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Abstract

Deep learning models, inspired by the human brain, aim to replicate the capabili-
ties of continual learning and few-shot learning. Continual few-shot learning focuses
on the ability to learn knowledge over time continuously from a small number of
training samples (e.g., 10 samples). Although deep learning models demonstrate im-
pressive intelligence and achieve remarkable performance, their performance deterio-
rates when it comes to continual and few-shot learning without proper consideration,
which are important aspects for many real-world applications. Unlike humans, con-
tinual learning is challenging due to the inherent problems of catastrophic forgetting,
caused by gradient updates. At the same time, few-shot learning leads to overfitting in
these models. Therefore, both scenarios recently attracted attention to eliminate these
issues. Compared to discriminative models, generative adversarial networks (GANs)
are not explored extensively. In this thesis, we propose novel solutions for GANs that
tackle the challenges of continual and few-shot learning together. Specifically, the
first method proposes a teacher-student architecture to achieve more diverse image
generation. In this approach, we apply cross-domain correspondence loss to learn
from few-shot samples, rather than relying on a limited set of training samples (e.g.,
50 to 5000 samples). We also analyze the progressive growing of adapter modules for
the continual image generation in GANs. In contrast, the second technique presents
a parameter-efficient method for continual learning and few-shot image generation
with less parameters and more efficient training than the state of the art.



2 Abstract

Outline

Chapter 1 provides an introduction to continual learning (CL) and few-shot (FS)
learning and highlights their significance in the context of deep learning (DL) mod-
els. It discusses the fundamental concepts, challenges, and importance. The chapter
explains how CL and FS learning are essential to develop intelligent systems capable
of learning new information over time from FS data.

Chapter 2 discusses generative models and the two well-known approaches for syn-
thetic data generation. It reviews various approaches and techniques that are proposed
to enhance performance in CL and FS scenarios and their classification. It also pro-
vides insights into the strengths and limitations of these approaches.

In Chapters 3 and 4, we present our novel approaches to tackle the challenges of
CL and FS learning using GANs. These chapters provide a detailed description of
the methods we proposed, along with theoretical explanation and experimental re-
sults. Our approaches aim to overcome issues like catastrophic forgetting (CF) and
overfitting, and we discuss how our solutions contribute to more efficient and robust
learning in CL and FS settings.

Finally, in Chapter 5, we conclude our research and summarize the key insights.
Moreover, this chapter also highlights the future directions.
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Chapter 1

Continual and Few Shot Learning

1.1 Introduction

Humans continuously learn new knowledge and tasks efficiently. It is important to
learn and acquire new knowledge to improve our ability to be efficient, understand
new concepts, and adapt to the dynamic environment [1, 2]. The illustration of human
CL ability is shown in Figure 1.1. Moreover, humans also exhibit remarkable abilities
in FS learning, which often requires only a single example to distinguish between
objects. Even a child can differentiate between a cat and a dog with just one sample
[3]. This capability stems from the effective use of prior knowledge, which enables
humans to excel in FS learning scenarios. Inspired by these abilities, DL models
also incorporate FS and CL to continuously acquire new knowledge from just a few
samples for a given task [4].

Although deep learning models fundamentally differ from human brains and are un-
able to retain older knowledge while learning a new task, this limitation is termed
catastrophic forgetting (CF) and makes the models particularly challenging [5]. Fur-
thermore, the models are inherently task-specific and designed to excel at one task or
a set of related tasks, but they lack the flexibility to generalize across diverse tasks
without significant retraining [6]. Unlike humans, who dynamically evolve and build
new learning on existing knowledge. DL models require new training for each task,
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Figure 1.1: Illustration of CL in Human: Humans learn continuously over time, for
example starting with the basics of programming, then building small projects, and
eventually learn more complex models.

and this makes it difficult for them to evolve and adapt. Addressing these limitations
is essential to advance DL models that mirror human-like learning processes, and
evolve over time rather than being bound to static learning [7].

Similarly, DL models typically require a vast amount of data to achieve good per-
formance [8]. This reliance on large datasets poses challenges for many real-world
applications where data is limited and makes the development of DL models chal-
lenging [9]. In many practical scenarios, obtaining sufficient data is expensive, time-
consuming, or simply unfeasible, particularly in specialized domains such as medi-
cal imaging or autonomous driving [10]. In such cases, the FS becomes an important
consideration in DL models.

GANs have gained widespread popularity due to their fascinating applications, such
as realistic image generation, creative content creation, etc. [11, 12, 13, 14, 15]. How-
ever, despite their success, GANs are less explored compared to discriminative mod-
els, especially in the area of FS and CL [16]. In this thesis, we focus on addressing
these two complex tasks within the framework of GANs and aim to enhance their
performance and expand their potential in FS and CL scenarios.
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1.2 Catastrophic Forgetting

CF [5, 17] refers to the phenomenon in neural networks, where a model is trained se-
quentially on multiple tasks or datasets, it forgets the previously learned information
when new tasks are introduced, as shown in Figure 1.2. It is an important consid-
eration in CL scenarios, where models are expected to learn from a stream of data
without forgetting earlier knowledge. The CF challenge was first considered in con-
nectionist networks [17]. In more detail, when a model is trained on new data, the
weights of the neural network are updated. These updates overwrite the knowledge
acquired from previous tasks and lead to significant performance degradation on ear-
lier tasks [18]. Unlike humans, who generally retain past information while learning
new information, neural networks tend to prioritize the most recent information un-
less specifically designed to mitigate this issue.

1.3 Significance of Continual Learning

CL, also known as lifelong learning [19], incremental learning [20, 21], and never-
ending learning [22], refers to a model’s ability to learn new tasks or adapt to new
data over time, as discussed earlier. In this thesis, we use the term CL consistently.
Numerous studies explored and addressed CL over the years and recognized it as a
key aspect of artificial intelligence (AI) and robotics [23, 24]. The main reason for CL
is to make an autonomous system to learn over time and ability to adapt and perform
effectively in a dynamic environment [25]. CL is significant for several reasons and
due to limitations of DNNs.

• Lack of adaptability: Deep neural network (DNN) models achieved remarkable
success in various domains, such as computer vision [26, 27, 28], fake image
synthesis [12, 29, 30, 31], language [32, 33], etc. However, these models as-
sume that the data distribution is static, while the data continuously evolves in
a dynamic environment. Hence, the model is static and lacks a mechanism to
adapt to new tasks. For instance, new situations frequently arise in real-world
applications such as robotics or self-driving cars, where the models must learn
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Figure 1.2: Catastrophic forgetting in GANs. At the top, sequential fine-tuning of
the model on two training datasets is shown. At the bottom, after training sequentially,
the generated synthetic samples are shown. It is clear that the model is unable to
generate samples from the previous task and indicates a loss of older knowledge.

continuously and adapt to new knowledge. The gradient updates in traditional
models, however, do not support this adaptability. It is because they tend to
overwrite new information on the older one and prevent the model to learn
effectively and adapting over time. Therefore, replicating human-like adapt-
ability through CL [34] is essential to mimic human behavior in DL models.

• Efficient use of resources: The performance of deep learning (DL) models is
highly dependent on a large amount of data for learning the task [35]. As a
result, training a DL model requires significant resources, such as GPUs or
TPUs, a vast number of training iterations, and time. Transfer learning (TL)
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or fine-tuning (FT) [36] leverages pre-trained models to accelerate learning of
target datasets, but it still requires efficient strategies to prevent overwriting
of new information, as there is a high probability of losing prior knowledge.
In contrast, CL models take advantage of TL while eliminating the risk of
losing previous information [37]. CL models also remove the need to store or
retrain on large volumes of past data. Such approaches learn new tasks with
fewer resources and smaller datasets and make them more efficient in terms of
memory usage and computational cost. Additionally, CL reduces the need to
retrain models from scratch whenever new data arrives, which saves both time
and computational resources.

1.4 Importance of Few-Shot Learning

Drawing inspiration from human FS learning abilities, DL practitioners and researchers
attempt to replicate the FS learning process in these models. A formal definition, as
presented in [10], states that a model learns from experience E in relation to task
T , with performance measured by P, even that E is very scarce in FS learning [38].
In other words, FS learning enables a model to learn from a few examples (i.e., 10
samples per task). This contrasts with traditional deep learning, which typically re-
quires large amounts of data to achieve good performance [35]. There are numerous
challenges in FS learning, which highlight its significance in modern DL models. As
a result, FS learning is important from three aspects [9].

• Data scarcity: Due to many reasons such as legal and ethical concerns, high
costs, and rare cases to collect samples, it is very challenging to collect a large
number of samples needed to train a DL model. Therefore, FS learning is cru-
cial for applications where only a limited number of samples are available.

• Reduce gap: The fact is that DL models are data-hungry, which limits their
applicability in FS learning scenarios. As a result, FS learning techniques help
bridge this gap by mimicking the human ability to learn effectively from FS
data.
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Figure 1.3: Elaboration of overfitting and mode collapse in GANs. On the left, the
training samples are shown for two datasets (Sunglasses and Sketches), and on the
right, the corresponding fake images are given. The model generates replicas of the
training samples and produces the same synthesis images multiple times.

• Quick deployment: FS learning enables models to learn quickly, reduces both
computational costs and training time.

1.4.1 Overfitting

As mentioned in the previous section, FS learning offers significant advantages, but it
also leads to a well-known challenge called overfitting [39]. In FS learning, the model
tends to memorize [40, 41] the training samples rather than learning from them. As
a result, the model simply replicates the training data [42] and limits its ability to
generalize to new unseen examples. Additionally, GANs are inherently susceptible to
the mode collapse problem [43, 44], which limits the diversity of generated images
[45]. When FS learning is applied in GANs, it intensifies the mode collapse problem
and leads to even less diverse image generation as shown in Figure 1.3.



Chapter 2

Related Work

This chapter explains the background knowledge that we used in our proposed stud-
ies. Our work focuses on GANs [46], a generative model [12, 29, 47] in the context
of both FS and CL. Therefore, this chapter explains generative models and their two
well-known approaches [46, 48] and the advanced GANs architecture. Furthermore,
we will delve into the concepts of FS and CL, explore their broad classification, and
the integration of generative models within these frameworks.

2.1 Background

2.1.1 Teacher-Student Model

In DL, the authors of [49] proposed a teacher-student idea to accelerate the training
process. The teacher-student model is also referred to as knowledge distillation (KD).
It is a method where a smaller, simpler model is trained to mimic the behavior of
a larger, more complex model. The smaller model is called the student while the
larger model is called the teacher. The main goal of this approach is to transfer the
knowledge learned by the teacher model into the student model, which typically has
fewer parameters than the teacher and is computationally efficient.

The teacher model is typically a pre-trained, large neural network [50] that performs
well on a given task. This model is then used to generate outputs, which are the
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Figure 2.1: The teacher-student architecture.

predicted probabilities or output distributions from the teacher. The student model
is trained to match the teacher’s predictions as closely as possible. It usually min-
imizes the difference between the teacher’s output and the student’s output using a
loss function. The teacher-student model idea is depicted in Figure 2.1.
The teacher-student approach is beneficial in a variety of ways. The student model
is used as a model compression [51, 52, 53] and makes it suitable for deployment
in resource-constrained environments like mobile devices or embedded systems. De-
spite being smaller, the student model achieves better generalization and performance
[54, 55]. It allows the transfer of complex knowledge from a large, well-trained model
to a simpler one, and improves the student’s accuracy on certain tasks [56].

2.1.2 Low Rank Adaptation

Fine-tuning large pre-trained models, such as GPT-2 [57] or RoBERTa [58], for spe-
cific downstream tasks typically requires updates for a large number of parameters.
This is computationally expensive and time-consuming, especially with models that
have billions of parameters. Therefore, low-rank adaptation (LoRA) [59] is a method
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used to adapt pre-trained models efficiently and reduces the number of parameters.
LoRA addresses this issue with a focus on a more parameter-efficient way to adapt the
model without modifying its entire set of parameters. It introduces low-rank matrices
into the pre-trained model that capture the task-specific information. This enables the
model to adapt to new tasks without a significant increase in the number of trainable
parameters.
The low-rank adaptation incrementally updates internal pre-trained model weights.
Consider a pre-trained weight matrix W0 ∈ Rd×k. Instead of modifying the entire
weight matrix during incremental fine-tuning, it approximates the update as a low-
rank adaptation of two matrices B ∈ Rd×r and A ∈ Rr×k, where r is the rank of the
matrix. The adapted weights Ŵ are given as follows:

Ŵ =W0 +∆W =W0 +
α

r
BA (2.1)

where ∆W represents the weight updates and α the scaling factor that controls the
LoRA influences. Selecting an r much lower than d and k, means that d×r+r×k ≪
d × k and therefore that the additional trained parameters can be really small.

2.2 Generative Models

Generative models, a subfield of DL, have captured the attention of both researchers
and industry practitioners due to their remarkable success, productivity, and applica-
tions [60]. Generative modeling refers to the task of learning a distribution pdata(x)
over data x, such that the model can generate new data x̂ that resembles the orig-
inal data [61]. In the context of DL, generative models aim to learn the underlying
probability distribution from which the observed data is drawn. Two of the most well-
known approaches in generative modeling are Variational Autoencoders (VAEs) [48]
and GANs [46]. The following subsections explain these models in detail.

2.2.1 Variational Autoencoders

The VAE [48] is a type of generative model that learns a probabilistic mapping from
data to a latent space. It builds on the concept of autoencoders [62] by introducing a
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Figure 2.2: VAE Overview: A VAE consists of two components: encoder and de-
coder. The encoder maps the input data into distributions, while the decoder recon-
structs the data from the encoded distributions.

probabilistic approach instead of a vector in the encoding process. A VAE consists
of two primary components: encoder q and decoder p as shown in Fig. 2.2. The
encoder learns latent space q(z | x) while the decoder reconstructs the data x from a
distribution p(x | z).

Given an input x, the encoder maps it to a distribution over the latent space q(z | x).
Instead of encoding x to a single vector, the encoder learns a distribution q(z | x) =
N (z | µ(x),σ2(x)). In simple words, the encoder’s function is to map x into µ(x)
and σ2(x). The objective of the VAE is

LVAE =−KL(q(z | x)∥N (0, I))+Eq(z|x) [log p(x | z)] . (2.2)

The first term of the equation is the KL divergence, which aims to bring the two distri-
butions, q(z | x), and N (0, I), closer together. The second term is the reconstruction
loss, which is given by

Eq(z|x) [log p(x | z)] = ∥x̂− x∥2. (2.3)
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Figure 2.3: GAN overview: GAN consists of two neural networks: a generator G
and a discriminator D. The G creates synthetic data x̂ from a random noise to fools
D. While D tries to distinguish between real data x and fake x̂.

2.2.2 Generative Adversarial Networks

A standard Generative Adversarial Network (GAN) [46] consists of two neural net-
works: a generator G and a discriminator D, that are trained simultaneously in a
game-theoretic framework. The G creates synthetic data x̂ and attempts to fool D,
while D tries to distinguish between real data x and fake one x̂. The D learns to be-
come more accurate in distinguishing the fake data from the real data. The GANs
block diagram is shown in Fig. 2.3. The G takes a random noise vector z (from a
prior distribution p(z)) and transforms it into a data x̂ = G(z). While the discrimina-
tor either takes the generated output x̂=G(z),z∼ p(z) or the real data x from pdata(x)
and outputs a probability D(x) to distinguish between them.

The GAN can be viewed as a two-player zero-sum game. The G tries to minimize
the probability that the D correctly classifies its generated samples as fake, while the
discriminator tries to maximize its ability to correctly distinguish real data from fake
data. The objectives of G and D are given as:

LG = Ez∼p(z) [log(1−D(G(z)))] (2.4)
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LD = Ex∼pdata(x) [logD(x)]+Ez∼p(z) [log(1−D(G(z)))] . (2.5)

The G and D are trained simultaneously. The combined optimization process as a
minimax game is given as

min
D

max
G

(
Ex∼pdata(x) [logD(x)]+Ez∼p(z) [log(1−D(G(z)))]

)
. (2.6)

This adversarial setup creates a system where, ideally, the generator creates indistin-
guishable data from real data, and the discriminator can no longer reliably tell the
difference between real and synthetic data.

2.2.3 Advanced Generative Adversarial Networks

Continual Adaptation Modules for GANs

The continual adaptation modules for GANs, abbreviated as CAM-GAN [63] ad-
dresses the CF by introducing task-specific adapter modules [64]. The adapter mod-
ules, as described in [64], are typically inserted between layers of a pre-trained model.
They are designed to learn new representations or transformations and enable the
model to generalize better for new tasks without retraining the entire network.
Let the original pre-trained model is represented as θw(x), and we want to adapt it
to a new task T . Instead of fine-tuning the entire model, an adapter module with pa-
rameters φv is inserted into the network, which modifies the input to each layer of the
model. For instance, the output of a layer in the original pre-trained model is mod-
ified and the transformation is given as φv(θw(x)). Where x is the input to the layer
and φw,v(x) is the task-specific adapter weights along with pre-trained weights. The
adapter learns the task-specific modifications while the rest of the parameters θw(x)
remain frozen. At the start, the task-specific adapters are φw,v(x)≈ θw(x) to preserve
the pre-trained weights. During the training, only the parameters of the adapters are
updated. The choice of φv ≪ θw ensures that the number of trained parameters is very
small.
The CAM-GAN [63] uses adapter modules for continual learning (CL) in GANs. It
appends adapter modules to the top of the GP-GAN [65] pre-trained weights, θw(x).
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For more efficient learning, the adapter modules consist of three specific adapter
weights: φg,φp,φr. Where the first two notations represent the parameters of group-
wise and point-wise convolutions, respectively, while φr represents the task-specific
residual parameters. These task-specific weights are combined in parallel, and the
whole transformation process is

φw,t(θw(x)) = φg(θw(x))+βφp(θw(x))+φr(θw−1(x)), (2.7)

where φw,t(θw(x)) is the task specific adaptation on the top of original θw(x) for the
task T and θw−1 is the weights of the previous layer. The β is used as a binary selec-
tion to enable or disable the point-wise convolution. The pre-trained weights θw(x)
remain frozen, and only the task-specific adapter weights are trained for the new task.
This ensures that the knowledge of the previous task is not affected.

Style-GAN2

StyleGAN2 [29] is an advanced generative model proposed by Tero Karras et al. in
2019, as an improvement over the original StyleGAN [12]. It is primarily used for
generating high-quality images by leveraging the concept of a style-based genera-
tor architecture. StyleGAN2 refines many aspects of its predecessor, leads to a more
stable training process and improved image quality. The model’s core innovation re-
volves around the manipulation of intermediate feature maps through a "style" input,
which provides fine-grained control over the generated images’ characteristics, such
as pose, lighting, and texture. The StyleGAN2 architecture is shown in Figure 2.4.

The StyleGAN2 architecture consists of two main components: a mapping and a
synthesis network. The mapping network transforms a latent vector z ∈ Rl into an
intermediate latent vector w ∈Rd , where d is the dimension of the space in which the
style vectors are embedded. The mapping network is expressed as:

w = f (z), (2.8)

where f is a function consisting of a fully connected multi-layer perceptron.
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Figure 2.4: StyleGAN2 model architecture.The StyleGAN2 architecture consists of
two main components: a mapping and a synthesis network. Where block A is the
affine transformation and w represents the intermediate latent vector.

The synthesis network takes the vector w and generates the image progressively
through a series of layers. Unlike the standard GAN models, StyleGAN2 incorpo-
rates a style input at each convolutional layer to modulate the activations non-linearly.
This allows for more precise control over the image features. The generation of an
image is a hierarchical process that begins with a low-resolution image and progres-
sively increases the resolution, typically from 4× 4 to 1024× 1024. At each layer,
the synthesis network applies a style transformation to modify the feature maps

x̂ = G(w), (2.9)

where G is the synthesis network, and x̂ is the generated image.
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2.3 Continual Learning Approaches

Taking an interesting scenario of human CL ability in DL model is not an easy task,
as it tends to overwrite new information on the older, unlike humans [2]. Therefore,
DL models struggle with the concept of CL. When a model is trained on a new task,
older information tends to get wiped out as the model’s weights are updated and leads
to a problem known as CF [66]. CL in machine learning is the ability to learn con-
tinuously from the stream of data and preserve previously acquired knowledge. The
real challenge emerges when the model starts learning new tasks, but its performance
on older tasks degrades.

Initially, the concept of saving data in memory is introduced for CL, which allows
it to be retrieved and combined during training on new data [5, 67]. However, these
approaches aim to save tasks, which require a large memory capacity for storage, and
limit the scalability as the amount of data grows. To tackle the CF issue, researchers
developed several techniques, which can be grouped into distinct approaches aimed
to solve the fundamental problem of forgetting. These techniques can be broadly
categorized into replay, regularization, and model expansion approaches [2, 68, 6,
69].

2.3.1 Regularization-Based Methods

Regularization methods add an additional term to the final loss [70, 40, 71, 72] or
penalize the gradients [73, 74, 75] of the model to prevent catastrophic forgetting
by constraining the model’s parameters during training. The regularization term en-
sures that the model does not drastically change the weights of the network that are
important for previously learned tasks. The benefit of these methods is that they typ-
ically use the same architecture for subsequent tasks. However, as the number of
tasks grows, the model’s capacity is exhausted [63]. Many contributions that con-
sider regularization techniques are presented in the literature, both for generative and
discriminative models.

Elastic weight consolidation in short EWC [70] is one of the most famous regular-
ization methods, which assigns a penalty to changes in parameters that are important
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for previously learned tasks. It ensures that the model does not forget old tasks and
minimizes changes to critical parameters. Consider a model already learned a task
and is now training on a new task t. So, the objective for the new task in EWC is

L (θ) = Lt(θ)+λ ∑
i

Fi(θi −θ
∗
i )

2. (2.10)

Here, L (θ) represents the total loss, which includes loss for the current task Lt(θ)

and the regularization term. The second term penalizes large changes in the parame-
ters that are important for the old task, where Fi denotes the Fisher information ma-
trix, which measures the importance of each parameter θi. The values θ ∗

i represent
the optimal parameters after learning the previous tasks, and λ is a hyper-parameter
that controls the strength of the regularization. By minimizing this loss, the model is
encouraged to retain knowledge from previous tasks while learning new ones, thereby
prevents CF. The authors in [76, 77] presented improved versions of EWC for CL.
Additionally, EWC is also used in GANs [40] for FS image generation.

There are several key contributions to the advancement of regularization techniques
in SOTA to avoid CF. The Synaptic Intelligence (SI) approach, presented in [78],
measures the importance of model parameters for previous tasks online, incorporates
regularization into the loss function while training for the current task to overcome
CF. The MAS technique [72], on the other hand, calculates the importance of param-
eters of the previous tasks based on their sensitivity in an unsupervised and online
manner. Meanwhile, the approach presented in [77] combines both SI and MAS to
leverage the advantages of both strategies.

2.3.2 Replay Methods

Replay, also known as rehearsal methods, attempts to retain previously learned tasks
by periodically revisiting old data while learning from new data. This prevents for-
getting to recall the past tasks, and reinforces earlier knowledge [21]. The previ-
ous exemplars are either recalled from memory or generated by generative models
[79] called pseudo rehearsal. The latter avoids the memory overhead of storing large
datasets but still enables knowledge retention by generating data that corresponds to
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earlier tasks. The author used GANs [46] to replay previous tasks’ samples for clas-
sification [79]. Moreover, VAEs [80, 81] and recently diffusion models [82, 83] are
also used as a pseudo rehearsal to handle CF. The overview of generative models
from the perspective of CL is presented in detail in [84] and [85] provides a summary
of diffusion models in CL. The MeRGAN [86] and GAN-Memory [87] are types of
replay methods for image generation.

2.3.3 Expansion Approaches

Model expansion methods extend the model to accommodate new tasks without
forgetting previous ones. These methods avoid CF by adding new neurons or sub-
networks that are specific for new tasks [6]. The fundamental approach is to con-
sider each task as a separate entity, with a distinct model for each task. However,
this approach does not allow the new task to leverage previous knowledge and is
resource-intensive. Therefore, at the beginning, researchers proposed a solution to
add neurons for the new tasks. DEN [88] consists of three steps: retraining, expan-
sion, and duplication, which help incrementally add new tasks. First, it selectively
retrains the weights that are necessary for the task using sparsity regularization. In
the second step, the network is expanded if the first step’s sparsity regularization is
not satisfied. Finally, if a neurons drift too far from its original value, it is duplicated.
Another approach [89] expands the network and utilizes reinforcement learning to
select the most suitable model for the new task.
Recently, in [16], LoRA [59] is added to the base network to mitigate CF in GANs.
Additionally, adapter modules in [63] are appended to the base model, which modu-
late the model’s parameters. Several other approaches based on expansion techniques
for GANs are presented in [90, 91].

2.4 Few-Shot Approaches

FS learning enables models to classify tasks or generate new objects with only a few
training samples [92, 93]. This challenge arises due to the scarcity of data, which
contrasts with traditional DL models, where large amounts of data are available for
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training [10]. This section reviews and explores FS methodologies [61] used to en-
hance their effectiveness, specifically focusing on transfer learning (TL), data aug-
mentation, and network architecture.

2.4.1 Transfer Learning

TL or FT [94] is one of the most successful approaches to overcome the problem of
limited data in DL models. TL aims to leverage knowledge from a source task or do-
main with abundant data and apply it to a target task with limited or FS data [95]. The
underlying principle is that there are shared features or representations between the
source and target tasks, which are transferred to the target model to improve learn-
ing efficiency. In such cases, pre-trained models, such as those trained on large-scale
datasets like FFHQ [12], ImageNet [96], etc., serve as starting points for FS tasks.
These models have already learned useful low-level and high-level feature represen-
tations, which are then fine-tuned using only FS examples.

The methods in [3, 97] are proposed for FS classification. Additionally, GANs are
extensively explored in the context of FS. TGAN [36] is the first approach to use TL
to adapt to the target, which leverages a pre-trained source model. It demonstrates
that transferring both modules of the GAN is more effective than transferring only
one individual module.

FreezeD [98] employs TL and trains the last few layers and freezes the other layers
of the discriminator to enhance FS learning in GANs. Additionally, [99] decomposes
pre-trained weights using singular value decomposition (SVD) and only trains the
singular values to learn the FS target dataset. Furthermore, the methods in [41, 100,
101, 42] use TL for FS and limited image generation.

2.4.2 Data Augmentation

Data augmentation (DA) plays a pivotal role to enhance FS learning, which increases
the size of the training dataset through transformations. DA techniques help to re-
duce over-fitting and generate more diverse training samples from the available FS
data, allow the model to learn a broader range of features and improve generalization
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across the target domain. The most widely used DA techniques are rotation, scal-
ing [3], flipping, cropping [102], translation [103], and many more. However, such
techniques are less effective for FS learning because they only create variations of a
very limited set of examples, which do not provide enough diversity for the model to
generalize well [10].
Therefore, many works [104, 105, 106] are presented to advance DA methods for lim-
ited data. In [107, 108], augmentation is applied to the input data and regularizes the
discriminator’s sensitivity to these augmentations. The regularization term is added to
the loss function and encourages it to produce consistent outputs for the augmented
and original images. It is shown that this approach performs well in limited image
generation. To handle limited data generation, the diffusion process is applied in the
standard GAN to prevent over-fitting of the discriminator, resulting in what is known
as Diffusion-GAN [109]. In standard training, the job of the discriminator is to clas-
sify real and fake images, while in Diffusion-GAN is to distinguish between real and
noisy images. A recent survey in [110] provides a detailed review of FS learning, its
classification, and recent advancements.

2.4.3 Network Architecture

This kind of method implements a distinct architecture for FS and limited data gener-
ation. It typically ensembles pre-trained models such as CLIP [111], enhances feature
representation or a dynamic model to improve the model’s ability in case of FS learn-
ing [61]. The authors Kumari et al. proposed Vision-aided GAN [112], which ensem-
bles a large pre-trained vision model with GANs. The pre-trained model is used as
a feature extractor, along with the original discriminator, to distinguish real and fake
images.





Chapter 3

CFTS-GAN: Continual Few-Shot
Teacher Student for GANs

3.1 Abstract

Few-shot and continual learning face two well-known challenges in GANs: overfit-
ting and catastrophic forgetting. Learning new tasks results in catastrophic forgetting
in deep learning models. In the case of a few-shot setting, the model learns from
a very limited number of samples (e.g. 10 samples), which can lead to overfitting
and mode collapse. So, this chapter proposes a Continual Few-shot Teacher-Student
technique for the generative adversarial network (CFTS-GAN) that considers both
challenges together. Our CFTS-GAN uses an adapter module as a student to learn a
new task without affecting the previous knowledge. To make the student model ef-
ficient in learning new tasks, the knowledge from a teacher model is distilled to the
student. In addition, the Cross-Domain Correspondence (CDC) loss is used by both
teacher and student to promote diversity and to avoid mode collapse. Moreover, an
effective strategy of freezing the discriminator is also utilized for enhancing perfor-
mance. Qualitative and quantitative results demonstrate more diverse image synthesis
and produce qualitative samples comparatively good to very stronger state-of-the-art
models.
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3.2 Introduction

CL and FS learning are two very important problems to take into account, which
affect the applicability of deep learning systems in real cases [6, 10]. Continual
learning makes the model capable of learning new tasks without affecting the pre-
viously learned tasks. However, learning a new task in deep learning models leads to
a well-known problem named catastrophic forgetting [113, 66]. In a few-shot setting,
a model learns only from a few samples (e.g. ≤ 10), which can result in memorizing
the training set and causes overfitting and mode collapse [61]. FS is also a consider-
able matter because of the unavailability of the full dataset due the data privacy con-
cerns. Moreover, FS is an important consideration for such applications where very
limited samples are available, such as healthcare, cybersecurity, etc. Furthermore,
it is also essential due to huge resource consumption, training time, and low-power
devices [6, 10].

Individually, continual and few-shot learning are very well explored; conversely, con-
sidering both together have gained more popularity recently [61]. So, we also take
into consideration both together and present our contributions to the challenging tasks
in this chapter.

In CL and FS there are two very distinct areas of application of the techniques: the
ones that apply to discriminative models, such as classifiers, segmentation models,
etc., and the ones that apply to generative models, such as GAN models. A survey
article in [114] collected the works that considered both the CL and FS together for
classification and segmentation. Various techniques exist that focus on both few-shot
and continual learning to mitigate forgetting and overfitting in classification models.
However, generative models still need more attention and consideration regarding
continual and few-shot learning and have gained attention recently [61]. Therefore,
we consider the CL and FS which apply to generative models, especially to GANs.

The CL approaches are grouped into regularization [40], replay [115], or expansion
methods [63, 116, 117]. Regularization approaches grant to overcome forgetting but
produce blurred samples after learning many tasks [63]. In replay approaches, mem-
ory consideration limits the scalability of these approaches, and data privacy is also
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an important consideration where data privacy is concerned [118]. Dynamic archi-
tectures add additional parameters for CL, do not need previous data samples, and
also provide good results. However, designing such architecture needs careful at-
tention due to increasing the number of parameters [63]. On the other hand, when
limited samples are available for training, instead of learning the data distribution,
the model memorizes the training samples and leads to overfitting and mode col-
lapse. Earlier approaches for FS and limited data generation used transfer learning
and fine-tuning for the target domain generation [119, 120, 121]. Another approach
is data augmentation either for the data or feature level for gaining diversity in the
target generation [122]. However, these approaches are not a good choice in the case
of very limited training samples [123]. In the knowledge distillation, another model
is used to make the deep learning model efficient considering the FS setting [124].
However, all these approaches do not consider both the CL and FS image generation.
Less work has been done considering both few-shot and continual learning together
for GANs [125].

Our work proposes a continual few-shot teacher-student model for GANs (CFTS-
GAN) considering the FS and CL together. Our method uses knowledge distilla-
tion, adding regularization terms for the few-shot image generation. Our CFTS-GAN
model takes inspiration from CAM-GAN [63] for continual learning and from [126]
for few-shot learning. CAM-GAN injects adapter modules on top of a generator
model [127] for continual image generation. It trains only the adapters when a new
task is available, preserving the ability to generate images for the previous tasks. The
CAM-GAN consists of a simple generator architecture compared to StyleGAN2 [128],
whereas StyleGAN2 has more control over the image generation due to latent space
manipulation and adding noise in every stage. We extend the CAM-GAN training
with the teacher-student architecture to improve its performance and with the CDC
loss to preserve diversity and avoid mode collapse. Our final architecture consists of
three generators: a source, a teacher, and a student. Starting from a source generator,
previously trained on a large dataset, we train CFTS-GAN in two stages. In the first
stage, the teacher model is trained on the current task, preserving the generator di-
versity with the help of the CDC loss [126] between the source model and itself. In
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the second stage, when the student model is trained on the current task, the student
takes advantage of the teacher, squeezing teacher knowledge inside the adapters and,
at the same time, preserving generator diversity using CDC loss between the source
model and itself. By applying CDC loss to both, we decrease the probability that the
generators lose the ability to generate different images. CFTS-GAN also utilizes a
simple technique of freezing the student’s discriminator to obtain much better results
[98]. The quantitative results demonstrate that our approach gains more diversity and
obtains comparatively higher-quality samples compared to stronger models [125],
[126], [129], and [130], which are derived from a more advanced architecture [128].
The main contributions of this chapter are summarized in the following points.

• We propose a teacher-student model for continual few-shot image synthesis,
to condense the knowledge of a generator into the adapters of a CAM-GAN
model.

• To preserve the diversity of the image generated and prevent mode collapse due
to memorization of few available examples, we employed the Cross-Domain
Correspondence (CDC) loss [126] in both the teacher and student models train-
ing, introducing a source model pre-trained on a large dataset.

• To further refine the model performance, a simple strategy of freezing the dis-
criminator in the student training is also used [98].

• To evaluate image quality and diversity, the performance of the CFTS-GAN is
analyzed on different few-shot datasets using FID and B-LPIPS [125] metrics.

3.3 Literature Review

Continual Learning. Generative models have been recently analyzed to generate
data continually and get rid of overriding new information on the older ones. A well-
known approach in [70] is proposed for discriminative models where an additional
loss term is added to retain the previously learned distribution. The idea of [70] is
utilized and implemented in GAN [40] where an additional loss term is added only to
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the generator of the conditional GAN to prevent previously learned distribution from
drifting and avoid forgetting. However, after too many tasks the model saturates and
provides an unrealistic generation of images. Another notable approach is memory
replay GAN (MeRGAN) [131] in which a previous sample is recalled during train-
ing for the current task. The previous data sample is generated using the generator
which solves the issue but still provides unrealistic samples after many tasks. More-
over, rehearsal-based approaches are limited to label conditional generation [132].
To implement both label and image conditional GAN, the authors in [132] proposed
an approach using knowledge distillation for lifelong generation. However, the pro-
posed lifelong model is shared across all tasks, so the previous task generation quality
is degraded as new tasks arrive. In parameter isolation-based approaches, the param-
eters of the previous tasks are kept unchanged while learning new tasks. One way
of parameter isolation is to expand the network and each task has its own param-
eters [133, 134]. Another way is to use the same architecture but allocate distinct
parameters for each task [91, 135]. For continual classification, a model is designed
using universal and parameter vectors for learning shared and task-specific domains,
respectively [136]. In [116], add additional layers for learning a new task and use
previously learned knowledge, and fine-tune for better convergence. CAM-GAN au-
thors [63] proposed a continual learning approach that is based on adding adapter
modules for learning the upcoming tasks without affecting the previously learned
distributions. Taking inspiration from them, we extended their model to work on a
more challenging scenario of CL and FS, together. We also use their adapters con-
cept on a Teacher-Student setting to enhance generation quality and CDC loss to
preserve the diversity of generated images.

Few-Shot Learning. Many methods exist for the few-shot GANs [137, 138, 139].
A simple fine-tuning FreezD method based on freezing the discriminator layers to
achieve the few-shot image generation is presented in [98]. Transfer learning is also
considered for the few-shot image synthesis in [121]. BSA [105] adds a small number
of parameters to the source model based on the statistics of the feature map. CDC
[126] preserves the diversity of the images by applying cross-domain correspondence
between the source and target images. Other variants of CDC are also presented in
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[129] and [130]. Similar to CDC the DCL [130] uses the mutual information between
the source and target domains. These approaches consider only few-shot learning,
while in our case, we take into consideration both continual and few-shot learning.
Continual Few-Shot Learning. For discriminative models, a hyper-transformer is
used for few-shot lifelong learning classification in [140]. The hyper-transformer
generates the weights for learning the new task. The authors in [141] proposed an-
other approach for the few-shot class incremental classification using a neural gas
network. An expansion-based idea is presented in [142] for few-shot discrimination,
which tries to make the same sample closer and increase the space between differ-
ent samples for few-shot settings. Conversely, generative models in terms of both
continual and few-shot settings are not widely explored. According to the authors,
the LFS-GAN [125] is the first approach that considers both setups together. LFS-
GAN appends additional parameters for learning new tasks. The distance between
generated fake samples and input noise is maximized to produce diverse images. A
continual few-shot image translation is proposed in [143]. This method introduces
new scale and shift parameters and modulates the older parameters to learn the newly
introduced scale and shift parameters. We proposed different training approaches for
continual few-shot learning utilizing the architecture of [63], introducing a teacher-
student architecture. Moreover, we also applied the CDC loss in both training stages
to obtain better diversity.

3.4 Method

In this section, we describe our approach for the continual few-shot image generation,
which is divided into several subsections. Sections 3.4.1 and 3.4.2 give details of
the preliminaries of continual and few-shot learning and CDC loss. Section 3.4.3
describes the teacher-student model and their objectives.

3.4.1 Continual Few-Shot GAN

For continual few-shot image synthesis, a set of multiple tasks T = {T0, ..,Tt} is con-
sidered (Figure 3.1). Each task Ti consists of a dataset with few samples x0,x2, .....xn,
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Figure 3.1: The teacher-student model for continual learning GAN. The dashed lines
show the frozen model. a) shows the teacher model training. b) demonstrates training
of the student model.

where n is the total number of samples in the training set. If n is low (i.e., n ≤ 10), we
are in the case of few-shot learning. As in the CL setting, when the model is trained
on a new task Ti, previous training data are no longer available and then can not be
used for this training step.

GANs are usually composed of two models: a discriminator D and a generator G. The
objective of D is to discern real data from synthetic samples generated by G. While
the objective of G is to generate samples that look real to fool D. The generator learns
parameters θ from a probability distribution pdata(x) for a given dataset to produce
synthetic data. These fake images are generated from a random Gaussian distribution
p(z). Both D and G are trained together in an adversarial manner to achieve the
following objective [144]
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min
G

max
D

Ex∼pdata(x)[logD(x)]+Ez∼pz(z)[1− logD(G(z))]+R(θd) (3.1)

where pdata(x) is the distribution of real data and pz(z) is a random Gaussian distri-
bution noise, R(.) is a regularization term [127].

For each task Ti, our training is composed of two stages. In the first stage, a teacher
model is trained on the FS dataset for task Ti. In the second stage, to exploit the
knowledge distillation [145] using the teacher, the student model is trained. To en-
hance the diversity of the generated examples and avoid mode collapse, the Cross
Domain Consistency (CDC) loss is employed for both training, teacher, and student,
in addition to adversarial loss, as explained in the following paragraphs.

In the case of FS, due to limited samples, the discriminator part of the GAN also
overfits and affects the generator training. So, freezing the discriminator is one of the
strategies to avoid the overfitting of it [98].

3.4.2 Cross Domain Consistency Loss

Considering that few-shot learning leads to mode collapse in GANs, data augmenta-
tion is one possible solution for diverse image generation but it works better when the
training samples are in a much larger number [123]. Since we are in a much more re-
strictive situation, to preserve the source diversity and avoid mode collapse, we took
inspiration from the [126]. During the training process of the generator (teacher or
student, depending on whether we are in the first or second stage) on the dataset for
the task Ti, another frozen generator, called source, is incorporated into the training
procedure.

As previously mentioned, we consider two generators in this scenario: Gsource, trained
on large dataset (in our case, trained on the FFHQ dataset), and Gtarget , which is
trained using a few-shot learning method on dataset for the task Ti. At each training
step i, two noise vectors z j and zk are sampled and passed to both the Gsource and
Gtarget . The probability distribution between different noise vectors for the source
and target is given as
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ysource = Softmax
({

sim(Gsource (z j) ,Gsource (zk))
}
∀ j ̸=k

)
ytarget = Softmax

({
sim(Gtarget (z j) ,Gtarget (zk))

}
∀ j ̸=k

) (3.2)

where ysource and ytarget are the probability of the source and target, sim denotes the
cosine similarity, and Gsource(z) and Gtarget(z) are the output layer for the source and
target generators. We use the KL divergence to encourage the target generator to have
a similar distribution of the source generator. This loss is called the CDC loss and is
given as:

Lcdc (Gsource,Gtarget) = KL(ytarget∥ysource) . (3.3)

In our case, our target generator Gtarget will be the teacher or the student, depending if
we are in the first or second stage. In the following sections, we will use the notation
Gteacher and Gstudent instead of the target Gtarget for the corresponding teacher and
student training.

3.4.3 Teacher Student Model

Our generator model, based on CAM-GAN [63], injects adapter modules on top of
GP-GAN [127] for continual learning. The CAM-GAN consists of global weights
θglobal and adapter weights θadapter. The latter are used for learning the upcoming
tasks while freezing the global weights, so as not to affect the previous tasks genera-
tion.

Our continual few-shot image generation training is composed of two stages, and
takes into account three generators: source, teacher, and student. All of them have the
same architecture, but each one is used in a particular setting and different purpose.
At the beginning, the source is trained on a very large dataset. As shown in Figure
3.1(a), in the first stage, the teacher model is cloned from the source model and trained
all its weights θteacher. Because the teacher is also trained in a few-shot setting, to
enforce the diversity, we support its training with the CDC loss [126], in addition to
its adversarial loss.



36 Chapter 3. CFTS-GAN

As shown in Figure 3.1(b), in the second stage the student model is trained. To
achieve the continual image generation objective, we considered the student model
weights θstudent as the combination of global weights θglobal and adapter weights
θadapter, initially cloned from the source. To learn the current few-shot task Ti, only
the adapters’ weights are trained, while freezing the global weights. To make the stu-
dent more effective in learning the current few-shot task Ti, it takes advantage of the
source using CDC loss [126], and from the teacher model, previously trained with
the same dataset, using a loss of knowledge distillation [145].

Teacher objective. The teacher learning is shown in Figure 3.1(a). The teacher model
objective uses the adversarial loss as given in the equation 3.1. For diverse image
generation, the CDC loss is used along with the adversarial loss. So, the objective of
the teacher is the sum of the adversarial loss and CDC loss for the teacher Gteacher

and is given by

Lteacher = Ladv +wtLcdc (Gsource,Gteacher) , (3.4)

where wt is a scalar weight factor for the CDC loss. Unlike starting from scratch, the
teacher model’s weights are initialized with the source parameters.

Student Objective. The training process of the student model is depicted in Figure
3.1(b). To train the student model Gstudent , the knowledge from the teacher model
Gteacher is transferred to the student. To transfer the knowledge from the teacher
model to the student, we utilized the Mean Square Error (MSE) loss [145], termed
as Lkd , applied to the output. This loss minimizes the loss between the teacher and
student, and its objective is given by

Lkd =
1
N

N

∑
i=1

||Gteacher(z)−Gstudent(z)||2. (3.5)

Moreover, the objective of the student adapter modules is to fool the discriminator,
minimizing the standard GAN loss

Ladv =
1
N

N

∑
i=1

log(1−D(Gstudent(z))), (3.6)

where D means the discriminator network of the GANs. Lastly, the Lkd and the
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standard GAN loss are combined with the CDC loss to obtain more diversity. The
final objective of the student is given by

Lstudent = Ladv +αLkd +wsLcdc (3.7)

where α is the weight of the loss Lkd and ws is the weight of the CDC loss for the
student.

3.5 Experiments

Datasets. This section provides details of the performed experiments and shows the
qualitative and quantitative results of the CFTS-GAN for continual few-shot image
synthesis. The datasets taken into consideration for the experiments are sketches
[126], female [146], sunglasses [126], male [146], and babies [126]. These datasets
are used as the target datasets for evaluating the efficacy of our model for the few-shot
continual generation of images. Each of these datasets consists of 10 samples. While
the source model is pre-trained on a large FFHQ dataset [30].

Evaluation metrics. The state-of-the-art CDC [126], RSSA [129], DCL [130], CAM-
GAN [63] and LFS-GAN [125] approaches are considered for comparison. The CAM-
GAN model appends adapter modules on top of [127] for continual image gener-
ation. The LFS-GAN adds more weights for the subsequent tasks using few-shot
learning. Where LFS-GAN derives its model from a very strong model StyleGAN2
[128]. Moreover, it also utilizes the patch discriminator [126] to improve the tar-
get generation. While others compared state-of-the-art models are also based on a
stronger model [128]. We evaluated our CFTS-GAN teacher-student model for the
few-shot continual learning, which produces diverse images and has a quality near
to the stronger LFS-GAN model. The Fréchet inception distance (FID) [31] and B-
LPIPS [125] are used as quantitative metrics. The FID score indicates how close the
synthesis images are to the real images. The lower FID means that the generator pro-
duces samples closer to the real images. While the B-LPIPS shows the diversity of
the images, the higher score shows a more diverse image generation.
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Training. The source model is pre-trained on the source task using a large dataset
such as the FFHQ dataset. The FFHQ contains 70k high-resolution image samples.
The input image dimension fed into the model is 256×256. The other datasets men-
tioned above are considered as subsequent tasks. Therefore, the teacher and student
models are trained to generate new tasks continually. For the training, only the data
from the current task is available, while the previous data is not available. The teacher
model is trained on a few-shot images. The knowledge is then transferred from the
teacher to the student model using knowledge distillation while also maintaining the
source diversity. So the teacher-student model correspondingly produces quality and
diverse samples without affecting the previous knowledge.

3.5.1 Qualitative Results

The qualitative results are shown in Figure 3.2. Our model is able to generate dif-
ferent, diverse, and comparatively quality samples of images continually. The model
produces the current data samples without affecting previously learned samples. Only
a few generated samples from each task are presented.

3.5.2 Quantitative Results

The comparison in terms of FID and B-LPIPS scores with the state-of-the-art models
is shown in Table 3.1. The bold value represents the best results while the under-
lined values represent the second-best results. The CFTS-GAN represents the best
performance than CAM-GAN, CDC, RSSA, and DCL in terms of both B-LPIPS and
FID, maintaining the same number of weights and same architecture on evaluation
as CAM-GAN. Except for the FID of babies, the CDC is the second best. Compared
to LFS-GAN, the teacher-student model also gives the best performance in terms of
B-LPIPS. In terms of FID, the LFS-GAN [125] performs best, probably because of
utilizing a very strong baseline model StyleGAN2 [128].
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CAM-GAN LFS-GAN CTFS-GAN

Figure 3.2: Qualitative results: Generated samples. In each group, the first column is
for sketches (Task 1), and the second, third, fourth, and fifth are for females (Task 2),
sunglasses (Task 3), males (Task 4), and babies (Task 5).

Table 3.1: Quantitative results comparison in terms of FID (↓) and B–LPIPS (↑) for
each task with state-of-the-art methods.

Sketches (T1 ) Female (T2 ) Sunglasses (T3 ) Male (T4 ) Babies (T5 ) Average

FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS

CDC [126] 322.72 0.205 197.40 0.427 244.94 0.463 277.00 0.381 69.98 0.454 208.41 0.386

RSSA [129] 308.00 0.285 175.20 0.440 207.58 0.484 205.49 0.405 76.70 0.481 194.59 0.419

DCL [130] 297.73 0.307 170.31 0.435 191.54 0.490 194.42 0.443 77.22 0.487 186.25 0.432

CAM-GAN [63] 91.81 0.293 85.68 0.332 86.81 0.333 82.83 0.312 146.20 0.181 98.66 0.290

LFS-GAN [125] 34.66 0.354 29.59 0.481 27.69 0.584 35.44 0.472 41.48 0.556 33.77 0.489

CFTS-GAN (ours) 82.49 0.399 62.10 0.707 36.03 0.966 66.23 0.760 96.62 1.02 68.69 0.770

3.5.3 Ablation Study

To show the effectiveness of the CFTS-GAN, we analyzed each component of our
proposed method. The details for each component are given below.

Effect of CDC on the teacher. We analyzed the effect of CDC loss using different
values of wt which are shown in Table 3.2. From the ablation, it is concluded that
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it increases diversity as we give more value to it. However, increasing wt after some
point leads to a higher FID score. So, in our experiments, we use the optimal value
of wt = 40 for training the teacher model for all of the tasks. It is because of gaining
better FID at this point.

Table 3.2: Ablation study for the teacher using wt for sunglasses dataset.

wt 10 20 30 40 50 60 70

FID 79.41 63.70 46.94 46.76 54.21 63.39 65.76
B-LPIPS 0.245 0.516 0.856 0.930 0.943 0.956 0.976

Effect of CDC on the student. We also inspect the CDC loss terms and see its effect
on the student model. Giving more weight to the CDC loss obtains more diversity, and
less weight leads to less diversity. However, increasing its effect leads to degrading
the FID as we analyzed for the teacher. We performed some ablation studies on the
sunglasses dataset for different values of ws which is shown in Table 3.3. Assigning
the ws = 20 works better for gaining more diversity with better FID. So, for all the
tasks, we used ws = 20 for the student model.
Effect of Lkd on the student. The experiments are also performed by assigning
different values to α . We observe that giving the value of 2 leads to better results as
shown in Table 3.3. Giving more value to it has more impact on diversity. Assigning
greater value to it leads to more diversity and light improvement in the FID. From
this ablation study, we found that when α = 2, we have better FID. Therefore, we use
the mentioned value for the rest of the tasks.

Table 3.3: Ablation study for the student on α and ws for the sunglasses dataset.

α = 0 α = 2 α = 5 α = 10

ws 10 20 30 40 10 20 30 40 10 20 30 40 10 20 30 40

FID 56.35 39.92 40.98 53.6 50.66 37.54 42.07 54.31 50.08 38.55 39.67 47.87 46.59 42.80 39.72 46.94

B-LPIPS 0.588 0.942 0.990 1.01 0.768 0.944 1.02 1.01 0.851 0.993 0.991 1.00 0.917 0.997 1.00 1.01

Freezing student discriminator. We also analyzed the student model by freezing
the layers of the discriminator of our CFTS-GAN. We inspect that training the last
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24 layers of the discriminator leads to better FID scores and more diverse image
generation instead of training all the layers (total layers are 36) of the discriminator.
The ablation study for the student model with a frozen discriminator is shown in Table
3.4. For this ablation study, we consider the teacher with the best value as given in
Table 3.2. From this analysis, it is concluded that instead of training all the layers, if
some portion of the discriminator is kept frozen, it leads to better results.

Table 3.4: Ablation study for the student with freezing discriminator for sunglasses
dataset.

Number of last trained layers 6 12 18 24 30 36

FID 51.22 39.20 38.98 36.03 40.38 37.54
B-LPIPS 0.902 0.910 0.922 0.966 0.971 0.944

3.6 Summary

This chapter proposes a continual learning few-shot generative adversarial network
CFTS-GAN. The CFTS-GAN considers the challenging tasks of catastrophic forget-
ting and overfitting problems in GANs. We used the teacher-student model for the
challenging task of continual few-shot image generation. For continual learning, the
CFTS-GAN uses adapter modules as a student to learn new tasks while preserving
previously learned knowledge. The teacher model helps the student to produce better
and more diverse image generation. The CDC is used by both the teacher and stu-
dent to preserve the source diversity and prevent mode collapse. Moreover, we used a
simple, effective strategy of freezing the discriminator for further improvements. To
show the performance of the CFTS-GAN model, it is analyzed on different datasets.
The performance analysis shows better results and produces diverse images than the
state-of-the-art models.
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3.7 Supplementary Materials: Progressive Modular Expan-
sion

Inspired by [147], in this study, we evaluate the expansion of the adapter modules
in CAM-GAN [63], which we refer to as progressive modular expansion (PME),
to support CL across multiple tasks. We introduce multiple task-specific adapters in
parallel, enable the model to grow the model progressively, and learn new tasks while
preserving knowledge of the earlier tasks to avoid CF. PME allows the model to scale
for new tasks and maintains performance even as new tasks are added sequentially.

3.7.1 Progressive Modular Expansion

In our implementation, the CAM-GAN framework is expanded with a series of adapter
modules as new tasks are encountered. Each adapter module is designed to adjust the
generative model’s capacity to learn task-specific features without affecting the pre-
vious knowledge.
As discussed in section 3.4.3, the CAM-GAN consists of two building blocks: θglobal

and adapter weights θadapter. In our case, we expand the adapter for multiple tasks and
learn them sequentially, represented as θ

(i)
adapter. Where i represents the current task

sequence number. The base task is learned by training both θglobal and the adapter
weights θ

(0)
adapter. For the subsequent task, the base task and the previous task-specific

adapter are kept frozen, and the new task-specific adapter θ
(i=1)
adapter is trained, and so

on for a total of i tasks. We consider three tasks, so i = 2, including the base task.
The model for i = 2 is shown in Figure 3.3. The new task-specific adapter modules
are introduced in one of two ways: either by adding a new adapter for each new
task or by taking the weighted sum of all existing adapters to create a more unified
representation for the upcoming tasks. Mathematically, both approaches are given as:

θ
(t)
adapter = ∑

i=0
θ
(i)
adapter, (3.8)

and
θ
(t)
adapter = ∑

i=0
ai ∗θ

(i)
adapter, (3.9)
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Figure 3.3: Parallel expansion of adapter modules to continually learn subsequent
tasks. The red lines indicate the model is already trained on previous tasks, sequen-
tially, while the blue line represents the training of the adapter for the current task.

where ai is the weight factor for the adapter module and θ
(t)
adapter represents the sum-

mation of all adapters.
Each adapter incrementally learns a new task, while the shared base model and
all previous adapters remain frozen. After each task is learned, the model switches
among tasks and activates the corresponding adapter module, and generates the cor-
responding task specific images.

3.7.2 Experiments and Results

We evaluated and performed experiments on the progressive modular expansion. In
this case, the model is evaluated after training on the limited datasets not on the FS
dataset. It is because we follow the experimental setup of CAM-GAN. Therefore, we
considered CelebA [148] dataset as a base task, while the Flower [149] and Cathedral
[150] datasets are used as subsequent tasks. The FID is used as an evaluation metric.
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Quantitative Results: We measured the quantitative performance (shown in Table
3.5) in terms of FID metric, which is most common for generative models. Our ap-
proach demonstrates consistent performance across tasks, with no degradation in FID
as tasks are added. The task-specific adapters allow the model to maintain good qual-
ity generation for both old and new tasks. The FID for PME is worse than CAM-GAN
it is because we add the current adapter with the previous ones, which leads to learn
from noisy images. Therefore, our model does not converge and produces samples of
lower quality compared to CAM-GAN.

Table 3.5: CL image generation: comparison with CAM-GAN in terms of FID (↓)
across two different tasks. The results are taken after learning all the tasks.

CelebA (T0) Flower (T1) Cathedral (T2)
Method FID FID FID
CAM-GAN [63] 5.29 23.0 9.52
Ours 5.29 38.11 21.72
Ours (Wegithed Sum) 5.29 34.69 18.20

Qualitative Results: The visual results are shown in Figure 3.4. The generated out-
puts demonstrate that the model is able to maintain quality samples for earlier tasks
while accurately generates new samples for subsequent tasks. The separation of task-
specific knowledge in each adapter module allowed the generative model to adapt to
new tasks without degradation of the previous knowledge.

Ablation study for the weight factor a: We analyzed the weighted sum and con-
ducted an ablation study for different values of the weight factor. The results of the
ablation study are provided in Table 3.6, where a = 0.5 the model performs better. It
is because this ensures a balanced contribution of all adapters in the combined repre-
sentation for each new task. This value indicates equal importance to the contribution
of each adapter. As a result, it prevents the model becomes too specific for any one
task.
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Figure 3.4: Quantitative results of PME. The PME continually generates all the tasks
(CelebA, Flower, and Cathedral) without affecting the previous knowledge.

Table 3.6: An ablation study on the weight factor a for the second scenario of PME

a 0.3 0.5 0.7 1

FID FID FID FID

Flower 36.13 34.68 36.89 38.11

Cathedral 19.39 18.20 20.12 21.72

3.7.3 Discussion

The parallel expansion of adapter modules for subsequent tasks in CAM-GAN pro-
vides a solution for CL. By introducing task-specific modules that operate indepen-
dently, this approach avoids the problem of CF. Additionally, the parallel expansion
mechanism allows the model to scale efficiently as more tasks are added and learns
them sequentially.
As discussed, PME does not result in better image quality due to the initialization of
new tasks’ parameters from noisy data. Therefore, in chapter 4, we introduce a more
parameter-efficient method by incorporating low-rank tensors. Initially, we initialize
one tensor to zero, which results in no changes to the source information, ensure that
it is not affected. In this case, the target task leverages the source information as much
as possible and converges quickly.





Chapter 4

CoLoR-GAN: Continual Few-Shot
Learning with Low-Rank
Adaptation in Generative
Adversarial Networks

4.1 Abstract

Continual learning (CL) in the context of Generative Adversarial Networks (GANs)
remains a challenging problem, particularly when it comes to learn from a few-shot
(FS) samples without catastrophic forgetting. Current most effective state-of-the-art
(SOTA) methods, like LFS-GAN, introduce a non-negligible quantity of new weights
at each training iteration, which would become significant when considering the long
term. For this reason, this chapter introduces continual few-shot learning with low-
rank adaptation in GANs named CoLoR-GAN, a framework designed to handle both
FS and CL together, leveraging low-rank tensors to efficiently adapt the model to tar-
get tasks while reducing even more the number of parameters required. Applying a
vanilla LoRA implementation already permitted us to obtain pretty good results. In
order to optimize even further the size of the adapters, we challenged LoRA limits
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introducing a LoRA in LoRA (LLoRA) technique for convolutional layers. Finally,
aware of the criticality linked to the choice of the hyperparameters of LoRA, we pro-
vide an empirical study to easily find the best ones. We demonstrate the effectiveness
of CoLoR-GAN through experiments on several benchmark CL and FS tasks and
show that our model is efficient, reaching SOTA performance but with a number of
resources enormously reduced. Source code is available on Github.

4.2 Introduction

Recent advancements [151, 12, 29, 152] in GANs show promising results on existing
benchmark datasets. However, these models rely on a large amount of data for better
performance. Usually, when new data is available for training, the model updates all
the parameters because a trains from scratch is needed to preserve old generation
capabilities and extend it with the new data. This is not always desirable, because
it requires a long training and every time more longer, because the dataset increases
during time. Neither, it is a feasible behavior, because not always all the data are
available. In the worst case, as in the Continual Learning (CL) scenario, past data
is not available anymore and training on new data only exposes the model to the
phenomenon known as catastrophic forgetting [17]. Moreover, in many scenarios
due to privacy concerns and domains which have limited data such as health, art, etc.,
only a few samples are available for each task, making it challenging for models to
adapt efficiently [114]. Therefore, in Few-Shot (FS) the challenge arises from the few
samples (e.g. ≤ 10) available for training which can lead to over-fitting [153].

Unlike discriminative models, GANs are not explored very well in the context of both
FS and CL. GAN is known for its ability to generate high-quality synthetic data but
faces significant difficulties in handling the evolving nature of tasks. Therefore, con-
sidering both FS and CL together is an emerging and challenging area [16]. In this
context, the GAN have to learn sequentially with few training samples over time
without affecting the previous knowledge. Existing studies such as regularization
[41, 100, 101] focus only on FS and fine-tune all the parameters during the adaptation.
These approaches are very good to maintain the diversity of the source domain. How-

https://github.com/munsifali11/CoLoR-GAN
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ever, they do not consider CL and that limit the applicability of generating previously
learned representations. On the other hand, many methods [154, 87, 16, 155] focus
only on mitigating catastrophic forgetting by expanding the source model. Neverthe-
less, these models require a large number of parameters for the target tasks, leading
to a storage burden to save the target parameters. A recent study [16] proposed a
modulation-based efficient approach that considered both FS and CL together and
produced high-quality and diverse images. Unfortunately, the adapted parameters are
very complex and still need consideration to reduce them. Furthermore, a simple
approach with less parameters can be effective for FS, as training with too many
parameters can lead to over-fitting [156].
In response to these challenges, this chapter introduces CoLoR-GAN (continual learn-
ing with low-rank adaptation in GANs). Our approach takes inspiration from LoRA
[59] and appends low-rank parameters to the source model to address the issues of
catastrophic forgetting in CL scenarios. Low-rank adaptation facilitates efficient pa-
rameter updates and reduces the risk of over-fitting to the target tasks, while enabling
the model to effectively learn tasks without forgetting. Furthermore, we extend LoRA
methodology to reduce the parameters number in case of convolution, introducing
a LoRA in LoRA mechanism. Moreover, because LoRA is usually very sensitive
to hyper-parameters selection, we describe an easy approach to select the most ap-
propriate ones. The evaluation of CoLoR-GAN on several benchmark FS datasets
demonstrates its effectiveness in mitigating catastrophic forgetting while achieving
comparable performance to SOTA methods but with less parameters and less training
iterations.
The main contributions of our work are:

• Inspired by LoRA [59], we added the low-rank tensor on top of StyleGAN2
for CL and FS image generation; introducing also a LoRA in LoRA (LLoRA)
for convolutions, in order to even further decrease the number of parameters.

• We provide an empirical study to choose the most effective LoRA hyper-
parameters in generative CL and FS tasks.

• We evaluated the CoLoR-GAN through experiments on the CL and FS datasets
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and demonstrated its performance in terms of quality and diversity compared
the state-of-the-art.

4.3 Literature Review

FS Learning: In FS, we are in a situation where data is scarce and we have only
few-sample to train a model [36]. Recent advancements leverage ensemble mod-
els [47, 157], incorporating techniques such as regularization [70, 158], expanding
network [42], or contrastive learning [101, 159] to enhance performance in FS. The
CDC [41] introduces a method for FS image generation by leveraging cross-domain
correspondence loss. RSSA [100] introduces a relaxed spatial structural consistency
loss enables the model to maintain structural information from source images. In
[101] the DCL method is proposed with the aim of retaining the diversity of the
source domain using the contrastive loss. AdAM [42] is a modulation-based ap-
proach. Instead of fine-tuning all the parameters, it introduces additional modulation
parameters that handle FS learning, while keeping the source parameters frozen. All
these approaches work very well. However, they focus solely on FS learning. In con-
trast, our method addresses the more challenging task of combining FS learning with
CL.

CL: CL in GANs research area addresses the challenge of maintaining knowledge
across multiple tasks. Various methods, including rehearsal strategies [86], regular-
ization techniques [70], and architectural expansion [63, 160] exist for CL in GANs.
The CAM-GAN [63] introduces a novel CL framework for GANs. The approach
leverages adapter modules integrated into the existing architecture [65]. The adapters
ensure the learning of new tasks and adapt incrementally. An alternative approach for
both discriminative and generative models is presented in [160], introducing efficient
parameters for CL. Recently, low-rank adaptation (LoRA) [59] gained popularity in
LLMs for CL [161]. It reduces the memory and computation overhead when adapt-
ing a pre-trained model to new tasks. A recent approach utilizing LoRA for diffusion
models is proposed in [162]. Although these methods achieve promising results, they
do not address FS learning. In contrast, our model considers a more challenging task
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of FS and CL, offering a distinct advancement over previous approaches.

CL and FS Learning: One of the most challenging task considers both FS and CL
together. In this setup, models adapt to new tasks with only a few training samples
while simultaneously maintaining the performance on previously learned tasks [17].
The approach for conditional GANs in [113] leverages the replay method and a novel
discriminative mode affinity loss to address CL and FS. Another approach introduced
in [154] for both FS and CL considers the teacher-student model with CDC loss. A
recent approach named LFS-GAN [16] presents an approach that considered both FS
and CL in GANs. This method introduces low-rank tensors to learn new tasks while
retaining previously acquired knowledge efficiently. Additionally, the approach in-
corporates a loss function to enhance the diversity of synthesized images. These ap-
proaches provide the best results. However, they require more parameters and training
loops compared to ours. Unlike LFS-GAN which relied on complex operations (i.e.
decomposition and reconstruction of multiple tensors and modulates the pre-trained
parameters), we took inspiration from [59] and incorporated simple low-rank ten-
sors and added them to pre-trained weights. In this way, our model gives comparable
results and maintains the source information while enabling more efficient training
with significantly fewer parameters.

4.4 CoLoR-GAN model

4.4.1 Preliminaries

LoRA Background: Because fully training a Large Language Model (LLM) is very
expensive, the LoRA [59] finetuning trick has been proposed to reduce, as much
as possible, the number of weights involved in the training without performance
penalties. The low-rank adaptation incrementally updates internal pre-trained model
weights. Consider a pre-trained weight matrix W0 ∈ Rd×k. Instead of modifying the
entire weight matrix during incremental fine-tuning, it approximates the update as a
low-rank adaptation of two matrices B ∈ Rd×r and A ∈ Rr×k, where r is the rank of
the matrix. The adapted weights Ŵ are given as follows:
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Ŵ =W0 +∆W =W0 +
α

r
BA (4.1)

where ∆W represents the weight updates and α the scaling factor that controls the
LoRA influences. Selecting an r much lower than d and k, means that d×r+r×k ≪
d × k and therefore that the additional trained parameters can be really small.

CL and FS Definition: In the case of continual learning, different tasks T =T1,T2, ...Tn

are considered to train the model while maintaining performance on previously learned
tasks without revisiting them. Let Di = {xt

i}
k
i=1 be the dataset for the task Ti. In FS

case, the k is limited to a very small number and represents the number of training
samples in the dataset for the task Ti. At time i, only the current task is available to
train the model. Let Wi represents the model parameters after learning task Ti. The
goal of continual learning is to optimize the weights on each task sequentially and
preserves the ability to generates all the tasks.

4.4.2 StyleGAN2 LoRA Adaptation

Let’s revisit the original StyleGAN2 model, which is very popular for synthesizing
images. It consists of two modules: mapping and synthesis network. The first one
translates a noise into a latent vector, while the synthesis network transforms the
intermediate latent vector into an image. In Fig. 4.1, the StyleGAN2 is shown with
dashed green boxes.

On the top of StyleGAN2, we adapted the low-rank tensor as given in Eq. 4.1 into the
mapping, and synthesis modules. The LoRA adaptation for CL and FS generation
is shown in Fig. 4.1 with solid yellow boxes. The pretrained StyleGAN2 weights
are frozen while only the low-rank tensors are trained for the downstream tasks. By
freezing the pretrained weights of StyleGAN2 and training only the low-rank tensors,
we aim to adapt the model to new tasks while leveraging and retaining the source
model’s knowledge. Each new task involves new adapted trained weights, which are
preserved to save past generation abilities when new tasks are available.

LoRA FC: In the mapping network, we extended each fully connected (FC) layer
with a LoRA FC layer. A FC layer is composed of a weight tensor WFC ∈ Rdout×din .
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Figure 4.1: Low-rank tensors adaptation (solid yellow) is incorporated into the pre-
trained StyleGan2 model (solid green) for continual few-shot image generation. For
a CL FS task, only the adapted weights are trained.

LoRA FC introduces WFC, composed of two new low rank tensors B ∈ Rdout×r and
A ∈ Rr×din :

∆W = B×A

ŴFC =WFC +
α f c

r
∆W

(4.2)

where din and dout are the input and output dimensions, r represents the rank, ŴFC

represents the new FC weights after LoRA adaptation and the symbol × represents
matrix multiplication.
LLoRA Conv: In the synthesis part, we extended all convolutional layers with a
corresponding LoRA module. Due to the high dimension of the convolution weight
tensor Wconv ∈Rcout×cin×k×k, we define a LoRA in LoRA (LLoRA) adapter. As previ-
ously done for FC, we define the new convolutional weights as:

∆Wconv = act(B×A)

Ŵconv =Wconv +
αconv

r
∆Wconv

(4.3)
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where Wconv, Ŵconv and ∆Wconv represent the pretrained frozen convolutional weights,
the convolutional weights after LoRA adaptation and the LoRA adaptation weights,
respectively. All of them have the shape Rcout×cin×k×k. And, α , cin, cout and k× k are
the hyper-parameter to control the target adaptation, the in and out channels, and the
kernel size, respectively.
The B ∈Rr×cout×k×k and A ∈Rr×cin weights represents the low-rank matrices that are
learned for each task. Here, differently from LoRA FC, to enhance model expressiv-
ity, we introduce also a non-linearity to compute ∆Wconv (a ReLU activation function),
because it play a crucial role in significantly enhancing the model’s performance and
expressivity.
Because the number of weights in B could be relatively high, to reduce its impact we
take inspiration from [16], and factorize it in the following way:

B = act(B′×Minst) (4.4)

where B′ ∈Rcout×r and Minst ∈Rr×r×k×k are the low rank matrices that multiplied to-
gether are forming the B. Because this low-rank parametrization is a LoRA itself, and
is positioned inside a LoRA, we define this architecture as LoRA in LoRA (LLoRA)
Conv. It is worth noting that another non-linearity is introduced to enhance model
expressivity even further.
Scaling factor: The constant value α

r represents a scaling factor that influences how
much the LoRA parameters weigh over the total. Usually, the divisor is set equal
to the rank r, and there is no general rule to choose the dividend α . In literature,
the choice of this value was explored in other contexts [163, 164, 165], leading to
empirical choices. As noted by the authors, final performance is very sensitive to
this value. We tested that, automatically learning the value does not always pay. We
measured the distance between target and source (Ls−t), computing the average of
pairwise LPIPS (Learned Perceptual Image Patch Similarity) [166] distance within
each cluster. Empirically, we noted that for target domains far from the dataset on
which the model was originally pretrained (source dataset), bigger α f c for LoRA
FC and smaller αconv for LLoRA Conv work better. We suppose that it is because
the FC layer handles a more abstract representation, therefore, it benefits from larger
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adaptation while the convolution layers capture more spatial features. From the ex-
periments, we notice that the higher the LPIPS distance from the source, higher α f c

than 1 and the lower αconv than 1 work better. In most cases, best α f c is around 1.5
and best αconv around 0.25. More the Ls−t is higher and more this is true. In other
words, for a dataset far from the source domain, the LoRA weight for the Mapping
network need to be amplified and for the Synthesis network need to be attenuated.

4.5 Experiments

Implementation: We followed state-of-the-art [16] and utilized the pre-trained Style-
GAN2 [29] on the FFHQ [12] dataset and adopted the low-rank tensors for the target
domain generation on the top of StyleGAN2 [29]. The pretrained model remains
frozen, while only low-rank tensors are trained to adapt to the target domains. The
model is trained using Adam optimizer with a learning rate of 0.002 and a batch
size of 4 due to few-shot learning, ensuring efficient updates and steady convergence
[16], the training is stopped at 1500 iterations. The loss used to train the GAN is a
Wasserstein Loss [167].

Datasets: The experiments are carried out on multiple datasets. The StyleGAN2 pre-
trained on FFHQ [12] and the LSUN-Car [150] are considered as a source domain.
The target datasets include Sketches, Females, Sunglasses, Males, Babies [96, 41],
wrecked car1, and truck datasets 2. Each target dataset includes 10 samples for train-
ing. These diverse target datasets help assess the performance of our model across
different target domains.

Baselines: We considered several state-of-the-art models for comparison that address
three distinct aspects of image generation: (i) FS image generation, (ii) CL image
generation, and (iii) FS and CL together. The methods CDC [41], RSSA [100], DCL
[101], and AdAM [42] belong to the first category, focusing on FS image generation.
In contrast, GAN-Memory [87] and CAM-GAN [63] are designed to handle CL.
While the LFS-GAN [16] considered both FS and CL similar to ours.

1The link for wrecked car dataset is here
2The link for truck dataset is here

https://www.kaggle.com/datasets/prajwalbhamere/car-damage-severity-dataset/data
https://zenodo.org/records/5744737
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Metrics: The FID [31] and B-LPIPS [16] metrics are used to assess the performance
of our model. The FID score measures the similarity between synthesized and real
images, indicating that a lower score corresponds to better performance. On the other
hand, the B-LPIPS metric evaluates the diversity of the synthesized images, and a
higher value represents better results. To evaluate FID, we sampled 5000 images,
while 1000 samples are used for B-LPIPS. We followed the same training and evalu-
ation protocol and datasets of LFS-GAN to be as fair as possible.

4.5.1 Few-shot and Continual Learning Evaluation

Qualitative Results: First of all, the CoLoR-GAN model is evaluated for the FS
and CL task. This means that, after training the model on the current FS dataset, all
previous tasks are evaluated as well to check that the model has not forgotten the
past. As shown in Fig. 4.2, our model effectively generates all the previous tasks
and maintains quality and performance without affecting the previous information.
It demonstrates that CoLoR-GAN is able to keep the learned information from the
earlier tasks without degradation or interference like the compared state-of-the-art
model.

Quantitative Results: As shown in Table 4.1, TGAN and other FS methods fail to
generate quality samples due to their lack of consideration for CL. Therefore, the
FID is very higher for these methods. Among FS methods, AdAM performs better
than the others because it does not update all the weights during adaptation. On the
other hand, CL methods such as GAN-Memory and CAM-GAN yield better results
than FS methods by incorporating CL. However, these methods do not account for
the FS scenario, leading them to replicate the training data and over-fit. In contrast,
our model and LFS-GAN effectively address both FS and CL, producing high-quality
and diverse images. Despite LFS-GAN strengths, there is still room for improvement,
because our model CoLoR-GAN achieves almost the same performance with half
parameters and half iterations. The training efficiency measured by the number of
trainable parameters and iterations is shown in Table 4.2.
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Figure 4.2: Qualitative results. Comparison of continual image generation of different
models. The few-shot GAN is not able to produce the previous samples while lifelong
GANs are able to avoid catastrophic forgetting. Each pair of rows shows two samples
from each domain.

Table 4.1: Continual few-shot image generation: comparison with different meth-
ods in terms of FID (↓) and B-LPIPS (↑) across different tasks. The results of all mod-
els are taken after training the model on the last (Babies) task. Best and 2nd highest
results.

Methods Sketches (T1 ) Female (T2 ) Sunglasses (T3 ) Male (T4 ) Babies (T5 ) Average

FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS

Baseline (TGAN) [36] 372.89 0.157 255.33 0.238 309.13 0.247 281.43 0.129 171.19 0.203 278.02 0.195

Few-shot GANs CDC [41] 322.72 0.205 197.40 0.427 244.94 0.463 277.00 0.381 69.98 0.454 208.41 0.386

RSSA [100] 308.00 0.285 175.20 0.440 207.58 0.484 205.49 0.405 76.70 0.481 194.59 0.419

DCL [101] 297.73 0.307 170.31 0.435 191.54 0.490 194.42 0.443 77.22 0.487 186.25 0.432

Adam [42] 161.48 0.250 179.69 0.342 217.19 0.352 163.87 0.299 110.08 0.407 166.82 0.330

Continual GAN-Memory [87] 69.58 0.311 71.56 0.287 87.02 0.169 99.44 0.143 177.73 0.150 101.05 0.212

learning GANs CAM-GAN [63] 91.81 0.293 85.68 0.332 86.81 0.333 82.83 0.312 146.20 0.181 98.66 0.290

Continual and LFS-GAN [16] 34.66 0.354 29.59 0.481 27.69 0.584 35.44 0.472 41.48 0.556 33.77 0.489

Few-shot GANs ours 45.03 0.281 35.30 0.448 25.93 0.493 34.40 0.422 43.83 0.526 36.89 0.434
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Table 4.2: Comparison on training efficiency. TPs, ITs: number of trainable parame-
ters and number of iterations to learn a new task of each method, respectively. Second
column represents the percentage with respect to StyleGAN2.

Method TPs (M) % w.r.t.
backbone

ITs

Baseline (TGAN) [36] 30.0 100% -

Few-shot GANs

CDC [41] 30.0 100% 5K

RSSA [100] 30.0 100% -

DCL [101] 30.0 100% 3K

AdAM [42] 18.9 63.0% -

Continual Learning GANs GAN-Memory [87] 5.3 17.7% -

CAM-GAN [63] 2.3 7.70% -

Continual and Few-shot GANs LFS-GAN [16] 0.1 0.36% 3K

our 0.05 0.18% 1.5K

Table 4.3: Ablation study for the rank.

Sketches (T1 ) Female (T2 ) Sunglasses (T3 ) Male (T4 ) Babies (T5 ) Average

rank # of Trainable Param. FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS

1 54K 45.56 0.280 35.30 0.448 25.93 0.493 36.19 0.422 47.20 0.527 37.91 0.431

2 108K 50.59 0.163 29.96 0.449 32.66 0.482 37.77 0.439 52.38 0.430 40.62 0.306

4 216K 50.64 0.188 30.52 0.415 43.29 0.475 37.12 0.399 53.82 0.526 43.07 0.295

8 432K 49.74 0.110 36.75 0.355 58.40 0.468 36.32 0.424 59.26 0.470 48.09 0.365

4.5.2 Ablation Study:

Rank of adapted tensors: In Table 4.3, we analyze the model on different ranks r
for all the datasets. For most of the case, rank 1 provides in average the best results.
This result was predictable if we consider that we are in a limited-data regime. The
limited number of weights to be trained allows to take under control the overfitting
effects. It worth to note that, on female dataset, the rank 2 increases the number of
parameters to the level of LFS-GAN, but delivering also the same performance.

Activation function: We evaluated the model’s performance with respect to the ac-
tivation function. As demonstrated in Table 4.4, they plays a significant role in en-
hancing the performance.

Scaling factor: Table 4.5 shows results for the ablation on α value. Similar to [168],
we used fixed values for alpha in both parts. On the bottom of the Table 4.5, we show
LPIPS Ls−t distance between the Task Ti and the original dataset FFHQ, on which the
StyleGan2 was pretrained. This LPIPS value is then used to select α f c and αconv. It
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Table 4.4: Ablation study for the activation function.

Sketches (T1 ) Female (T2 ) Sunglasses (T3 ) Male (T4 ) Babies (T5 ) Average

Activation FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS

✘ 57.32 0.238 40.74 0.424 50.00 0.457 45.52 0.421 70.76 0.463 52.86 0.400

✓ 45.56 0.280 35.30 0.448 25.93 0.493 36.19 0.422 47.20 0.527 37.91 0.431

Table 4.5: Ablation for α based on LPIPS distance, Ls−t represents LPIPS between
source and target. Last row shows LPIPS value between source and target.

Sketches (T1 ) Female (T2 ) Sunglasses (T3 ) Male (T4 ) Babies (T5 ) Average

α f c αconv FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS

Ls−t Ls−t 49.81 0.284 35.30 0.448 29.91 0.469 34.40 0.422 76.27 0.489 48.73 0.422

2Ls−t Ls−t /2 47.37 0.280 38.43 0.469 27.01 0.433 39.07 0.409 50.76 0.507 40.52 0.419

3Ls−t Ls−t /3 46.12 0.278 38.16 0.417 26.14 0.468 42.54 0.389 48.95 0.520 40.83 0.414

4Ls−t Ls−t /4 45.03 0.281 38.90 0.394 25.93 0.493 42.64 0.385 43.83 0.526 39.26 0.415

5Ls−t Ls−t /5 50.03 0.272 38.01 0.410 37.73 0.482 42.83 0.378 48.64 0.501 43.44 0.408

LPIPS distance 0.735 0.253 0.451 0.309 0.531

Table 4.6: Ablation study for the LoRA tensors in mapping and synthesis part.

Sketches (T1 ) Female (T2 ) Sunglasses (T3 ) Male (T4 ) Babies (T5 ) Average

LoRA FC LLoRA Conv FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS

✓ ✘ 50.03 0.217 41.69 0.384 27.62 0.488 51.42 0.398 50.92 0.410 44.33 0.379

✘ ✓ 55.04 0.230 38.37 0.427 46.84 0.492 52.88 0.418 76.18 0.484 53.86 0.397

✓ ✓ 45.56 0.280 35.30 0.448 25.93 0.493 36.19 0.422 47.20 0.527 37.91 0.431

worth noting that, more the Task Ti dataset differs from FFHQ the bigger α f c works
better for FC, and the smaller αconv works better for convolutions. Best performances
are usually obtained by assigning α f c > 1 (≈ 1.5) and αconv < 1 (≈ 0.25).

LoRA FC and Conv: Furthermore, the adapted tensors in both parts are analyzed
separately. We compare generation performance of our model with only LoRA FC
or with only LLoRA Conv. As shown in Table 4.6, it is clear that it performs more
effectively when we add LoRA in both parts.

Additional Experiments: Taking the LSUN-Car as a source, we also performed
experiments on the wrecked car and truck datasets. Our model generates comparable
results to LFS-GAN. It is worth noting that our model beats LFS-GAN in the truck
images, as shown in the right part of Table 4.7, using α f c of 1.626 and αconv of 0.1,
confirming our intuition.
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Table 4.7: Ablation for α based on LPIPS distance from LSUN-car (used as source
dataset for pretraining), and comparison with LFS-GAN.

Wrecked cars (T1 ) Truck (T2 )

α f c αconv FID B-LPIPS FID B-LPIPS

Ls−t Ls−t 330.7 0.232 221.1 0.229

2Ls−t Ls−t /2 355.4 0.154 226.2 0.201

3Ls−t Ls−t /3 356.9 0.143 230.6 0.185

4Ls−t Ls−t /4 584.6 0.000 301.1 0.000

LFS-GAN 314.7 0.251 217.5 0.244

Ls−t 0.692 0.813

Wrecked cars (T1 ) Truck (T2 ) Wrecked cars (T1 ) Truck (T2 )

α f c αconv FID B-LPIPS FID B-LPIPS α f c αconv FID B-LPIPS FID B-LPIPS

Ls−t Ls−t 330.7 0.232 221.1 0.229 2Ls−t Ls−t /2 355.4 0.154 226.2 0.201

2Ls−t Ls−t 322.5 0.220 220.2 0.204 2Ls−t Ls−t /4 344.8 0.128 219.6 0.206

4Ls−t Ls−t 329.5 0.202 222.8 0.189 2Ls−t Ls−t /8 344.6 0.198 214.4 0.215

8Ls−t Ls−t 337.3 0.180 228.1 0.180 2Ls−t Ls−t /10 334.8 0.220 214.5 0.210

4.5.3 Few-shot Evaluation

Qualitative Results: Figure 4.3 illustrates the generated images of sketches, sun-
glasses, female, and male by different models as well as by our model. As depicted
in the figure, our model generates quality images while maintaining information of
the source images compared to other state-of-the-art methods.

Table 4.8: FS image generation: comparison with different methods in terms of FID
(↓) and B-LPIPS (↑) across different tasks. The results are taken after learning each
task.

Method Sketches (T1 ) Female (T2 ) Sunglasses (T3 ) Male (T4 ) Babies (T5 ) Average

FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS FID B-LPIPS

Baseline (TGAN [36]) 60.57 0.335 67.63 0.318 72.81 0.391 73.44 0.319 114.29 0.414 77.75 0.355

FS GANs CDC [41] 49.19 0.237 31.26 0.450 36.03 0.505 41.88 0.435 64.75 0.496 44.62 0.425

RSSA [100] 56.25 0.251 34.24 0.467 44.01 0.501 44.83 0.434 72.45 0.486 50.36 0.430

DCL [101] 58.60 0.353 35.19 0.468 33.05 0.517 44.19 0.436 66.10 0.508 47.43 0.456

AdAM [42] 45.70 0.325 61.79 0.375 45.55 0.392 61.55 0.338 91.13 0.421 61.14 0.370

CL GANs GAN-Memory [87] 69.58 0.311 71.56 0.287 87.02 0.169 99.44 0.143 177.73 0.150 101.05 0.212

CAM-GAN [63] 91.81 0.293 85.68 0.332 86.81 0.333 82.83 0.312 146.20 0.181 98.66 0.290

CL+FS LFS-GAN [16] 34.66 0.354 29.59 0.481 27.69 0.584 35.44 0.472 41.48 0.556 33.77 0.489

GANs ours 45.03 0.281 35.30 0.448 25.93 0.493 34.40 0.422 43.83 0.526 36.89 0.434

Quantitative Results: Table 4.8 exposes the results of the individual training con-
sidering only the FS scenario. That is, each model is evaluated only on the current
task, not taking into account the past (without CL). This justifies because now the
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(a) FFHQ → Sketches (b) FFHQ → Sunglasses

(c) FFHQ → Female (d) FFHQ → Male

Figure 4.3: FS samples: A qualitative evaluation of CoLoR-GAN and other models,
generating Sketches, Female, Sunglasses, and Male in FS scenario. Comparatively,
our model preserves the source domain information.

FS methods obtain better performance than the methods designed to work in a CL
scenario. As LFS-GAN, our CoLoR-GAN beat almost and always outperforms all
FS methods. Probably thanks to the minimum quantity of trained weights, CoLoR-
GAN manages to avoid overfitting better than other FS-focused methods where the
network is trained almost completely [59].
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4.6 Summary

This chapter presents a CL and FS image generation approach called CoLoR GAN
by integrating LoRA into StyleGAN2. To better handle the problem of parameters
reduction, we challenged LoRA limits introducing a LoRA in LoRA (LLoRA) tech-
nique for convolutional layers which further effectively break up its weights. Finally,
aware of the LoRA sensitivity to hyper-parameters choice, we proposed a simple rule
to find them. Our method enables efficient adaptation to target tasks with only few
examples while preserving the quality and diversity of the source domain. Our exper-
iments demonstrated that our model has competitive performance compared to SOTA
but with half parameters and half training iterations.



Chapter 5

Conclusion and Future Work

This chapter summarizes the key findings and contributions of our thesis. We empha-
sized the significance of CL and FS learning in DL models, along with their broad
classification. Furthermore, we shed light on CF and overfitting as critical challenges
in GANs, the main focus of our thesis. Both issues significantly limit performance
and generalization capabilities in GANs.

To address these challenges, we proposed two approaches. The first approach uti-
lizes a teacher-student model, where the student incrementally learns new tasks. This
method generates good quality and diverse samples while continually learning from
FS datasets. It outperforms a strong baseline in terms of diversity and provides sam-
ples of comparable quality. The second approach employs parameter-efficient adap-
tation, allows us to achieve nearly similar results with only half the number of pa-
rameters and training iterations compared to state-of-the-art models. So our process
is more computationally efficient without compromising performance too much.

5.1 Future Directions

As we know, CL and FS learning are not explored very well in GANs. Therefore,
there are several directions for future research.

Distant Target Domain. Our proposed approaches, as well as other existing ap-
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proaches, generally consider that the source and target domains are similar. This
means that the data distribution in a source domain and a target domain shares cer-
tain common characteristics, such as feature similarity. As a result, most CL and FS
learning techniques provide good performance as they are designed to handle scenar-
ios where the shift between the source and target domains is less [61].
However, the challenge of dealing with far-domain scenarios, where the source and
target domains are significantly different, is not widely explored in the context of
CL and FS learning. In a far domain, the model faces a greater challenge because
the knowledge learned in one domain may not transfer effectively to a very different
domain, for example faces −→ flowers. This leads to poor generalization and low-
quality image generation, where the model struggles to adapt to new tasks due to a
large domain shift.
Dynamic Model Size. Most expansion techniques rely on fixed parameters for new
tasks in GANs. Dynamic expansion is explored in discriminative models [6, 169],
but remains underexplored in GANs. One possible future work is to develop dynamic
expansion methods for GANs, particularly when tackle tasks that differ significantly
from the source domain.
In scenarios where tasks are considerably dissimilar, additional parameters may be
required to improve generated image quality. In our case, such as sketches, which dif-
fer significantly from the FFHQ compared to the female. As shown in Table 4.1 and
Figure 4.3, our model achieves a comparable and better FID score for domains that
are near to the source. However, for the sketches, our model performs less effectively
compared to others. The higher FID score in this case highlights the limitations of
relying on fixed parameters for tasks that differ significantly from the source.
To address this challenge, dynamically adjust parameters based on some metrics e.g.,
similarity of the target with the source. This would likely lead to more efficient learn-
ing and improved performance, particularly to generate higher quality samples across
distant target tasks.
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