiating configurations. Based on these results, E5_L1_DiscW was applied to the
CGAN architecture, yielding a modest improvement over the CGAN baseline, though
performance remained substantially below that of the best DCGAN variant.
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FID Scores by Experiment (Lower is Better)

FID Score

Figure 2: FID scores across all DCGAN and CGAN experiments. Lower FID indicates
better similarity to real image distribution. The DCGAN baseline (E1) achieved 47.63,
while E5 L1 DiscW gave the best score (44.51), showing a modest improvement with
L1 regularisation on early discriminator weights. CGAN models performed worse overall,
with the CGAN baseline reaching 79.75, but applying E5_L1_DiscW slightly reduced FID

to 73.66.
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Figure 3: Inception Scores (IS) across experiments. Higher IS indicates better diversity
and recognisability of generated images. Scores were largely similar across DCGAN
variants, showing that regularisation did not significantly affect sample diversity. CGAN
models underperformed, with the baseline achieving the lowest IS (2.76) and showing

only a slight improvement after applying E5_L1_DiscW.
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Table 2: Summary of FID and IS scores across experiments

Exp ID Model | FID IS Notes
E1_Baseline DCGAN | 47.63 | 3.54 £ 0.08 Unregularised baseline

E2_L1_GenOut DCGAN | 50.28 | 3.42 + 0.07 L1 on Generator output

E2_1.2_GenOut DCGAN | 45.57 | 3.48 4+ 0.08 L2 on Generator output

E3_L1_Discln DCGAN | 50.93 | 3.38 4+ 0.08 L1 on Discriminator input

E3_L2_Discln DCGAN | 49.56 | 3.54 4+ 0.09 L2 on Discriminator input

E4_ L1 _GenW DCGAN | 54.24 | 3.54 £ 0.11 L1 on Generator weights

E4 L2 _GenW DCGAN | 49.59 | 3.44 + 0.06 L2 on Generator weights

E5_L1_DiscW DCGAN | 44.51 | 3.44 + 0.10 L1 on Discriminator weights

E5_L2_DiscW DCGAN | 47.82 | 3.51 4+ 0.08 L2 on Discriminator weights
E6_CGAN_Baseline CGAN | 79.75 | 2.76 £ 0.05 Unregularised CGAN baseline
E7.CGAN_L1 DiscW | CGAN | 73.66 | 3.05 = 0.06 L1 regularised CGAN (E5 transferred)

6.2 Loss Curve Analysis

The training loss curves across all experiments displayed broadly consistent patterns:
discriminator loss generally decreased over time, indicating improved capacity to distin-
guish real from fake samples, while generator loss steadily increased, reflecting the growing
challenge of deceiving a more capable discriminator. However, a number of configurations
showed some significant variations in training dynamics.

In particular, models with L1 or L2 regularisation applied to the generator or dis-
criminator weights (e.g., E4_L1_GenW, E4_L2_GenW) exhibited flatter discriminator loss
trajectories during early epochs. The training loss curves did not display abrupt diver-
gence or extreme oscillations, suggesting numerically stable optimisation. However, given
the low resolution of CIFAR-10 and the limited training duration, the generated samples
were too coarse to reliably assess diversity, and subtle mode collapse cannot be ruled out.

For the CGAN variants, a similar trend was observed. Both the baseline (E6_CGAN _Baseline)
and the regularised model (E7-CGAN_L1_DiscW) showed decreasing discriminator loss
and increasing generator loss over time. However, as with DCGANSs, the regularisation
did not significantly alter the overall convergence trajectory.
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Figure 4: Training loss curves across all experimental configurations

6.3 Evaluation of Regularisation Strategies
6.3.1 Baseline Models

E1 (DCGAN baseline) achieved an FID of 47.63 and an IS of 3.54 £ 0.08. E6 (CGAN
baseline) recorded a substantially higher FID (79.75) and a lower IS (2.76 £ 0.05). These
results show that the conditional model underperformed relative to its unconditional
counterpart in this setting, which may reflect the added complexity of conditional gener-
ation.

6.3.2 Regularisation at Generator Output

E2_L1_GenOut produced a higher FID (50.28) than the baseline, while E2_L2_GenOut
achieved a slightly lower FID (45.57). IS values for both were close to the baseline.
These observations indicate that L1 regularisation on the generator’s output reduced
quantitative performance, whereas L2 regularisation had a modest positive effect on FID.
The limited change in IS suggests no substantial impact on diversity. Further work would
be required to determine whether the difference is related to changes in output smoothness
or pixel level sparsity.
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6.3.3 Regularisation at Discriminator Input

Both E3_L1 DiscIn (FID 50.93) and E3_L2_DiscIn (FID 49.56) performed worse than
the baseline in terms of FID, while IS values remained similar. These results indicate
that, in this configuration, applying L1 or L2 penalties to the discriminator’s input did
not improve quantitative performance. The mechanism underlying this effect was not
explored and would require further investigation.

6.3.4 Regularisation at Generator Weights

E4 L1_GenW resulted in the highest FID (54.24) among all DCGAN variants, while
E4 1.2_GenW recorded a smaller increase over the baseline (49.59). IS values were com-
parable in both cases. These results suggest that, for this setup, weight regularisation
on the generator did not yield performance gains and may have been detrimental in the
case of L1. Additional experiments would be needed to assess whether layer specific or
adaptive regularisation could mitigate this effect.

6.3.5 Regularisation at Discriminator Weights

E5_L1_DiscW produced the lowest FID (44.51) among all DCGAN variants and E5_L2_DiscW
achieved slightly weaker results. These observations may indicate that applying L1 reg-
ularisation to discriminator weights can be beneficial in this setting, though further ex-
periments would be required to confirm whether the effect is linked to sparsity in early
layers.

6.3.6 Transfer to CGAN

Compared to the CGAN baseline (E6), E7 achieved a lower FID (73.66 vs. 79.75) and
a higher IS (3.05 + 0.06 vs. 2.76 £ 0.05). This outcome indicates an improvement within
the conditional setting when using the E5_1L.1_DiscW regularisation. Both CGAN config-
urations, however, recorded higher FID scores than any DCGAN variant in this study.
Further work would be needed to determine whether alternative or stronger regularisation
approaches could reduce this gap.

6.4 Qualitative Results and Visual Comparison

The samples of images were stored with every 10 training epochs to make the qual-
itative monitoring of generative progression possible. The reason behind this approach
was to complement the quantitative measures using a visual impression of convergence,
the mode stability and the image fidelity over the time. Nevertheless, the image samples
produced by the experiments did not show much visual difference due to the relative lack
of resolution of the CIFAR-10 dataset (32x32 pixels), as well as the brief training time
of 100 epochs. Subtle improvements in sharpness, structure, or class consistency were
difficult to reliably detect by eye.

To help visualise the quantitative results, samples of representative images of the
final training epoch (epoch 100) will be shown of the baseline model (E1) and the best
performing regularised model (E5_L1_DiscW). However, these samples were not generated
from fixed latent vectors, and therefore do not allow for a direct pixel wise comparison
across models.
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Figure 5: Generated samples at epoch 100 from baseline (left) and best performing
model (right)

6.5 Discussion

Experimental findings prove that L1 and L2 regularisation in GANs have their per-
formance dependent on their location and application. Application of regularisation on
the generator outputs or discriminator inputs (E2, E3) did not bring significant improve-
ments and on the contrary, in certain cases, it worsened performance, likely indicating
that such localisations interfere with the fragile adversarial balance. Weight regularisa-
tion, specifically L1 on the first two layers of the discriminator (E5_L1_DiscW), on the
other hand, produced the lowest FID score and thus this was chosen to be transferred to
the conditional GAN scenario.

Even though the Inception Score (IS) was more or less constant across most DCGAN
variants, the Frechet Inception Distance (FID) was more sensitive to changes in architec-
ture or regularisation, making it the more reliable metric in this context. Nevertheless,
the highest FID score obtained ( 44.5) can be considered moderate, meaning that regu-
larisation substantially helped in some but not in all of the stability or noise suppression
effects; nevertheless, it did not significantly enhance generative quality within these limits
of the study.

The generalisation of the best regularisation setting to the CGAN model (E7) led to
a bit of an improvement in FID ( 79.7 to 73.7), implying that the regularisation effect
can be generalised to some extent. Nevertheless, both CGAN models underperformed
relative to all DCGAN variants, likely due to the increased training complexity introduced
by conditioning or insufficient adaptation of hyperparameters.

Limitations of the study include the relatively short training duration (100 epochs),
fixed regularisation coefficients, and uniform application across full layers. Visual sample
inspection was inconclusive, as most experiments generated qualitatively similar outputs
due to early stage training. Future work should consider longer training, adaptive or
layer specific penalties, and comparison with advanced GAN variants (e.g., StyleGAN or
Diffusion Models) to better contextualise the impact of regularisation.

Overall, the results indicate that the interventions of regularisation, especially L1 on
the early discriminator layers can add some small stability gains, its isolated use may be
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insufficient to achieve high quality image synthesis on CIFAR-10 under limited training.

7 Conclusion and Future Work

The paper systematically studied effects of approaches to regularisation: L1 and L2
regularisation in the context of GAN type architectures, especially their effects on training
stability and generation quality when used between outputs, inputs, and internal weights.
In a sequence of well managed experiments with DCGAN and CGAN models on the
CIFAR-10 dataset, the results showed that a modest gain in weight based regularisation
can be achieved, especially a L1 regularisation of the early layers of the discriminator.
Not only did such a configuration have the lowest FID of any DCGAN variant, but it
was also shown to be more easily transferred to conditional GANs, where it continued to
outperform the CGAN baseline.

Although these gains were not radical, the findings highlight the significance of tar-
geted regularisation, and its capability to stabilise adversarial practice without the need
of a major architectural modification. In addition, the paper provides a reproducible
experimental analysis structure of studying the effects of regularisation, and it should
serve as a starting point of further research in GAN stability.

Future work could extend these insights in several directions. One direction would
be to train longer than 100 epochs and see whether the effects of regularisation will be
more pronounced with extended optimisation. Another involves investigating adaptive
or layer specific regularisation schedules, which may better align regularisation strength
with architectural depth or learning dynamics. Moreover, evaluating the methods on
other more complicated datasets, e.g., CelebA or subsets of ImageNet, would lead to
some evaluation of generalisability. Another direction of research that may present an
opportunity of additional complementary advantages that are not on offer by the L1 and
L2 norms is the exploration of alternative regularisation methods e.g. spectral norm
or gradient penalties. Lastly, extending the methodology to newer generative models,
such as StyleGAN or diffusion based systems, would also give more insight into the
generalisability of these results.

In brief, L1 and L2 regularisation does not appear to be a solution to the problems
with GAN training, but this study shows that L1 and L2 regularisation may have subtle
benefits and is a step towards more sophisticated regularisation methods, in the context
of generative models.
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