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Abstract

With advancements in technology and increasing computational power, the
field of Deep Learning has experienced significant growth over the past decade.
Deep Neural Networks (DNNs) have achieved remarkable performance across
various tasks, setting state-of-the-art benchmarks in image, video, audio, and text
domains. These models excel at learning complex patterns from data, requiring
a substantial amount of labeled examples to reach their full potential. However,
a key difference between humans and DNNs is the ability to remember. While
humans can continuously learn and adapt to new tasks without forgetting past
knowledge, DNNs tend to overwrite previously learned information when trained
on new data. This phenomenon, known as catastrophic forgetting, hinders the
continuous learning capability of these models. Consequently, updating a model
with new information often necessitates expensive retraining on all data, which
is not always feasible in real-world scenarios.

The field of Continual Learning (CL) aims to address this issue by develop-
ing strategies that enable models to retain past knowledge while learning new
tasks. The CL literature has expanded significantly in recent years, with various
approaches involving rehearsal, regularization, distillation, and architectural
modifications. Despite these advancements, the gap between continuous learning
and joint training persists, and the problem of catastrophic forgetting remains
unsolved.

This thesis begins by examining the latent space - the internal data repres-
entations - of a model during the continuous learning process, and studying how
it evolves over time. This analysis led to the development of several strategies to
mitigate forgetting by acting on the latent space of DNNs, contributing to the CL
literature. Two of these methods, named CaSpeR-IL and CLER, introduce new
regularization terms in the loss function of existing CL models. CaSpeR-IL lever-
ages spectral geometry techniques to constrain class representations, enhancing
clustering behavior. CLER explores how invariant and equivariant self-supervised
approaches impact the latent space of a model, exploiting their benefits to prevent
forgetting. With the advent of Vision Transformers (ViTs), a new method named
SCAD is proposed to adapt these architectures to new tasks through distillation
between the model’s internal layers.

Finally, this thesis investigates the impact of pretrained Vision-Language
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Models (VLMs), such as CLIP, on a CL scenario. These models align the latent
space of images and their corresponding captions, enabling zero-shot learning on
classification tasks. This work presents two innovative methods to adapt VLMs to
a CL scenario by leveraging the model’s internal representations. STAR-Prompt
employs a two-level prompting approach to balance stability (the capacity to
remember past knowledge) and plasticity (the ability to learn new tasks). CGIL
utilizes Variational Autoencoders to perform generative replay in the embedding
space of CLIP, demonstrating state-of-the-art performance on both standard CL
benchmarks and new scenarios that test the model’s zero-shot capabilities.



Sommario

Con i progressi della tecnologia e l’aumento della potenza di calcolo, il campo del
Deep Learning ha sperimentato una crescita significativa nell’ultimo decennio.
Le reti neurali hanno raggiunto prestazioni notevoli in vari compiti, stabilendo
benchmark all’avanguardia nei domini delle immagini, video, audio e testo. Questi
modelli eccellono nell’apprendimento di pattern complessi dai dati, nonostante
richiedano una quantità sostanziale di esempi etichettati per raggiungere il loro
pieno potenziale. Tuttavia, una differenza chiave tra gli esseri umani e le reti è
la capacità di ricordare. Mentre gli esseri umani possono apprendere e adattarsi
continuamente a nuovi compiti senza dimenticare le conoscenze passate, le reti
neurali tendono a sovrascrivere le informazioni precedentemente apprese quando
vengono addestrate su nuovi dati. Questo fenomeno, noto come catastrophic
forgetting, ostacola la capacità di apprendimento continuo di questi modelli.
Di conseguenza, l’aggiornamento di un modello con nuove informazioni spesso
richiede un costoso riaddestramento su tutti i dati, non sempre fattibile in scenari
reali.

Il campo del Continual Learning (CL) mira a risolvere questo problema svi-
luppando strategie che consentano ai modelli di mantenere le conoscenze passate
mentre apprendono nuovi compiti. La letteratura sul CL si è espansa significativa-
mente negli ultimi anni, con vari approcci che coinvolgono il salvataggio di pochi
dati, la regolarizzazione, la distillazione e le modifiche architetturali. Nonostante
questi progressi, il divario tra apprendimento continuo e addestramento congiunto
persiste, e il problema del dimenticare il passato rimane irrisolto.

Questa tesi nasce dall’idea di analizzare lo spazio latente - le rappresentazioni
interne dei dati - di un modello durante il processo di apprendimento continuo,
e studiare come evolve nel tempo. Questa analisi ha portato allo sviluppo di
diverse strategie per mitigare il forgetting agendo sullo spazio latente delle reti
neurali, contribuendo alla letteratura esistente. Due di questi metodi, denominati
CaSpeR-IL e CLER, introducono nuovi termini di regolarizzazione nei modelli di
CL esistenti. CaSpeR-IL sfrutta tecniche di geometria spettrale per vincolare le
rappresentazioni delle classi. CLER esplora come gli approcci auto-supervisionati
invarianti ed equivarianti impattano sullo spazio latente di un modello, sfruttando
i loro benefici per prevenire il forgetting. Con l’avvento dei Vision Transformers
(ViT), viene proposto un nuovo metodo denominato SCAD per adattare queste
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architetture a nuovi compiti attraverso la distillazione di conoscenza tra i livelli
interni del modello.

Infine, questa tesi indaga l’impatto dei Vision-Language Models (VLMs) pre-
addestrati, come CLIP, in uno scenario di CL. Questi modelli allineano lo spazio
latente delle immagini e delle loro corrispondenti didascalie, abilitando capacità
zero-shot nei compiti di classificazione. Questo lavoro presenta due metodi
innovativi per adattare i VLMs a uno scenario di CL sfruttando le rappresentazioni
interne del modello. STAR-Prompt impiega un approccio di prompting a due
livelli per bilanciare la stabilità (la capacità di ricordare le conoscenze passate) e
la plasticità (la capacità di apprendere nuovi compiti). CGIL utilizza Variational
Autoencoders per generare dati sintetici nello spazio latente di CLIP, dimostrando
prestazioni all’avanguardia sia su benchmark standard che su nuovi scenari che
testano le capacità zero-shot del modello.



Contents

Abstract v

Sommario vii

I Introduction 1

1 Research Statement 3

2 Contributions and Organization 5

3 Technical Background 7
3.1 Deep Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
3.2 Catastrophic Forgetting . . . . . . . . . . . . . . . . . . . . . . . 8
3.3 Continual Learning . . . . . . . . . . . . . . . . . . . . . . . . . . 8
3.4 State of the Art . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
3.5 Continual Learning Benchmarks . . . . . . . . . . . . . . . . . . 17

II Latent Space Regularization 23

4 Spectral Geometry 25
4.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
4.2 Analysis of changing Latent Space Geometry . . . . . . . . . . . 27
4.3 Continual Spectral Regularizer . . . . . . . . . . . . . . . . . . . 28
4.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.5 Model Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
4.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

5 Online Equivariant Learning 41
5.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
5.2 Invariance vs. Equivariance in CL . . . . . . . . . . . . . . . . . 43
5.3 CL via Equivariant Regularization . . . . . . . . . . . . . . . . . 44
5.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

ix



x Table of Contents

5.5 Model Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
5.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

III Distillation of Pretrained Models 55

6 Selective Attention Filtering 57
6.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
6.2 Multi-Label Continual Learning . . . . . . . . . . . . . . . . . . . 58
6.3 Selective Class Attention Distillation . . . . . . . . . . . . . . . . 59
6.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
6.5 Model Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
6.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

IV Multi-modal Latent Space 67

7 Semantic Residual Prompting 69
7.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
7.2 Semantic Two-Tier Additive Residual Prompting . . . . . . . . . 71
7.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
7.4 Model Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
7.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

8 Generative Latent Replay 87
8.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
8.2 Continual Generative training for Incremental prompt-Learning . 89
8.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
8.4 Model Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
8.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

V Conclusions 99

Acknowledgments 104

Appendices 106

A List of Publications 107

B Activities carried out during Ph.D. 109

List of Abbreviations 111

Bibliography 115



Part I

Introduction





Chapter 1

Research Statement

Nowadays, the field of Artificial Intelligence (AI) is experiencing a renaissance
and becoming increasingly pervasive in daily life. Its recent success in various
applications and its ability to interact with everyday users have made it a
hot topic in both the industrial and academic worlds. This success is mainly
due to the development of Deep Learning (DL) techniques, specifically the
advancements in Deep Neural Networks (DNNs). These models have shown
remarkable performance on tasks involving large amounts of data, such as image
classification, speech recognition, natural language processing, etc. Despite their
success, DNNs still have various limitations. One such limitation is their capacity
to remember. While humans can learn different tasks sequentially without
forgetting, such as learning to recognize dogs after having learned to recognize
cats, DNNs tend to overwrite previously learned tasks and, to be effective, they
need to be trained on all tasks simultaneously (e.g. by seeing dogs and cats
together). This is known as the catastrophic forgetting problem. The field of
Continual Learning (CL) has emerged to address this issue, aiming to develop
models that can learn continuously without forgetting previous knowledge.

This thesis aims to investigate the CL scenario and contribute to the develop-
ment of new ways to tackle the forgetting phenomenon. In particular, this work
starts with a question: How does the latent space of a DNN evolve when learning
new tasks sequentially? The latent space of a DNN is the internal representation
of the input data, and it can indicate how the model is learning and storing
information. This work investigates the evolution of the latent space of differ-
ent models in the context of CL. This analysis led to the development of new
strategies to mitigate forgetting. Along with experimental results and ablation
studies, this thesis demonstrates the significance of DNNs internal representations
as a critical factor in advancing the field of CL.
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Chapter 2

Contributions and
Organization

This thesis covers various studies on the CL scenario, focusing on the evolution of
the latent space of models while learning new tasks sequentially. Its contributions
are organized as follows:

• Part I introduces the content of this thesis. Specifically:

– Chapter 1 presents the research statement and the aims of this work.
– Chapter 2 describes the structure of this thesis.
– Chapter 3 provides the necessary background on CL, the catastrophic

forgetting problem, common benchmarks, and the main methods from
the existing literature.

• Part II presents different studies on the latent space of existing CL models.
These analyses led to the development of new strategies to regularize the
evolution of internal representations, aiming to mitigate forgetting.

– Chapter 4 uses concepts from inverse spectral geometry to analyze
the latent space, demonstrating that spectral properties can identify
interference when learning new tasks. This analysis led to the devel-
opment of Continual Spectral Regularizer for Incremental Learning
(CaSpeR-IL), a regularization method that constrains the spectral
properties of the evolving latent space to reduce forgetting.

– Chapter 5 studies how invariant and equivariant self-supervised losses
affect the latent space, and presents Continual Learning via Equivariant
Regularization (CLER), a regularizer that leverages equivariant losses
to stabilize the latent space while learning new tasks.

• Part III and Chapter 6 tackle the more challenging scenario of Multi-
Label Continual Learning (MLCL) by proposing Selective Class Attention
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6 Part I · Introduction

Distillation (SCAD). This method leverages the knowledge distillation
paradigm over the internal representations of a pretrained model to filter
and retain knowledge relevant to previous tasks, thereby reducing forgetting.

• Part IV examines how the latent space of large pretrained Vision-Language
Models (VLMs) can enhance the performance of CL models, achieving
impressive results in preventing forgetting.

– Chapter 7 presents Semantic Two-Tier Additive Residual Prompting
(STAR-Prompt), a method that utilizes the latent space of VLMs
to aid an image classifier. It adopts a two-stage prompting strategy
to finetune both models for current tasks while preserving previous
knowledge.

– Chapter 8 explores various Parameter-Efficient Fine-Tuning (PEFT)
techniques to train a VLM and proposes Continual Generative training
for Incremental prompt-Learning (CGIL), a method that adapts the
latent space of a VLM to new tasks while preventing forgetting. Ex-
periments show that this method also enhances the model’s zero-shot
performance on unseen data.

• Part V summarizes the main findings of this thesis, emphasizing the
critical role of DNNs latent space in the CL scenario.



Chapter 3

Technical Background

3.1 Deep Learning

The field of Artificial Intelligence (AI) was born in the 20th century to develop
algorithms able to perform tasks that require human intelligence. Today, this
field is a broad discipline that includes several subfields. Machine Learning (ML)
is a subset of AI that aims to give computers human abilities without being
explicitly programmed to do so. In practice, ML algorithms learn patterns from
data to make predictions or decisions. While the mathematical foundations of the
perceptron were laid in the nineteen-sixties, Artificial Neural Networks (ANNs)
only became popular in the last two decades. This is mainly due to two factors:
(i) the availability of large datasets and annotations and (ii) the increase in
computational power, specifically the improvements of Graphics Processing Units
(GPUs). The conjunction of these factors allowed the development of Deep Neural
Networks (DNNs), neural networks with many layers that can learn complex
patterns from data. This gave rise to the field of Deep Learning (DL), where the
increasing availability of data led DNNs to outperform traditional ML algorithms
almost everywhere. In 2012, deep Convolutional Neural Networks (CNNs)1 won
the ImageNet Large Scale Visual Recognition Challenge, a competition that
evaluates the performance of algorithms in image classification tasks. A few
years later, with the takeover of ResNet [61] on vision benchmarks, the residual
connection was introduced and became a standard in every DNN. In 2016, thanks
to the advancements of Reinforcement Learning, AlphaGo [121] defeated the
world champion in the game of Go. In 2017, the Transformer [130] architecture
revolutionised the field of Natural Language Processing. Despite their attention
mechanism being designed for sequence-shaped data, it has later been adapted
to other domains. Nowadays, large DNNs have become popular even among
common users, thanks to their effectiveness in tasks useful for everyday life.

1Specifically, the CNN called AlexNet [84].
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Figure 3.1: Comparison of human and ANN performance on a two-task learning
experiment, based on data from Barnes and Underwood [11] and McCloskey and
Cohen [96]. While human subjects exhibit gradual forgetting of associations from
the 1st task during the learning of the 2nd task, ANNs experience a significantly
faster forgetting of the earlier task, hence called catastrophic.

3.2 Catastrophic Forgetting
DL systems have demonstrated unparalleled capabilities in performing intricate
tasks at levels often surpassing human performance. As AI applications proliferate,
their transformative potential becomes increasingly evident in fields such as
healthcare, autonomous systems, and natural language processing. However, a
fundamental limitation of ANNs contrasts with their otherwise extraordinary
achievements: their inability to retain previously learned information when
trained sequentially on new tasks. Unlike the human brain, which can adapt to
new tasks while retaining prior knowledge (e.g. learning to drive a car after having
learned to ride a bicycle), ANNs often exhibit dramatic performance degradation
on earlier tasks when exposed to new data distributions. This phenomenon is
known as catastrophic forgetting, to highlight the difference with the gradual
forgetting observed in human memory (Fig. 3.1). The root cause lies in the
structure and optimization of neural networks. These models rely on a shared
set of parameters, which are greedily adjusted to minimize error on the data they
are exposed to through backpropagation. This process overwrites information
critical for prior tasks, leading to abrupt and severe forgetting. While initially
documented in shallow networks [96, 111], this limitation persists in modern
DNNs [55], presenting a significant challenge in dynamic environments where
data evolves over time.

3.3 Continual Learning
Catastrophic forgetting has far-reaching consequences for the lifecycle of AI
systems. It hinders their ability to adapt to new data streams without extensive
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Figure 3.2: Google Trends data showing the increasing interest in Continual
Learning over the past decade.

retraining, making their deployment in real-world, continually changing scenarios
both costly and inefficient. To address this limitation, the field of Continual
Learning (CL) has emerged as a promising research area aimed at enabling
neural networks to learn continuously, acquiring new knowledge while preserving
prior information. Inspired by the adaptability of human cognition, CL seeks
to achieve a balance between stability, the retention of previously acquired
knowledge, and plasticity, the capacity to learn and adapt to new tasks. Unlike
traditional machine learning paradigms that assume access to static datasets, CL
frameworks operate under conditions where data arrives sequentially, without
the possibility of revisiting earlier tasks. This paradigm shift requires innovative
approaches to ensure that models remain both efficient and resilient in the face
of changing data distributions.

3.3.1 Standard Scenarios
The catastrophic forgetting problem can be observed in a variety of ML tasks, like
segmentation [20, 143], detection [104, 74], generation [148], and captioning [41].
However, the majority of CL literature focuses on continual classification problems.
This choice allows researchers to have a clear and standard problem definition,
making it easier to compare different methods. As this thesis is focused solely on
classification tasks, in line with the majority of CL literature, the notation CL
will be always used to indicate continual learning classification problems unless
otherwise stated.

Despite the single task of classification, CL scenarios can vary significantly,
and many methods could not be directly compared due to different experimental
conditions. To address this issue, the community has started to define standard
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settings, benchmarks, and metrics. The first taxonomy of possible experimental
setups was proposed by Van de Ven et al. [128, 129], in which a supervised
classification problem is split into tasks observed sequentially. Each task is
composed of a portion of the overall dataset, and the learner cannot access the
data from previous tasks. The model is notified when the task changes, allowing
it to take specific steps before moving on to the next task. Due to different
approaches to splitting the data, the authors defined three main scenarios:

• Domain-Incremental Learning (Domain-IL): the tasks are defined
by different input data distributions. The model is faced with all possible
classes at each task, but the input data changes. At test time, the model
is evaluated on data from all tasks, without knowing the task identity of
the input. These experiments rely on specialized datasets, either created
by applying task-specific transformations to existing classification data-
sets or by utilizing datasets that inherently span multiple domains (e.g.
DomainNet [102], a dataset originally designed for Domain Adaptation
Problems).

• Task-Incremental Learning (Task-IL): the model is presented with
distinct, non-overlapping classification tasks, i.e. where each task has its
own set of classes. During evaluation, the specific task of data is provided
to the model, allowing it to learn a task-conditioned classification function.
This approach simplifies the separation of knowledge across tasks and
often results in optimal performance, making Task-IL one of the most
straightforward scenarios [49, 7]. Nonetheless, this setting remains valuable
for assessing the degree of forgetting in the model, as it eliminates classifier
bias caused by imbalanced data presentation [140].

• Class-Incremental Learning (Class-IL): the data is split into tasks the
same way as in Task-IL, but with a key difference: the task identity is not
provided during testing. This requires the model to learn a classification
function that simultaneously identifies the source task and the corresponding
class. This scenario is recognized as the most challenging and significant of
the three [49], hence, it is widely adopted for the main evaluations in the
CL literature.

These scenarios have been widely adopted in the CL literature, providing a
common ground for comparing different methods. However, they have been also
criticized for their limitations in modeling realistic incremental applications [6, 40].
For this reason, novel scenarios have been proposed by the recent CL literature,
with the aim of bridging the gap between the theoretical assumptions of the
standard scenarios and the real-world applications.

As this thesis primarily focuses on the Class-IL scenario, other settings will
be introduced only if they are considered in the experiments.
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3.4 State of the Art
The increasing interest in CL is reflected in the growing number of publications
and research activities in the field. This surge has led to the development of a wide
range of CL methods, each offering unique solutions to the catastrophic forgetting
problem. These methods can be broadly categorized into three main families:
Architecture-based, Regularization-based, and Rehearsal-based approaches [49, 39].
Each family leverages distinct strategies to mitigate forgetting. In this section,
an overview of the most popular CL methods is provided, as they represent the
state of the art in the field and are used for comparison in the experimental
evaluations of this thesis.

3.4.1 Architectural Methods
Architectural solutions are techniques designed to mitigate catastrophic forgetting
by allocating distinct sets of model parameters to handle different tasks. These
methods often rely on modular or multi-headed architectures, where each task is
assigned its own dedicated network components or subnetworks. By isolating
task-specific parameters, architectural approaches prevent interference between
tasks, thereby preserving previously learned knowledge. While highly effective
in retaining past knowledge, these methods can be memory-intensive, as their
parameter requirements often grow with the number of tasks, and typically require
prior knowledge of task identities to work effectively. Consequently, they are best
suited for scenarios like Task-IL, where task labels are available during testing.
For this reason, as this thesis focuses on the more challenging Class-IL scenario,
architectural methods will not be considered in the experimental evaluations.

Progressive Neural Networks (PNN) [115] represents a prototypical archi-
tectural approach, dedicating a separate instance of the backbone network to
each task. To enable knowledge transfer between tasks, it incorporates special-
ized adaptation layers that act as connections between successive backbones.
Although this design inherently prevents forgetting, it suffers from a significant
drawback—its memory usage scales linearly with the number of tasks, making it
resource-intensive.

3.4.2 Regularization Methods
Regularization-based approaches aim to prevent catastrophic forgetting by impos-
ing constraints that preserve important information from previously learned tasks.
Instead of allocating separate parameters for each task, these approaches regular-
ize the update of model weights to ensure that changes do not significantly alter
previously learned representations. These methods often are computationally
efficient and scalable, making them well-suited for scenarios where the number of
tasks can increase significantly. However, despite regularization methods being
suitable for all CL scenarios, their performance may degrade as the number of
tasks increases, particularly in highly complex or diverse datasets.
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Architectural Regularization Rehearsal

(a) Pong variants (b) Labyrinth games (c) Atari games

Figure 2: Samples from different task domains: (a) Pong variants include flipped, noisy, scaled, and recoloured
transforms; (b) Labyrinth is a set of 3D maze games with diverse level maps and diverse positive and negative
reward items; (c) Atari games offer a more challenging setting for transfer.

We report results by averaging the top 3 out of 25 jobs, each having different seeds and random
hyper-parameter sampling. Performance is evaluated by measuring the area under the learning curve
(average score per episode during training), rather than final score. The transfer score is then defined
as the relative performance of an architecture compared with a single column baseline, trained only
on the target task (baseline 1). We present transfer score curves for selected source-target games, and
summarize all such pairs in transfer matrices. Models and baselines we consider are illustrated in
Figure 3. Details of the experimental setup are provided in section 3 of the Appendix.

inputinput

(1) Baseline 1

input

(2) Baseline 2 (3) Baseline 3

input

(5) Progressive Net
2 columns

input

(6) Progressive Net
3 columns
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input

target task

source task

random

frozen

Figure 3: Illustration of different baselines and architectures. Baseline 1 is a single column trained on the target
task; baseline 2 is a single column, pretrained on a source task and finetuned on the target task (output layer
only); baseline 3 is the same as baseline 2 but the whole model is finetuned; and baseline 4 is a 2 column
progressive architecture, with previous column(s) initialized randomly and frozen.

5.2 Pong Soup

The first evaluation domain is a set of synthetic variants of the Atari game of Pong ("Pong Soup")
where the visuals and gameplay have been altered, thus providing a setting where we can be confident
that there are transferable aspects of the tasks. The variants are Noisy (frozen Gaussian noise is added
to the inputs); Black (black background); White (white background); Zoom (input is scaled by 75%
and translated); V-flip, H-flip, and VH-flip (input is horizontally and/or vertically flipped). Example
frames are shown in Fig. 2. The results of training two columns on the Pong variants, including all
relevant baselines are shown in Figure 4. Transfer scores are summarized over all target tasks in
Table 1.

Figure 4: (a) Transfer matrix. Colours indicate transfer scores (clipped at 2). For progressive nets, the first
column is trained on Pong, Noisy, or H-flip (table rows); the second column is trained on each of the other pong
variants (table columns). (b) Example learning curves.
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Fig. 2. Graphical comparison between rehearsal on augmented examples (a)
and Independent Buffer Augmentation (b) (best in color).

to approximate it. Experience Replay addresses this issue
by storing exemplars and labels from previous tasks in a
replay buffer B. During each training step, it merges some of
these items with the current batch: consequently, the network
rehearses past tasks as it learns current data. This amounts to
optimizing the following loss term as a surrogate of Eq. 1:

L′ = E(x,y)∼Dt

[
`(y, fθ(x))

]
+ E(x,y)∼B

[
`(y, fθ(x))

]
. (2)

This practical solution only introduces two additional hyper-
parameters to fθ, namely the replay buffer size |B| and the
number of elements that we draw from it at each step. In
this work, we initially assume to update the buffer with the
reservoir sampling strategy [30] (see Alg. 1), as proposed
in [14]. This guarantees that each input exemplar has the
same probability |B|/|D| of entering the replay buffer. We
prefer this solution both to herding [2] and the class-wise
FIFO [19] strategies (a.k.a. ring buffer). Unlike reservoir, the
former needs to retain the entire training set of each task.
Conversely, the latter does not exploit the whole memory and
is more likely to overfit (as pointed out in [19]).

IV. TRAINING TRICKS

In this section, we discuss some issues that ER encounters
in the Class-IL setting and propose effective tricks to mitigate
them. On the one hand, Sec. IV-A, IV-D and IV-E describe
improvements to the replay buffer and can, therefore, easily
extend to other rehearsal-based methods. On the other hand,
the tricks described in Sec. IV-B and IV-C are more general
and applicable to any Class-IL method.

A. Independent Buffer Augmentation (IBA)

Data augmentation is an effective strategy for improving
the generalization capabilities of a Deep Network [31]. When
dealing with Continual Learning scenarios, one can apply data
augmentation on the input stream of data (i.e. the examples
shown to the net during each task). However, for a rehearsal
method, replayed exemplars constitute a significant portion
of the overall training input. This could pose a serious risk

of overfitting the memory buffer, which we address through
Independent Buffer Augmentation (IBA): in addition to the
regular augmentation performed on the input stream, we store
examples not augmented in the memory buffer; this way, we
can augment them independently when drawn for later replay.
By so doing, we minimize overfitting on the memory and
introduce additional variety in the rehearsal examples.

While adopting this simple expedient could seem a no-
brainer, its application in literature should not be taken for
granted. As an example, the CL methods implemented in the
codebase of [13]3 and [15]4 store the augmented examples in
the memory buffer and re-use them as-they-are, as illustrated
in Fig. 2(a). On the contrary, we remark that it is much more
beneficial to show the model replay examples that undergo
distinct transformations, as shown in Fig. 2(b).

B. Bias Control (BiC)

Given the sequential nature of the Class-IL setting, the
network’s predictions end up showing bias towards the current
task. Indeed, a single-head classifier is less prone to predicting
classes found in prior tasks than those learned just before
testing. Such bias is linked to the whole model and not
exclusively to its final classification layer: consequently, the
trivial solution of zeroing the latter is not beneficial.

This imbalance problem is analyzed by both Hou et al.
in [18] and Wu et al. in [17]. The former addresses this issue
structurally by devising a specific margin-ranking loss term
aimed keeping representations from different tasks separated.
However, the latter work proposes a much simpler and modular
solution, which we also apply here: the addition of a simple
Bias Correction Layer to the model. This layer consists in a
linear model with two parameters α and β that compensates
the kth output logit ok as follows.

qk =

{
α · ok + β if k was trained in the last task
ok otherwise

(3)

Such a layer is applied downstream of the classifier to yield
the final output at test time. Thanks to its small size, it can
be easily trained at the end of each task by leveraging a
limited amount of exemplars. Importantly, while [17] employs
a separate validation set for this purpose, we simply exploit the
same replay buffer we use for rehearsal methods. Parameters α
and β are optimized through the cross-entropy loss, as follows:

`BiC = −
∑
k

δy=k log[softmax(qk)]. (4)

We agree with the authors of [17] on the effectiveness of
this simple linear model to counter the above-mentioned bias.

C. Exponential LR Decay (ELRD)

Arguably, the best way to preserve previous knowledge
is not to learn anything new. To this aim, we propose to
decrease the learning rate progressively at each iteration; we

3https://github.com/facebookresearch/GradientEpisodicMemory
4https://github.com/rahafaljundi/Gradient-based-Sample-Selection

(a) (b) (c)

Figure 3.3: Topology of CL methods. (a) An example of an architectural
method, PNN [115]. (b) A regularization-based method, EWC [80]. (c) A
rehearsal standard approach, image taken from [18].

• Elastic Weight Consolidation (EWC) [80] is a pioneering regularization-
based method that constrains the model’s parameter updates to prevent
catastrophic forgetting. It operates by identifying parameters that are
critical for prior tasks using the Fisher Information Matrix, which measures
the sensitivity of the model’s output to changes in its parameters. The
updates to these important parameters are then constrained by adding a
quadratic penalty to the loss function, discouraging significant deviations
from their original values. This approach allows the model to adapt to
new tasks while retaining performance on older ones. As computing the
Fisher Information Matrix can be cumbersome and memory-intensive,
different approximations of this method have been proposed that are more
efficient without sacrificing performance, such as online Elastic Weight
Consolidation (oEWC) [116].

• Learning without Forgetting (LwF) [89] addresses catastrophic forget-
ting by preserving knowledge from previous tasks through distillation. It
maintains the responses of the model trained on old tasks (the teacher) and
uses them as a form of supervision while training the current model (the
student) on new tasks. This approach enables the model to integrate new
information while approximating the behavior of earlier tasks. Despite its
simplicity and data efficiency, LwF may struggle in cases with highly dis-
joint tasks, where output distributions between tasks differ significantly. A
noteworthy variation of this method is MultiClass LwF (LwF.MC) [112],
which adopts a slightly different loss function and is designed to better
operate in the Class-IL setting.



Chap. 3 · Technical Background 13

3.4.3 Rehearsal Methods
Rehearsal-based (or replay-based) methods address catastrophic forgetting by
storing a subset of previously encountered data and replaying it during training.
These approaches maintain a memory buffer containing representative samples
from past tasks, which are then interleaved with data from the current task
to reinforce prior knowledge and prevent its degradation. By revisiting earlier
examples, the model retains past information while adapting to new inputs,
effectively mitigating interference between tasks. Rehearsal methods can vary
in their memory management techniques, how they select samples to store in
the buffer, and in the different strategies of replaying the data. Additionally,
techniques such as generative replay eliminate the need for explicit storage by
training generative models to synthesize past data. While rehearsal methods
are highly effective, their reliance on memory storage prevents their adoption
in scenarios where retaining raw data is restricted, such as in privacy-sensitive
applications.

• Experience Replay (ER) [111, 113] is one of the earliest and most
intuitive rehearsal-based methods. It maintains a small memory buffer
that stores samples from previously encountered training data. During
subsequent tasks, data from the memory buffer is interleaved with new
data, enabling joint optimization and preserving knowledge of past tasks.
Typically, the buffer is populated using the reservoir sampling algorithm,
which operates online and ensures that each data point in the stream has
an equal probability of being included in memory. Despite its simplicity,
ER remains a strong baseline and serves as the foundation for numerous
approaches in the CL literature.

• Incremental Classifier and Representation Learning (iCaRL) [112]
is a popular method that combines rehearsal and distillation techniques to
address catastrophic forgetting. It maintains a memory buffer containing
a limited number of exemplars from past tasks, selected using a herding
strategy to ensure representativeness. During training, it employs knowledge
distillation to retain prior knowledge by aligning outputs for old examples
while simultaneously learning new classes. Additionally, the final predictions
of the model leverage a prototype-based nearest-mean-of-exemplars classifier,
exploiting the class representations from the memory buffer. This approach
allows iCaRL to achieve robust performance on complex benchmarks even
with small memory buffers.

• Greedy Sampler and Dumb Learner (GDumb) [107] focuses on op-
timizing performance using a fixed memory buffer. Instead of continuously
training on incoming data, it focuses solely on collecting and storing samples
within the buffer. Before evaluation, GDumb trains the backbone network
from scratch using only the data stored in memory. Despite its simplicity,
this approach frequently outperforms more advanced continual learning
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methods. However, its effectiveness diminishes when the memory buffer is
too small relative to the dataset size.

• Pooled Outputs Distillation Network (PODNet) [45] uses a repres-
entation distillation strategy to align feature maps from previous tasks
with those of the current task. Moreover, this model learns multiple rep-
resentations for each class, fitting multi-modal distributions to improve
classification.

• Dark Experience Replay (DER) [17] combines experience replay with
knowledge distillation. It stores a subset of past data in a memory buffer,
along with their logits, during training. These soft predictions are then
treated as a supervisory signal to enforce consistency between current
and past predictions, mitigating catastrophic forgetting. Its advanced ver-
sion, Dark Experience Replay++ (DER++), mixes the dark distillation
strategy with standard replay, achieving strong performance across many
CL benchmarks.

• Continual Prototype Evolution (CoPE) [40] presents a learning ap-
proach based on slowly evolving class prototypes within a shared latent
space. It adopts a classifier based on class prototypes, whose careful update
scheme allows for learning incrementally while avoiding sudden disruptions
in the model representations.

• Supervised Contrastive Replay (SCR) [94] combines experience replay
with supervised contrastive learning. Similarly to iCaRL, it replaces the
classifier with a nearest-neighbor classifier, effectively addressing recency
bias and eliminating the need for structural changes when new classes are
introduced. SCR then encourages embeddings of the same class to cluster
closely while separating those of different classes, thanks to the Supervised
Contrastive Loss [76].

• DualNet [106] combines a fast learner for rapid, task-specific learning
and a slow learner for general, task-agnostic representations using Self-
Supervised Learning (SSL). This dual-backbone architecture decouples
incremental classification from the learning of a transferable representation,
allowing the model to adapt to new tasks while preserving past knowledge.

• Experience Replay with Asymmetric Cross-Entropy (ER-
ACE) [19] builds upon standard ER by introducing the Asymmetric
Cross-Entropy (ACE) loss function. This approach addresses class
imbalances by treating old and new samples asymmetrically, preventing the
model from overfitting to newly learned classes. This ensures a balanced
learning process, preserving past knowledge and reducing interference
between tasks.

• Cross-Space Clustering and Controlled Transfer (CSCCT) [10]
leverages a two-stage training process to address catastrophic forgetting.
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It first clusters the feature space to identify task-specific subspaces (cross-
space clustering). Then, it transfers knowledge between tasks by leveraging
semantic similarities between old and new classes (controlled transfer), to
promote positive forward transfer while minimizing negative interference.
This approach does not represent a standalone method, but rather a plug-
and-play component that can be integrated into existing CL frameworks to
enhance their performance.

• eXtended Dark Experience Replay (X-DER) [14] extends the DER
method by addressing its shortcomings. It introduces a novel memory
update mechanism that revises the knowledge stored in the buffer to incor-
porate new information about past data. Additionally, X-DER prepares
the model for learning unseen classes by setting expectations for future
tasks. This approach enhances the model’s ability to adapt to new data
distributions and improves the performance on challenging CL benchmarks.

• Online Prototype Learning (OnPro) [139] utilizes class prototypes
and a contrastive SSL objective to effectively learn discriminative features
for both new and previously encountered classes. It also incorporates a
memory buffer management strategy that prioritizes samples from classes
prone to misclassification, enhancing representation learning and retention.

3.4.4 Pretrain-Exploiting Methods
In the recent literature, a new category of methods arose. These methods leverage
the pretraining of a model on a large amount of data and adapt it to new tasks
in a continual learning scenario. These approaches are particularly effective
since the knowledge of the pretrained model is already optimized for a wide
range of tasks. As standard CL models start to learn from scratch, they are
often outperformed by these methods. However, many standard methods are
designed to allow different backbones, hence, they can also start with the same
pretrained model, providing a fair comparison and an initial baseline. Most
recent pretrain-exploiting methods leverage the Vision Transformer (ViT)
architecture and Parameter-Efficient Fine-Tuning (PEFT) techniques, in
particular prompt-based strategies. These techniques will be better explained in
the next chapters of this thesis.

• Learning to Prompt (L2P) [138] is the pioneering prompting approach
that utilizes learnable prompts to guide a pretrained model. A pool of
small, trainable prompt parameters is maintained and dynamically selected
based on input instances to condition the model appropriately for each task.
The model can also be equipped with a rehearsal buffer, but it achieves
competitive performance even without it.

• DualPrompt [137] introduces a hierarchy of general and task-specific
prompts: the former capture task-invariant knowledge, while the latter
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encode task-specific information. These prompts condition the backbone
model through a prefix-tuning strategy, guiding the learning process for
new tasks while preserving prior knowledge, and eliminating the need for
rehearsal buffers.

• COntinual Decomposed Attention-based Prompting (CODA-
Prompt) [124] allocates a set of prompts for each task, training only
the ones linked to the current task. Additionally, the method employs
attention vectors with learnable values to filter the queries, and conditions
the model with a weighted sum of the prompts.

• Slow Learner with Classifier Alignment (SLCA) [149] addresses
the progressive overfitting problem observed when fine-tuning pretrained
models. The method involves selectively reducing the learning rate for the
representation layer (termed slow Learner) to maintain generalizability
and applying classifier alignment to adjust the classification, by modeling
class-wise distributions and aligning classifiers in a post-hoc manner. This
can effectively prevent forgetting and reduce the interference between tasks
on the classification layer.

• AttriCLIP [135] leverage a pretrained Vision-Language Model (VLM)
without expanding model parameters or requiring rehearsal memory. It
represents each class with a combination of the class name and a set of
learnable attribute prompts, selected from a trained attribute word bank.

• PromptFusion [27] addresses the stability-plasticity dilemma by separ-
ating the model into two modules: the stabilizer, which preserves prior
knowledge, and the booster, which enhances the model’s adaptability to new
tasks. The two modules employ different backbones and distinct prompt
tuning strategies, allowing the model to balance stability and plasticity
effectively.

• Zero-Shot Continual Learning (ZSCL) [151] fine-tunes a pretrained
VLM aiming to preserve its zero-shot capabilities. The method uses feature
distillation with a reference dataset to maintain semantic diversity and
parameter averaging to prevent drastic weight shifts.

• Mixture-of-Experts Adapters (MoE-Adapters) [145] leverages novel
PEFT techniques and the Mixture-of-Experts [70, 118] paradigm to fine-
tune a pretrained VLM. The model learns adapters as sparse experts
and incrementally incorporates task-specific routers to select the corres-
ponding experts. The authors also implemented the Distribution Dis-
criminative Auto-Selector (DDAS) module, which automatically routes
out-of-distribution inputs to the original VLM, maintaining the model’s
zero-shot capabilities.
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3.5 Continual Learning Benchmarks
This section provides an overview of the most commonly used benchmarks in the
CL literature. It begins with an introduction to the standard scientific notation
used to describe CL scenarios, followed by a description of the evaluation metrics
employed to assess CL methods. Next, it reviews the most popular datasets
adopted in the literature and concludes with a discussion of the essential baselines
required for any CL evaluation.

3.5.1 Notation
In CL, a model fθ with parameters θ is trained sequentially on a series of T
tasks, denoted as T1, . . . , TT . Each task consists of pairs of input data with
the associated label Ti = (Xi,Yi) = {(xi(j), yi(j))}

|Ti|
j=1. While the data points

within each task are assumed to be i.i.d., the overall training process violates
this assumption due to shifts in data distribution between tasks. Moreover, in
Task-IL and Class-IL scenarios every task has its own set of classes, meaning
that Yi ∩ Yj = ∅ for i ̸= j.

The goal of CL is to minimize the cumulative risk across all tasks:

LCL ≜
T∑
i=1

E
(x,y)∼Ti

[
L(fθ(x), y)

]
, (3.1)

where L represents the classification loss (e.g., categorical cross-entropy)
based on the model’s prediction fθ(x) and the ground truth y.

While the objective is to find the optimal parameters θ∗ = arg minθ LCL, the
learner can only access data from one task at a time and cannot jointly optimize
the model across all data.

3.5.2 Metrics
Since CL experiments involve learning across multiple tasks, various evaluation
metrics have been introduced in the literature to capture different aspects of the
learning dynamics and better understand the model’s behavior. Let ati represent
the model’s accuracy on the ith task after training on task Tt. Based on this
notation, the following metrics have been defined:

• Final Average Accuracy (FAA), also referred to as Last Accuracy or
Final Accuracy (FA), evaluates the model’s final performance on the entire
classification problem after incrementally learning all T tasks:

FAA ≜
T∑
i=1

aTi , (3.2)
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where the
∑

symbol denotes the arithmetic mean operation. This metric
offers a concise summary of the trade-off between learning tasks incre-
mentally and training them jointly, enabling direct comparisons with the
i.i.d. baseline (see Section 3.5.4). Due to its simplicity and effectiveness,
FAA is widely used in the literature [91, 39, 7] and serves as the primary
performance indicator in this thesis.

• Final Average Incremental Accuracy (FAIA) [112, 67], takes into
account the accuracy at the end of each task, thus providing an indicator
of the performance during the whole training sequence:

FAIA ≜
T∑
t=1

t∑
i=1

ati. (3.3)

This metric usually yields slightly higher values than FAA, as during the
first few tasks forgetting is less pronounced, and for short sequences FAIA
may not be a good indicator of the model’s performance against forgetting.

• Final Average Forgetting (FAF) [22, 24, 23], commonly referred to as
forgetting, measures the average performance degradation occurring on past
tasks, as the difference between the peak accuracy obtained on that task
and its last value:

FAF ≜
T−1∑
i=1

fi, s.t. fi =
(

max
l∈{i,...,T−1}

ali

)
− aTi . (3.4)

This measure can yield a negative value if the model improves its accuracy
on past tasks over time, a phenomenon referred to as positive backward
transfer. However, this metric does not account for models that may exhibit
low accuracy on a task immediately after learning it. As a result, it is
possible to observe zero or negative forgetting, even in cases where the
model never properly learned the task.

• Final Average Adjusted Forgetting (FAAF) is an adjusted version of
FAF that was first proposed in the original paper for the approach presented
in Chapter 5. This variant aims to facilitate the comparison between
unevenly performing approaches by focusing on performance degradation
alone and excluding backward transfer:

FAAF ≜
T−1∑
i=1

[
a∗
i − aTi

a∗
i

]+
,

s.t. a∗
i = max

l∈{i,...,T−1}
ali, ∀i ∈ {1, . . . , T − 1},

(3.5)

where [·]+ indicates lower-bound clipping to zero. While FAF is upper-
bounded by a model’s peak accuracy, FAAF varies in [0, 100]: 100 denotes
a method that retains no accuracy on previous tasks (maximum forgetting),
and 0 one that has no performance decrease on past tasks.



Chap. 3 · Technical Background 19

3.5.3 Datasets
Designing an experimental setup for CL research requires tasks with shifting
data distributions. In particular, for Class-IL and Task-IL scenarios, tasks should
feature disjoint sets of classes. This is typically achieved by selecting an existing
dataset and partitioning it into tasks, where each task includes a distinct subset
of classes. The most commonly used datasets in CL research are:

• Sequential MNIST (S-MNIST) [128] is obtained by splitting the popu-
lar MNIST image classification dataset [86] into 5 tasks with 2 classes each.
The dataset consists of 28× 28 grayscale images representing handwritten
digits, and each task includes approximately 6000 training images and 1000
test images. Although S-MNIST is a pioneering and simple benchmark, it
has faced criticism for not being fully representative of modern computer
vision tasks [142, 49].

• Rotated MNIST (R-MNIST) [91] is a Domain-IL classification bench-
mark obtained by applying random rotations to MNIST [86] images, with
an angle sampled in the [0, π) interval. Each task is associated with a
single angle, including approximately 60000 training images and 10000
test images, in which the model should learn to recognize the digits. This
dataset is designed to evaluate the model’s ability to adapt to changes in
the input data distribution, rather than adding new classes.

• Sequential CIFAR-10 (S-CIF10) [147] is a benchmark constructed from
the CIFAR-10 dataset[83], which features 32× 32 RGB images of natural
objects such as animals and vehicles. It is organized into 5 tasks, each
containing 2 classes. For each class, there are 5000 training images and
1000 test images.

• Split CIFAR-100 (S-CIF100) [147, 112, 25] is obtained by splitting the
CIFAR-100 dataset [83] into 10 consecutive tasks, each comprising of 10
classes. The dataset consists of 32× 32 RGB images depicting a diverse
range of objects, including animals, vehicles, and household items. Each
class features 500 training images and 100 test images.

• Sequential miniImageNet (S-miniImg) [25, 46, 43] is obtained from
miniImageNet [131], a 100-class subset of the popular ImageNet dataset [42].
split in 20 classification tasks of 5 classes each. Each class presents 500 and
100 training and test 84× 84 RGB images respectively.

• Split Imagenet-R (S-Imagenet-R) [137] is derived form the ImageNet-
Rendition dataset [65], splitting the 224× 224 RGB images into 10 tasks of
20 classes each. These images depict various artistic renditions, including
art, cartoons, graffiti, embroidery, origami, paintings, sculptures, sketches,
tattoos, toys, and video game representations of the original ImageNet
classes, with a total of 24000 and 6000 training and test images respectively.
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• Split CUB-200 (S-CUB) [47] derives from a sequential split of the
Caltech-UCSD Birds-200 fine-grained visual classification dataset [133].
The dataset is divided into 10 tasks, each containing 20 classes, with only
30 training and test images per class. The images are 224 × 224 RGB
pictures of birds in various poses and environments, and each class is
associated with a unique bird species.

• Split Cars-196 (S-Cars) [149] is obtained by splitting the Stanford Cars
dataset [82] into 10 tasks: the first 9 tasks contain 20 classes each, while
the last task includes the remaining 16 classes. Each class corresponds to a
specific car make, model, and year, with a total of 8144 training and 8041
test 224× 224 RGB images.

• Split EuroSAT (S-EuroSAT) [75] is derived from the EuroSAT data-
set [63, 64] and consists of 5 tasks, each containing 2 classes. The dataset
comprises 27000 64× 64 RGB images of land use and land cover classes,
obtained from Sentinel-2 satellite imagery.

• Split RESISC45 (S-RESISC) [75] is a benchmark constructed from
the dataset of Remote Sensing Image Scene Classification (RESISC). It
contains 256 × 256 images, covering 45 scene classes with 700 images in
each class, split into 9 balanced tasks. These images contain varying spatial
resolution, ranging from 20cm to more than 30m per pixel.

• Split CropDiseases (S-Crop) [75] is derived from the PlantVillage
dataset [68] regarding healthy/infected leaves of crops plants. It contains
54000 images of plant leaves, with resolutions ranging from 256 × 256
to 512 × 512 pixels. From the original 38 classes, based on species and
disease combinations, the classes with the lowest number of examples
(“Potato healthy”, “Apple Cedar” and “Peach healthy”) were excluded. The
remaining 35 classes are split into 7 tasks, each containing 5 classes.

• Split ISIC (S-ISIC) [75] is obtained from the ISIC 2018 dataset [33],
which contains 10015 high-quality images of dermoscopic images aimed
at advancing automated skin lesion analysis, particularly for melanoma
detection. To balance the number of images per class, the most frequent
class “Melanocytic nevus” was excluded. The remaining 6 classes are split
into 3 tasks of 2 classes each.

• Split ChestX (S-ChestX) [75] derives from the ChestX-ray8 dataset [136],
which contains frontal-view X-ray images about patients chests with com-
mon thoracic disease. The 2 tasks of 3 classes each split is composed of
the images without overlapping diseases belonging to the classes “Cardio-
megaly”, “Consolidation”, “Edema”, “Fibrosis”, “Pleural Thickening” and
“Pneumothorax”.
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3.5.4 Baselines
In CL experiments, two essential baselines serve as fundamental references for
evaluating the performance of proposed methods. These baselines represent
opposite ends of the learning spectrum, providing insights into the challenges of
catastrophic forgetting and the ideal upper-bound performance.
Fine-tuning involves sequentially training a model on tasks one at a time,
without any access to data from previous tasks. This approach simulates a naive
learning process, where the model adapts to each new task but risks overwriting
prior knowledge, resulting in catastrophic forgetting. As a result, fine-tuning
often highlights the limitations of DNNs in retaining information over time,
making it an important lower-bound baseline.
Joint training, on the other hand, represents the ideal scenario where all tasks
are learned simultaneously. By training the model on the combined dataset, joint
training eliminates the problem of forgetting, offering a viable upper-bound for
performance, the maximum achievable performance when all data is available.
Although unrealistic, this upper limit can theoretically be overcome by CL
methods able to fully exploit the learning sequence achieving positive forward
transfer and zero forgetting.

Together, these baselines provide a comprehensive framework for evaluating
CL methods, helping to measure how closely new approaches can approximate
the upper-bound performance of joint training while overcoming the limitations
of simply fine-tuning the backbone.
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Chapter 4

Spectral Geometry

4.1 Motivation

In the ‘train from scratch’ CL paradigm, the literature has increasingly favored
the employment of rehearsal methods. These methods perform better than
architectural and regularization approaches in the Class-IL scenario. However,
while rehearsal methods effectively allow learners to track the joint distribution
of all seen classes, their limited buffer size introduces various overfitting issues.
Such problems include divergent gradients for new classes [19, 16], deteriorating
decision surfaces [13], and predictive bias accumulation for current classes [140, 3].
Addressing these limitations is the focus of several recent studies.

This chapter aims to analyze the geometry of the latent space of a rehearsal-
based CL model and, with the aid of spectral geometry, proposes a novel regu-
larization term to improve performance. Specifically, this chapter investigates
the changes occurring in the model’s latent space as tasks progress. Given the
Riemannian nature of the latent space of DNNs [8], spectral geometry is adopted
to study its evolution. Observations reveal that the learner struggles to separate
the latent projections of replay examples belonging to different classes, making
the downstream classifier prone to interference whenever input distributions
change and representations are perturbed. Consequently, this chapter introduces
a loss term to endow the model’s latent space with a cohesive structure without
constraining individual coordinates. As illustrated in Fig. 4.1, the proposed
approach, called CaSpeR-IL, leverages graph-spectral theory to promote well-
separated latent embeddings. The proposal reduces the intrinsic bias of rehearsal
methods by enforcing a desirable property on the model’s latent space through
a geometrically motivated regularization term. It can be seamlessly combined
with any rehearsal-based CL method to improve accuracy and robustness against
forgetting.

A strain of recent CL approaches similarly conditions the model’s repres-
entation to facilitate clustering by means of a contrastive regularization object-
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Figure 4.1: An overview of the proposed CaSpeR-IL regularizer. Rehearsal-based
CL methods struggle to separate the latent-space projections of replay data points.
Continual Spectral Regularizer for Incremental Learning (CaSpeR-IL) acts on
the spectrum of the latent geometry graph to induce a partitioning behavior by
maximizing the eigengap for the number of seen classes.

ive [94, 9, 10]. In the experimental section, this chapter compares the proposed
approach against representatives of this family of methods. The results provide
insights into how distinct formulations of similar clustering objectives lead to the
emergence of different characteristics in latent space geometry.
In summary, the main contributions of this chapter include:

• studying interference in rehearsal CL models by investigating the geometry
of their latent space.

• proposing CaSpeR-IL, a simple geometrically motivated loss term that
induces the continual learner to produce well-organized latent embeddings.

• validating the proposal by combining it with several state-of-the-art (SOTA)
rehearsal-based CL approaches, demonstrating its effectiveness across a
wide range of evaluations.

• comparing CaSpeR-IL against recent contrastive-based incremental
strategies, highlighting its superior synergy with CL models.

• presenting additional studies to further investigate the geometric properties
conferred by the method on the model’s latent space.
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Figure 4.2: How CL alters a model’s latent space. (a) A quantitative evaluation
measured as Label-Signal Variation (σ) within the LGG for buffer data points
(lower is better); (b) TSNE embedding of the features computed by X-DER for
buffered examples in later tasks (top). Interference between classes is visibly
reduced if CaSpeR-IL is applied (bottom). All experiments are carried out on
S-CIF100, (a) with buffer size 500, (b) with 2000.

4.2 Analysis of changing Latent Space Geometry
How does the latent space change with a novel task on the input stream?

Rehearsal-based CL methods store a pool of examples from previous tasks in
a buffer B with fixed size m. To answer the aforementioned question, the graph
G is computed over the latent-space projection of the replay examples collected
by the CL model after training on Ti (i ∈ {2, ...T})1. To measure the sparsity of
the latent space with respect to class representations, the Label-Signal Variation
σ [85] is computed on the adjacency matrix A ∈ Rm×m of G:

σ ≜
m∑
i=1

m∑
j=1

1yi ̸=yj
ai,j , (4.1)

where 1· is the indicator function2, ai,j is the (i, j)-th element of A, and yi is the
class label of the i-th example. The Label-Signal Variation σ represents the sum of
the adjacency matrix elements corresponding to different-class pairs of examples.
A lower σ indicates a more structured latent space, where examples from different
classes are less entangled. In Fig. 4.2a several rehearsal CL methods are evaluated,
showing a steadily increasing σ. This trend suggests that examples from distinct
classes become more entangled in later tasks. A qualitative observation, using
a TSNE embedding of the points in B shown in Fig. 4.2b, further highlights
this effect, as distances between different-class examples decrease over time.
Both evaluations demonstrate improvement when CaSpeR-IL is applied to the
evaluated methods.

1See Section 4.3 for a detailed description of this procedure.
2The indicator function 1· is equal to 1 if the condition · is true, and 0 otherwise.
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4.3 Continual Spectral Regularizer
The method is built upon the eigendecomposition of the Laplace operator on a
graph, situating it within the broader area of spectral graph theory. Specifically,
it can be regarded as an inverse spectral technique, as it prescribes the general
behavior of certain eigenvalues and seeks a graph whose Laplacian spectrum
aligns with this behavior. In the geometry processing area, such approaches are
referred to as isospectralization techniques. These techniques have been applied
in diverse areas, including deformable shape matching [35], shape exploration and
reconstruction [95], shape modeling [99], and adversarial attacks on shapes [110].
Unlike these methods, CaSpeR-IL operates on a single graph, as opposed to pairs
of 3D meshes, and does not rely on a specific input spectrum as a target. Instead,
it emphasizes maximizing the gap between nearby eigenvalues, regardless of their
precise values. Since the graph represents a discretization of the latent space
of a CL model, this regularization has significant implications for the learning
process.

CaSpeR-IL builds upon the fact that the latent spaces of neural models contain
structures that are informative of the data space on which they are trained [117].
This structure can be enforced through loss regularizers; for example, in [34], a
minimum-distortion criterion is applied to the latent space of a VAE for a shape
generation task. Following a similar line of thought, a geometric term is proposed
to regularize the latent representations of a CL model. The approach is rooted
in spectral geometry, motivated by the pursuit of a compact representation
characterized by isometry invariance. As shown in [8], the latent space of
DNNs can be modeled as a Riemannian manifold whose extrinsic embedding is
encoded in the latent vectors. Being extrinsic, these vectors represent absolute
coordinates encoding only one possible realization of the data manifold, among
infinitely many possible isometries. Each isometry (e.g. a rotation by 45◦) would
encode the same latent space, but the latent vectors would change, a
property that may lead to overfitting and lack of generalization. By leveraging
spectral geometry, the method instead relies on intrinsic quantities that fully
encode the latent space and are isometry-invariant.

The regularizer is based on the graph-theoretic formulation of clustering,
aiming to partition the vertices of G into well-separated subgraphs with high
internal connectivity. A body of results from spectral graph theory, dating back
to [26, 122, 119], explains the gap occurring between neighboring Laplacian
eigenvalues as a quantitative measure of graph partitioning. The proposed
method draws on these results but transforms the forward problem of computing
the optimal partitioning of a given graph into the inverse problem of seeking a
graph with the desired partitioning. In Algorithm 1 the reader can find the steps
to compute CaSpeR-IL’s loss.

Building the graph. The parameters θ of a model fθ include both the weights
of the feature extractor and the classifier, θf and θc respectively. Examples in
B are forwarded through the network, and their features are used to build a
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Algorithm 1 CaSpeR-IL Loss Computation. The BalancedSampling function
extract b examples from the buffer belonging to p different classes uniformly.
Require: Memory buffer B of saved samples, with size m; batch-size b;

hyperparameter of number of classes to sample p
xb ← BalancedSampling(B, p) ▷ Data extraction from buffer
zb ← ffθ (xb) ▷ Get features
D = {Di,j = ∥zbi − zbj∥ with i, j = 1, ..., m} ▷ Calculate distance matrix
A← k-NN(D) ▷ Retrieve adjacency matrix
D ← diag(

∑m
i a1,i,

∑m
i a2,i, ...,

∑m
i ab,i) ▷ Calculate degree matrix

L← I −D−1/2AD−1/2 ▷ Compute normalized laplacian
λ← Eigenvalues(L) ▷ Retrieve eigenvalues
ℓCaSpeR ← −λp+1 +

∑p
j=1 λj ▷ Casper loss

Output ℓCaSpeR

k-Nearest Neighbors (k-NN) graph G; following [85], this is referred to as the
Latent Geometry Graph (LGG). Specifically, after identifying the k nearest
neighbors of each point, the resulting adjacency matrix is symmetrized. As a
result, the number of neighbors may exceed k.

Spectral Regularizer. Let A denote the adjacency matrix of G. The degree
matrix D is computed, and the normalized Laplacian is defined as: L = I −
D−1/2AD−1/2 , where I represents the identity matrix. The eigenvalues λ of L
are then computed and sorted in ascending order. Let g represent the number of
different classes within the buffer. The regularizing loss is calculated as:

ℓCaSpeR ≜ −λg+1 +
g∑
j=1

λj . (4.2)

The proposed loss term is weighted using the hyperparameter ρ and optimized
with gradient descent. This formulation increases the eigengap λg+1 − λg while
minimizing the first g eigenvalues. Since the number of eigenvalues near zero cor-
responds to the number of loosely connected partitions within the graph [87], the
loss indirectly encourages data points to be clustered without strict supervision.

Efficient Batch Operation. The application of CaSpeR-IL involves the com-
putationally demanding task of constructing the entire LGG G at each forward
step by processing all available replay examples in the buffer B, which is typically
orders of magnitude larger than a batch of input examples. To address this
challenge, an efficient approximation of the initial objective is proposed. Instead
of operating directly on G, a random sub-graph Gp ⊂ G is sampled, spanning only
p out of the g classes represented in the memory buffer. Since Gp still contains
a substantial number of nodes, an additional sub-sampling step is applied to
extract Gtp ⊂ Gp, a smaller graph with t exemplars for each class. By repeating
these random samplings during each forward step, a Monte Carlo approximation
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of Eq. (4.2) is optimized:

ℓ∗
CaSpeR ≜ E

Gp⊂G

[
E

Gt
p⊂Gp

[
− λ

Gt
p
p+1 +

p∑
j=1

λ
Gt

p
j

]]
, (4.3)

where the λGt
p represents the eigenvalues of the Laplacian of Gtp. The eigengap is

enforced at p, given that each Gtp is constructed with samples from p communities
within G. In practice, b samples are extracted from the buffer, maintaining b
equal to the batch size to ensure balance [17, 18]. This results in t = b

p samples
from each of the p randomly chosen classes.

Hyperparameters. Although CaSpeR-IL introduces three hyperparameters, the
degrees of freedom to grid-search them effectively reduce to two: the regularization
weight ρ, which is independent, and the combination of p, the number of classes
sampled from the buffer, and k, the number of nearest-neighbors for the adjacency
matrix. Specifically, the product of p and k should be equal to (or slightly lower
than) the number of extracted samples, which in the experiments matches the
batch size.

4.4 Experiments
4.4.1 Benchmarks
Settings. The effectiveness of the proposed method is assessed using the Class-IL
classification protocol [128], where the model makes predictions without task
information, a benchmark recognized as both realistic and challenging [49, 7].
Results are also reported for the Task-IL and Domain-IL protocols, demonstrating
that CaSpeR-IL enhances CL baselines within these scenarios as well.

Datasets. Experiments for Class-IL and Task-IL are conducted on three com-
monly used image datasets, where the classes from each main dataset are split
into disjoint sets for sequential training: Sequential CIFAR-10 (S-CIF10) (5
tasks of 2 classes each), Split CIFAR-100 (S-CIF100) (10 tasks of 10 classes
each), and Sequential miniImageNet (S-miniImg) (20 tasks of 5 classes
each). For Domain-IL, the dataset Rotated MNIST (R-MNIST) (20 tasks
with changing input distribution) is employed. Details of these datasets are
provided in Section 3.5.3.

Metrics. Model performance is primarily quantified using Final Average
Accuracy (FAA), reported as a percentage value. To evaluate the severity of
performance degradation caused by catastrophic forgetting, the Final Average
Adjusted Forgetting (FAAF) metric is adopted. Explanations of these metrics
are provided in Section 3.5.2.

Benchmarked models. To evaluate the benefit of CaSpeR-IL, it is applied
on top of several SOTA rehearsal-based methods: ER-ACE [19], iCaRL [112],
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Class-IL S-CIF10 S-CIF100 S-miniImg
Joint (UB) 87.1 (−) 63.1 (−) 52.8 (−)
Finetune (LB) 19.5 (100.0) 8.4 (100.0) 3.9 (100.0)

Buffer Size 500 1000 500 2000 2000 5000
ER-ACE 66.1 (21.8) 71.7 (14.9) 35.0 (51.4) 46.5 (34.6) 22.0 (49.0) 27.3 (30.0)

+ CaSpeR-IL 69.6 (20.6) 73.8 (14.1) 36.7 (46.6) 47.9 (33.9) 23.4 (47.9) 29.2 (28.4)
iCaRL 52.7 (22.7) 62.9 (21.6) 39.6 (32.7) 40.5 (31.2) 19.4 (36.9) 20.2 (33.2)

+ CaSpeR-IL 55.7 (20.6) 64.0 (21.1) 40.9 (32.3) 41.8 (25.6) 20.5 (35.9) 21.4 (32.3)
DER++ 67.4 (26.8) 71.2 (25.1) 28.0 (57.6) 43.3 (34.9) 20.9 (74.5) 28.6 (61.0)

+ CaSpeR-IL 69.1 (26.2) 73.1 (23.4) 32.2 (53.4) 47.0 (30.1) 22.6 (71.0) 30.0 (57.6)
X-DER 63.2 (15.0) 65.7 (12.3) 35.9 (44.5) 46.4 (23.6) 24.8 (44.7) 31.0 (30.1)

+ CaSpeR-IL 65.6 (14.4) 67.8 (10.7) 38.2 (43.9) 48.1 (18.5) 26.2 (41.7) 31.6 (28.7)
PODNet 37.2 (40.5) 46.0 (39.5) 30.2 (54.5) 32.1 (46.7) 16.8 (52.3) 20.8 (46.5)

+ CaSpeR-IL 39.9 (39.5) 47.4 (38.9) 32.3 (48.3) 38.6 (35.6) 18.1 (50.3) 23.6 (45.1)

Table 4.1: Class-IL results – FAA (FAAF) – for SOTA rehearsal CL methods,
with and without CaSpeR-IL.

Task-IL S-CIF100 S-miniImg
Joint (UB) 88.81 (−) 87.39 (−)
Finetune (LB) 30.10 (62.84) 24.05 (67.37)

Buffer Size 500 2000 2000 5000
ER-ACE 73.86 (10.73) 80.69 (5.37) 69.05 (13.72) 72.78 (8.93)

+ CaSpeR-IL 75.14 (4.91) 81.57 (4.93) 69.59 (13.05) 74.14 (8.12)
iCaRL 78.38 (5.38) 78.47 (4.91) 70.35 (3.92) 70.44 (2.68)

+ CaSpeR-IL 79.31 (4.61) 79.43 (3.41) 71.19 (3.67) 71.93 (3.65)
DER++ 70.55 (11.12) 78.60 (5.96) 69.78 (13.37) 73.81 (8.59)

+ CaSpeR-IL 73.25 (9.49) 80.78 (3.04) 70.97 (11.75) 75.18 (7.93)
X-DER 77.28 (2.43) 82.55 (0.92) 74.32 (4.95) 77.70 (3.71)

+ CaSpeR-IL 78.26 (5.47) 83.77 (0.27) 75.99 (3.88) 78.71 (2.32)
PODNet 67.37 (19.76) 69.63 (15.16) 60.60 (14.00) 66.15 (10.71)

+ CaSpeR-IL 70.81 (15.26) 71.90 (11.32) 64.84 (10.01) 70.85 (7.99)

Table 4.2: Task-IL results – FAA (FAAF) – for SOTA rehearsal CL methods,
with and without CaSpeR-IL.



32 Part II · Latent Space Regularization

DER++ [17], X-DER3 [14] and PODNet [45]. An explanation of these methods
is provided in Section 3.4. The performance of the upper bound training on all
classes jointly in an offline manner (Joint) and the lower bound training on each
task sequentially without any method to prevent forgetting (Finetune) are also
included.

Implementation details. The experiments adopt a batch size of 64 examples,
with the same number used for sampling data from the memory buffer, always
extracting 64 data points. For experiments on S-CIF10, S-CIF100, and R-MNIST,
training is conducted for 20 epochs per task without a learning rate scheduler.
For S-miniImg, training is conducted for 50 epochs per task, applying a learning
rate decay of 0.1 at epochs 35 and 45. These choices remain consistent within
each method to ensure fairness in comparisons. The same backbone is employed
for all experiments on the same dataset. Specifically, ResNet18 [61] is used
for S-CIF10, S-CIF100, and R-MNIST, while EfficientNet-B2 [126] is used for
S-miniImg. The best hyperparameters for each model-dataset configuration are
identified through grid search.

4.4.2 Main Results
A breakdown of Class-IL results is presented in Table 4.1. CaSpeR-IL demon-
strates consistent improvements in FAA across all evaluated methods and datasets.
The steady reduction in FAAF confirms that the adopted regularization effectively
addresses catastrophic forgetting.

Improvements in accuracy do not always scale with increases in memory buffer
size. This behavior contrasts with the typical patterns observed in replay regu-
larization terms [21, 25]. This effect is attributed to the distinctively geometric
approach employed; as spectral properties of graphs are robust with respect to
coarsening [73], CaSpeR-IL remains effective even with a smaller data pool.

In Task-IL and Domain-IL (results presented in Table 4.2 and Table 4.3, re-
spectively), the improvements are less pronounced compared to Class-IL. Existing
methods already perform strongly in these less challenging scenarios. Neverthe-
less, CaSpeR-IL provides consistent improvements, demonstrating its ability to
consolidate task-specific knowledge in Task-IL and mitigate biases introduced by
new data distributions in Domain-IL.

4.4.3 Comparison with Contrastive Learning.
The thorough study in [60] interprets contrastive learning as a parametric form
of spectral clustering on the input augmentation graph, which points to a link
with the proposed approach. Given the similarity between CaSpeR-IL’s goal and
contrastive objectives, Supervised Contrastive Replay (SCR) [76] and Cross-Space
Clustering and Controlled Transfer (CSCCT) [10], two existing CL contrastive
baselines described in Section 3.4, are compared against the proposed regularizer.

3Specifically, the more effective baseline based on a Regular Polytope Classifier [105].
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Domain-IL Rotated MNIST
Joint (UB) 95.76
Finetune (LB) 67.66
Buffer Size 200 500
ER-ACE 83.45 86.86

+ CaSpeR-IL 86.19 88.11
DER++ 89.91 92.00

+ CaSpeR-IL 90.96 93.21

Table 4.3: FAA values on R-MNIST, with only the approaches compatible with
Domain-IL.

The methods were evaluated on the Class-IL Split CIFAR-100 benchmark.
SCR operates as a standalone model extending Experience Replay, whereas
CSCCT functions as a module that can be integrated into existing CL methods.
Consequently, CSCCT is regarded as a direct competitor implemented upon the
different baselines. Despite similarities to CaSpeR-IL, CSCCT requires a past
model snapshot during training and incorporates both streaming and memory
data within its loss terms.

Results are presented in Table 4.4. To further investigate the effects of
different CL approaches on the latent space, the average variance of same-class
projections at the end of training was measured.

The findings indicate that SCR exhibits higher variance in the latent space
compared to other baselines. In contrast, both CSCCT and CaSpeR-IL effectively
reduce the latent-space variance of the models they are applied to. The results
reveal an intriguing behavior: although CSCCT often achieves minimal variance,
the accuracy improvement associated with CaSpeR-IL remains higher. Two
potential explanations are suggested for these observations: i) intra-class variance
in latent space does not directly correlate with accuracy; ii) while directly
constraining individual coordinates may limit the model’s ability to reorganize
data points, spectral geometry may serve as a softer clustering approach, allowing
the flexibility required to organize the latent space into more optimal structures
for classification tasks.

4.4.4 Additional Experiments
As highlighted in the literature [7, 49, 17], comparing results from different
CL studies is non-trivial due to the influence of even subtle changes in the
experimental setting, which should always be consistent across all evaluated
methods to ensure fairness. For this reason, experiments were conducted from
scratch, applying the same conditions to all evaluated methods, rather than
relying on pre-existing results. Additional experiments with different training
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Class-IL Split CIFAR-100
Buffer Size 500 2000

FAA Variance FAA Variance
SCR 31.18 2.2111 43.39 4.4439
ER-ACE 34.99 0.5313 46.52 0.5769

+ CaSpeR-IL 36.70 0.4926 47.85 0.5478
+ CSCCT 34.93 0.3931 45.91 0.4290

iCaRL 39.56 0.8381 40.47 0.8248
+ CaSpeR-IL 40.57 0.8289 41.83 0.8057
+ CSCCT 39.36 0.9167 40.87 1.0392

DER++ 28.01 0.1283 43.27 0.1209
+ CaSpeR-IL 32.16 0.0964 46.95 0.1012
+ CSCCT 30.17 0.0552 44.27 0.0857

X-DER 35.89 0.2265 46.37 0.2523
+ CaSpeR-IL 38.23 0.2065 48.11 0.2207
+ CSCCT 36.23 0.1974 45.51 0.2242

PODNet 30.16 0.4229 32.12 0.7366
+ CaSpeR-IL 32.27 0.4197 38.64 0.5700
+ CSCCT 30.78 0.1809 33.59 0.2577

Table 4.4: Comparison with contrastive baselines. FAA and the average variance
of same-class projections in the latent space are reported.

configurations are presented to further validate the effectiveness of CaSpeR-IL.
Longer training-phase. The setting described in [14] for S-CIF100 is replicated:
batch size is set at 32, training lasts for 50 epochs per task, and a learning rate
decay of 0.1 is applied at epochs 35 and 45. Results, shown in Table 4.5,
demonstrate that CaSpeR-IL effectively improves different baselines regardless of
the experimental setting.
Different batch-sizes. In Table 4.6, additional results for S-CIF100 (Class-IL)
indicate that the effectiveness of CaSpeR-IL is not compromised by the reduced
batch size (compared to 64 used in Section 4.4.2).

4.4.5 Continual Semi-Supervised Learning
In a supervised CL setting, CaSpeR-IL is applied to buffer data points to
encourage the separation of all previously encountered classes in the latent
space. The proposed approach, however, does not impose strict supervision
requirements, as it does not depend on the labels attached to each node in the
LGG. Instead, it only requires knowledge of the total number of classes g that
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Class-IL S-CIF100
Buffer Size 500 2000
ER-ACE 37.12 49.20

+ CaSpeR-IL 38.40 50.38
iCaRL 47.47 52.68

+ CaSpeR-IL 48.81 54.44
DER++ 36.28 50.66

+ CaSpeR-IL 40.44 52.22
X-DER 46.96 55.85

+ CaSpeR-IL 48.43 56.40
PODNet 36.44 43.97

+ CaSpeR-IL 40.63 46.80

Table 4.5: Class-IL FAA values on
S-CIF100, with 50 epochs per task
and batch size 32 (as for [14]).

Class-IL S-CIF100
Batch Size 16 32
ER-ACE 35.70 36.47

+ CaSpeR-IL 36.96 38.63
iCaRL 43.12 43.99

+ CaSpeR-IL 44.22 45.20
DER++ 28.91 31.14

+ CaSpeR-IL 31.93 33.20
X-DER 33.02 39.19

+ CaSpeR-IL 35.42 40.46
PODNet 34.29 35.22

+ CaSpeR-IL 36.15 37.02

Table 4.6: Class-IL results – FAA –
in S-CIF100 for different batch size
configurations (20 epochs per task).
Buffer size 500.

must be clustered (Eq. (4.2)). Assuming that classes are equally distributed
in the data, the balanced sampling strategy (explained in Section 4.3) can be
approximated through random sampling from the memory buffer. Consequently,
CaSpeR-IL does not rely on the availability of annotations for each example,
enabling its application to semi-supervised scenarios to improve accuracy and
convergence.

[16] introduces Continual Semi-Supervised Learning (CSemiSL), a new
CL experimental benchmark in which only a fraction of the examples in the input
stream are associated with annotations. Results for an experiment conducted on
S-CIF100 in the CSemiSL setting, with only 0.8% or 5% annotated labels, are
reported in Table 4.7. Typical CL methods operating under this scenario either
discard a significant amount of data (ER-ACE), resulting in substantially reduced
performance compared to the fully-supervised case, or utilize the in-training
model to annotate unlabeled samples (pseudo-labeling, PsER-ACE). The latter
approach may backfire if the supervision provided is insufficient for the learner
to produce reliable responses, as observed in cases with 0.8% labels.

To leverage unlabeled exemplars, CaSpeR-IL is also applied to data points
from the input stream by setting k equal to the number of classes in a given task.
This leads to an overall improvement of the tested models and, in particular,
mitigates failure cases where PseudoER-ACE is applied with limited annotated
data. These results indicate that CaSpeR-IL effectively reduces the impact of
noisy labels produced by pseudo-labeling.

While the proposed regularizer can operate without full supervision to a
moderate extent, it still depends on the availability of supervised training signals.
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CSemiSL
Labels % 0.8% 5%
ER-ACE 8.46 11.87

+ CaSpeR-IL 8.55 14.16
PsER-ACE 2.31 16.35

+ CaSpeR-IL 9.69 17.42
CCIC [16] 11.5† 19.5†

+ CaSpeR-IL 12.22 20.32

Table 4.7: Class-IL FAA values on S-CIF100, with reduced amount of annotations.
Buffer size 2000.

Class-IL w/o CaSpeR-IL w/ CaSpeR-IL
k-NN Clsf 5-NN 11-NN 5-NN 11-NN
ER-ACE 43.73 44.41 46.75+3.02 47.29+2.88
iCaRL 34.86 37.78 36.00+1.14 38.33+0.55
DER++ 44.21 44.24 45.75+1.54 46.00+1.76
X-DER 43.44 44.62 49.47+6.03 49.49+4.87
PODNet 21.11 22.60 27.88+6.77 28.94+6.34

Table 4.8: Class-IL FAA values of k-NN classifiers trained on top of the latent
representations of replay data points. Results on S-CIF100 for Buffer Size 2000.

Extending the applicability of geometric-based constraints to unsupervised or
self-supervised CL scenarios remains an area for future investigation.

4.5 Model Analysis

4.5.1 k-NN classification

To further assess whether CaSpeR-IL effectively separates the latent embeddings
for examples of different classes, the accuracy of k-NN-classifiers [141] trained
on top of the latent representations produced by the methods in Section 4.4.2 is
evaluated. Results for 5-NN and 11-NN classifiers, using the final buffer B as
a support set, are reported in Table 4.8. The findings indicate that CaSpeR-IL
consistently demonstrates beneficial effects in this classification approach, further
validating its capability to disentangle representations of different classes.
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Figure 4.3: For several rehearsal methods with and without CaSpeR-IL, the func-
tional map magnitude matrices C|·| between the LGGs Gτ5 and Gτ10 , computed
on the test set of τ1, ..., τ5 after training up to τ5 and τ10 respectively (S-CIF100
- buffer size 2000). The closer C|·| to the diagonal, the less geometric distortion
between Gτ5 and Gτ10 . There are reported only the first 25 rows and columns
of C|·|, focusing on low-frequency correspondences [101], and a C|·| > 0.15
threshold is applied to increase clarity.

4.5.2 Latent Space Consistency
To provide further insights into the dynamics of the latent space in the evaluated
models, the emergence of distortions in the LGG is analyzed. Given a continual
learning model, the focus is on comparing Gτ5 and Gτ10 , the LGGs produced after
training on τ5 and τ10, respectively, computed on the test set of tasks τ1, ..., τ5.

The comparison between Gτ5 and Gτ10 can be better understood in terms
of the node-to-node bijection T : Gτ5 → Gτ10 , which can be represented as a
functional map matrix C [101] with elements ci,j ≜ ⟨ϕGτ5

i ,ϕGτ10
j ◦ T ⟩ , where

ϕGτ5
i is the i-th Laplacian eigenvector of Gτ5 (similarly for Gτ10), and ◦ denotes

the standard function composition. In other words, the matrix C encodes the
similarity between the Laplacian eigenspaces of the two graphs. In an ideal
scenario where the latent space is subject to no modification between τ5 and
τ10 w.r.t. previously learned classes, T is an isomorphism and C is a diagonal
matrix [101]. In a practical scenario, T is only approximately isomorphic, and,
the better the approximation, the more C is sparse and funnel-shaped.

In Fig. 4.3 are reported C|·| ≜ abs(C) for ER-ACE, iCaRL and X-DER on S-
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Figure 4.4: Wallclock training time for the approaches evaluated in Section 4.4
benchmarked on an identical hardware setup (GPU NVIDIA V100). Training
time grows linearly w.r.t. the number of per-batch forward steps.

CIF100, both with and without CaSpeR-IL. It can be observed that the methods
that benefit from the proposed regularizer display a tighter functional map matrix.
This indicates that the partitioning behavior promoted by CaSpeR-IL leads to
reduced interference, as the portion of the LGG that refers to previously learned
classes remains geometrically consistent in later tasks. To quantify the similarity
of each C|·| matrix to the identity, its off-diagonal energy ODE [114] is reported,
computed as the sum of the elements outside of the main diagonal divided by
the Frobenius norm. CaSpeR-IL produces a clear decrease in ODE , signifying
an increase in the diagonality of the functional matrices.

4.5.3 Training Time
As outlined in Section 4.3, CaSpeR-IL involves non-negligible computations that
could be perceived as having a significant impact on the overall training time.
This section examines the efficiency of the approximated procedure by comparing
the wall-clock time between models with and without CaSpeR-IL under identical
run conditions.

In Fig. 4.4, the overall training time for the approaches evaluated in Sec-
tion 4.4.2 is reported, specifically for S-CIF100, benchmarked on an identical
hardware setup. The findings indicate that the overhead introduced by CaSpeR-IL
is primarily driven by the additional forward step required for the corresponding
batch through the model. For X-DER, which already performs three forward
steps, a 33% increase in compute time is observed. For ER-ACE, which performs
two steps, the increase is approximately 43%. Such overhead appears comparable
to that of other CL solutions. For example, ER-ACE combined with CaSpeR-IL
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results in a compute time roughly equivalent to X-DER and DER++.

4.6 Conclusions
This chapter examined how rehearsal-based CL models progressively reshape their
latent-space representations when encountering new tasks. The investigation
revealed that feature projections of previously learned classes tend to collapse
toward each other, thus increasing the susceptibility to forgetting. To mitigate this
limitation, a novel spectral regularizer, named CaSpeR-IL, was introduced. By
promoting well-separated data clusters in the latent space, CaSpeR-IL improves
performance across several standard CL benchmarks. Crucially, CaSpeR-IL differs
from coordinate-wise contrastive constraints, operating instead through isometry-
invariant quantities derived from the Laplacian spectra of graphs built on top
of latent features. Experiments consistently showed that augmenting rehearsal-
based CL approaches with CaSpeR-IL delivers more robust representations that
exhibit reduced forgetting.

Overall, these findings underscore that leveraging the intrinsic geometry of
the latent space is a promising direction for tackling catastrophic forgetting,
potentially informing further research on isospectral techniques and spectral
geometry approaches for continual learning.





Chapter 5

Online Equivariant Learning

5.1 Motivation
This chapter focuses on the problem of Online Continual Learning (OCL) [5,
23, 19, 91, 7]. In many practical scenarios, a CL model cannot afford multiple
passes over the same training samples. Such a constraint is captured by the
OCL setting, where each data point in the stream is encountered only once. This
challenging yet realistic paradigm reflects real-world applications, where data
typically arrives in a single pass and must be learned online. Many studies in
CL often assume a relaxed training setup that allows iterating over each task
for multiple epochs; under OCL, this assumption no longer holds, highlighting
the need for methods that achieve robust performance while processing data
on-the-fly.

This thesis focuses on studying the latent space of CL models, with a particular
interest in methods that can shape the internal representations to be more robust
and adaptable over time. In this context, SSL methods have gained considerable
attention due to their capacity to learn flexible and transferable latent-space
representations without requiring manual annotations [28, 31, 146]. In CL, many
studies have explored the potential of SSL to facilitate knowledge transfer across
tasks and reduce catastrophic forgetting [106, 21, 50, 92, 139].

SSL methods can be broadly divided into two classes, according to the type
of transformations they exploit:

• Invariance-based approaches require the model to become insensitive to
specific transformations (e.g., random crops, flips, color jitter), effectively
collapsing augmented views of the same input into similar representa-
tions [28, 76, 146].

• Equivariance-based approaches aim to preserve and reflect transform-
ations in the output representation, rather than discarding them [54, 53].
The model is encouraged to recognize the transformation applied to the

41
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input, such as rotations or jigsaw puzzles, which provide a strong learning
signal for representation learning. These additional objectives are often
referred to as pretext tasks.

In the CL literature, these techniques often rely on contrastive learning [21,
50, 106, 10, 94]. Despite the success of Contrastive Self-Supervised Learning
(CSSL) in CL, these methods exhibit notable drawbacks in the OCL setting. First,
contrastive objectives typically require large batch sizes and multiple epochs per
task to converge [28], in conflict with the single-pass constraint of OCL. Second,
when trained with limited replay memory, these methods face a heightened risk
of overfitting [13].

Some works in CL have begun exploring rotation tasks to increase batch size in
contrastive objectives [59, 139], but the full potential of equivariance for mitigating
forgetting remains underexplored. However, recent research suggests that the
equivariant paradigm may offer advantages in online scenarios by facilitating
faster adaptation and more distributed features [53, 2, 38]. Equivariant pretext
tasks, such as four-fold rotation prediction, encourage the network to encode
transformation-specific information, potentially yielding latent representations
that are rich, redundant, and more resilient to abrupt distribution shifts. Given
the limited availability of data in OCL, such tasks can serve as a powerful
alternative to contrastive approaches, driving a more sample-efficient training
process.

Building on these observations, this chapter introduces Continual Learning
via Equivariant Regularization (CLER), an online regularizer that can
be easily combined with existing state-of-the-art CL approaches, leading to a
generalized improvement in performance. CLER applies an equivariant pretext
task to mitigate forgetting in a single-pass streaming environment and, unlike
contrastive objectives, is designed for fast convergence and improved sample
efficiency, making it particularly suitable for OCL. The main contributions are
as follows:

• A novel regularizer for OCL, CLER, which leveraging an equivariant pre-
diction task, helps maintain robust and transferable latent representations.

• Several variants of equivariant objectives are evaluated, each demonstrating
consistent performance gains.

• Compatibility with state-of-the-art CL methods, considering both memory-
based and memory-free approaches.

• An in-depth study on how CLER facilitates the emergence of distributed and
redundant representations, identifying this as a crucial factor for enhancing
model robustness in continual learning scenarios.
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Figure 5.1: Effects of SSL in an OCL scenario (S-CIF100) comparing a Finetun-
ing baseline with no additional regularization (green), with a Contrastive SSL
auxiliary objective (orange) and with an equivariant rotation prediction pretext
task (blue). (a) Cosine similarity between the gradients induced on the model by
consecutive tasks Ti and Ti+1 after training on task Ti. (b) Accuracy on task Ti
after training on Ti.

5.2 Invariance vs. Equivariance in CL
This chapter tries to demonstrate the benefits of equivariant self-supervised tasks
for the OCL scenario. Fig. 5.1 illustrates a preliminary comparison of invariance-
and equivariance-based SSL objectives in an OCL setting, using Split CIFAR-100
(S-CIF100) as a benchmark. The baseline (green) applies Finetuning without any
specialized technique against forgetting. Next, a CSSL regularizer is introduced
(orange), specifically following the Barlow Twins framework1 [146]. Finally, an
equivariant task (blue) is employed as an auxiliary objective, specifically, a four-
fold rotation prediction. Panel (a) reports the cosine similarity between gradients
of consecutive tasks, providing a measure of interference between different tasks
in an online scenario. Panel (b) shows the task accuracy achieved immediately
after training.

Although both contrastive and equivariant SSL strategies reduce interference
w.r.t. Finetuning, the rotation prediction pretext task consistently induces more
favorable gradient alignments. Furthermore, rotation prediction yields a more
noticeable improvement in task-specific accuracy, suggesting that a single pass over
the data is insufficient for purely contrastive methods to learn downstream task
representations effectively. By preserving meaningful transformation information,
equivariant SSL can more efficiently adapt the latent space, even under the tight
constraints posed by OCL.

1A recent invariance-guided approach that has also shown its merit in CL [106, 50].
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Figure 5.2: Overview of CLER. Two versions of the input image are fed into
the in-training model: i) standard data augmentation is used to train the
classification head (green); ii) a rotated image provides self-supervision on the
rotation prediction head (blue).

5.3 CL via Equivariant Regularization
Motivated by the preliminary analysis in Section 5.2, a novel regularization
term, Continual Learning via Equivariant Regularization (CLER), is
introduced. This term leverages equivariant self-supervised tasks to enhance the
robustness of CL models in an online setting.
Definition. Let A = {Ai}Ki=1 be a family of input transforms Ai : X → X (e.g.,
rotations, jigsaw puzzle). Then, a function fθ is said to be equivariant w.r.t. A
if there exists a mapping MA such that:

fθ(A(x)) =MA(fθ(x)), ∀x ∈ X . (5.1)

Following Eq. (5.1), each input exemplar is transformed using a randomly
selected Ak, and the in-training model is tasked with recognizing the transforma-
tion by predicting the correct label k ∈ YA = {1, . . . , K}. To achieve this, fθ is
rewritten as hϕ ◦gψ, where gψ represents the early part of the network devoted to
features extraction, and hϕ encompasses the latter part of the model, including
the final classification head for the CL task. Additionally, hξ is introduced as a
separate sub-network that follows the same structure as hϕ and is designed to
project the representation gψ(·) onto the set YA.

For illustrative purposes, Fig. 5.2 considers the popular choice ofA as the set of
non-distorting image rotations {Rot0◦ , Rot90◦ , Rot180◦ , Rot270◦} [53, 54], making
the pretext task a four-way classification problem2. The resulting approach,
referred to as CLER, introduces a regularization term Lr that can be applied
directly to any CL method. Let x ∈ Bin ∪Bbuf represent a sample from either

2However, this approach can easily be extended to other choices of transformations, as
shown in Section 5.5.2.
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the input or replay batch, the regularization term is defined as:

Lr = λr · E
x∼Bin∪Bbuf

k∼YA

[
CE

(
hξ(gψ(Ak(x))), k

)]
, (5.2)

where CE represents the cross-entropy loss, and λr is a scalar hyper-parameter
controlling the strength of the regularization.

The label space YA of the pretext task remains constant over time. Con-
sequently, the objective of CLER can be compared to classification problems
where only the data-generating distribution changes (similar to Domain-IL).
Equivariance & invariance. While the learning objective in Eq. (5.2) promotes
sensitivity to the selected set of transformations, solving the CL task enforces
the model to become invariant w.r.t. data augmentations. To prevent conflicts
between the two objectives, Eq. (5.2) is computed exclusively on non-augmented
inputs.

5.4 Experiments
5.4.1 Benchmarks
Settings. The evaluation focuses on the online Class-Incremental Learning
(oCIL) setting, where the model is asked to gradually learn to solve all tasks,
with no information regarding the task identifier (Task-ID). This scenario forces
the learner to build a single-headed classifier and is usually depicted as the most
challenging [49, 128, 7]. In the online learning scenario, the learner will then
experience each task only once (single epoch).

Datasets. Experiments are conducted on two popular benchmarks for Class-IL,
constraining data availability to a single pass: Split CIFAR-100 (S-CIF100)
(10 tasks of 10 classes each) and Sequential miniImageNet (S-miniImg) (20
tasks of 5 classes each). Details of these datasets are provided in Section 3.5.3.

Metrics. Model performance is primarily quantified using Final Average
Accuracy (FAA), reported as a percentage value. To evaluate the severity of
performance degradation caused by catastrophic forgetting, the Final Average
Adjusted Forgetting (FAAF) metric is adopted. Explanations of these metrics
are provided in Section 3.5.2.

Benchmarked models. The proposed CLER is applied on top of several CL
methods, including: ER-ACE [19], X-DER [14], CoPE [40], DualNet [106],
and OnPro [139]. An explanation of these methods is provided in Section 3.4.
To highlight the difference with invariance-based contrastive objectives, a reg-
ularization term based on CSSL losses is considered as a direct competitor to
CLER. This regularizer is not applied to DualNet and OnPro, as these methods
already include a contrastive loss. Additionally, the performance of a model
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trained on the sequence of tasks with no countermeasure against forgetting is
reported (Finetune), as well as two models trained jointly on all tasks: one for
a single epoch (Joint-online) and one for 10 and 20 epochs on S-CIF100 and
S-miniImg, respectively (Joint-offline).

Implementation details. All models are trained using Stochastic Gradient
Descent (SGD) with a fixed batch size of 10 on both the input stream and the
replay buffer. For a broader evaluation, all models are benchmarked with two
sizes for the memory buffer: 500 and 2000 for S-CIF100 and 2000 and 8000 for
S-miniImg. ResNet18 [61] is adopted as the backbone for all experiments. In
DualNet, following the original implementation, the fast learner is constructed
as a feed-forward network with the same number of convolutional layers as the
number of residual blocks in the slow learner (ResNet18).

Regardless of the underlying CL method, the feature extractor gψ and the
classification heads hϕ and hξ are defined by splitting the ResNet backbone at
the second-last residual block. The classification heads hϕ and hξ are comprised
of the last residual block, followed by a linear projection onto the respective sets
of classes Y = ∪Ti=1Yi and YA.
Each experiment is repeated 3 times, and the mean FAA and FAAF are reported.

5.4.2 Comparison with the State-Of-The-Art
The results of the evaluation on S-CIF100 and S-miniImg are presented in
Table 5.1. The proposed equivariant loss term is compared against an alternative
approach that promotes invariance using a CSSL objective. For the latter,
the result obtained is the best among five different regularizers: MoCoV2 [30],
SimSiam [31], Barlow Twins [146], SimCLR [28], and BYOL [56]. For CLER,
the best result is chosen from either a 2× 2 jigsaw puzzle (predicting one of 24
permutations) or a 4-fold rotation prediction. A detailed evaluation of various
pretext tasks is provided in Section 5.5.2.

The presented evidence strongly supports the initial claims, with CLER
improving the SOTA methods across all benchmarks. Specifically, improvements
are observed across the board regarding FAA, while FAAF indicates stronger
resistance to forgetting. Interestingly, the effect of the proposed regularization is
consistent regardless of buffer size, with an average FAA improvement of 3.37
and 3.52 on S-CIF100 and 2.77 and 3.29 on S-miniImg. In contrast, DualNet
appears to suffer the most from the lack of representation in the buffer. This
behavior may be attributed to the fact that the slow learner is trained only on
buffer data, limiting the quality of its learned representation. However, results
on the challenging S-miniImg dataset, when combined with CLER, suggest that
leveraging equivariant SSL mitigates such effects by enabling the fast learner to
develop better representations during OCL.

On the other hand, CSSL delivers mixed results. While it provides slight
performance gains over the baselines in most scenarios, it appears to negatively
impact performance in others. This observation suggests that the limited training
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oCIL S-CIF100 S-miniImg
Joint-offline 69.47 (−) 63.31 (−)
Joint-online 23.14 (−) 10.68 (−)
Finetune 7.00 (100) 3.21 (100)

Buffer Size 500 2000 2000 8000
ER-ACE [19] 20.17 (38.75) 26.95 (23.69) 15.03 (35.01) 16.07 (37.94)
+ CSSL 21.54 (34.73) 28.49 (18.37) 17.89 (34.93) 18.96 (32.03)
+ CLER 24.53 (33.76) 30.89 (20.24) 18.28 (28.84) 20.13 (27.95)

X-DER [14] 25.80 (39.54) 30.44 (31.52) 17.51 (34.25) 18.01 (50.84)
+ CSSL 26.28 (34.19) 32.10 (27.33) 19.77 (36.47) 20.50 (36.34)
+ CLER 29.35 (35.56) 34.57 (29.71) 21.26 (34.07) 21.71 (34.76)

CoPE [40] 19.98 (75.32) 34.09 (46.39) 22.67 (57.96) 24.54 (55.09)
+ CSSL 20.06 (73.88) 32.02 (47.87) 20.71 (59.32) 22.66 (58.86)
+ CLER 26.15 (69.28) 38.48 (45.50) 25.91 (57.73) 26.76 (52.69)

DualNet [106] 11.09 (92.42) 19.93 (73.44) 16.21 (80.35) 25.33 (59.60)
+ CLER 11.89 (89.97) 20.88 (73.02) 18.66 (72.74) 30.90 (52.14)

OnPro [139] 17.20 (21.23) 22.24 (11.47) 11.10 (32.06) 13.21 (21.52)
+ CLER 19.18 (20.23) 26.41 (11.38) 12.27 (31.00) 14.13 (26.77)

Table 5.1: FAA (↑) and FAAF (↓) on the oCIL setting. The best result
among Barlow Twins, SimSiam, SimCLR, BYOL, and MoCoV2 is reported for
CSSL, and the best between 2× 2 jigsaw puzzle and 4-fold rotation prediction is
presented for CLER.

iterations in OCL may not be sufficient for CSSL to transfer useful knowledge,
potentially hindering incremental learning.

5.5 Model Analysis
In the remainder, the various contributions of CLER are deeply studied, to gather
further insights on its overall effect on the CL tasks.

5.5.1 Effects of equivariance and redundancy in CL
For an in-depth analysis of the effects induced on the backbone, three additional
experiments are conducted on ER-ACE with and without CLER, drawing in-
spiration from the Network Pruning literature [98]. The objective is to examine
how the information carried by the learned features is distributed across the
parameters of the backbone.

Importance and redundancy. First, each parameter’s contribution to the
overall loss after training on S-CIF100 is quantified by computing the importance
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Figure 5.3: For S-CIF100, a structural analysis on ER-ACE with and without
CLER. (a) percentage of neurons in each conv. layer with importance score Î(1)

m

over the layer average; (b) within-layer similarity score g after Geometric Median
pruning. (c) after task T6, a random percentage of conv. filters is dropped and
the model is tested after training on a few batches from the same task. The red
line indicates the pre-drop accuracy of ER-ACE and serves as a target value.

measure Î(1)
m proposed in [98]. In Fig. 5.3a, the focus is placed on the convolutional

layers, and the proportion of parameters whose importance score exceeds the
layer’s average is reported to provide a compact per-layer evaluation.

Additionally, Geometric Median pruning [62] is performed on the model,
discarding filters Fd that are the most redundant – i.e., those most similar to
others in the same layer. Fig. 5.3b reports the average within-layer similarity g
for the discarded kernels:

g(Fd) = 1
F

F∑
j=1
|Fd −Fj |, (5.3)

where F represents the total number of filters in the considered layer.
The results indicate that CLER encourages the model to fit the learned

task with dense configurations of parameters (higher Î(1)
m in Fig. 5.3a) that are

also more similar to each other (lower g in Fig. 5.3b). This behavior may be
linked to the performance increase reported in Section 5.4.2: as task-specific
knowledge does not rely solely on a few parameters but is instead more distributed,
subsequent weight updates are less likely to completely erase previously acquired
knowledge. Furthermore, the higher rate of important parameters, combined
with higher redundancy, suggests that filters erased due to forgetting may be
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Buffer size 500 2000
ER-ACE + CLER +4.36JS +3.94JS

CoPE + CLER +6.17JS +4.39JS

ER-ACE + CLER +1.23REL +1.11REL

CoPE + CLER +2.33REL +1.19REL

ER-ACE + CLER +1.75VF +1.11VF

CoPE + CLER +2.50VF +1.85VF

ER-ACE + CLER +4.42JS+R +4.43JS+R

CoPE + CLER +7.26JS+R +6.01JS+R

Table 5.2: Performance gain of 2× 2 jigsaw (JS) compared to other choices of
pretext tasks: relative patch location prediction (REL), vertical flip prediction
(VF), and the combination of 4 way rotation and 2× 2 jigsaw (JS+R).

restored as needed by leveraging redundant groups of parameters.

Recovery. To further investigate these findings, an additional evaluation probes
the dynamics of learning with CLER. After training on the 6th task of S-CIF100,
a portion of the convolutional filters in the models is randomly dropped, and
retraining is performed using only the cross-entropy loss on a few batches from
the same task. The accuracy after each batch is reported in Fig. 5.3c. The
results indicate that the distributed importance induced by the training objective
leads to a higher initial drop in accuracy for CLER. However, the approach
rapidly recovers performance, achieving the target pre-drop accuracy in fewer
steps compared to the baseline.

5.5.2 On the choice of an equivariant pretext task
The work presented in this chapter focuses on two pretext tasks that represent
the most popular choices for image classification [38, 54, 81]. Nevertheless, to
further validate the effectiveness of CLER, Table 5.2 provides the performance
gain w.r.t. the baseline on S-CIF100 for other choices of pretext tasks:

• Relative patch position prediction (REL): a task based on jigsaw puzzles,
where the goal is to predict the position of an image patch given a reference
one.

• Vertical flip prediction (VF), which can be seen as a subset of 4-fold rotation
prediction.

• Rotation & jigsaw (JS+R), a combination of both 4-fold rotation prediction
and 2× 2 jigsaw tasks, for a total of 96 classes to predict.

As shown in Table 5.2, all choices lead to a consistent improvement, suggesting
that pretext tasks based on equivariance can be effectively integrated to enhance
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AUROC % ER-ACE X-DER
Baseline 68.60 72.34
+ CLER 71.48+2.88 75.53+3.19
+ CSSL 70.75+2.15 72.43+0.09

Table 5.3: Misclassification Detection score (↑) of backbones after an OCL
training on S-CIF100 with different strategies. CLER is able to reach the best
performance for both the rehearsal-based baselines.

Baseline Baseline + CSSL Baseline + CLER
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Figure 5.4: Effect of standard CSSL and CLER on the calibration of two rehearsal-
based models. While in ER-ACE both self-supervised approaches improve the
network scores, X-DER with CLER achieves almost perfect calibration.

performance. Notably, the best results are achieved with the combined JS+R
task.

5.5.3 Assessing the Trustworthiness of OCL Models
The increasing range of applications of ANNs has raised significant concerns
about the reliability of their decisions [48]. This concern has motivated a
line of research focused on evaluating and improving the trustworthiness of
ANNs. Related to CLER, prior work [4] highlights that pretext tasks can aid in
assessing the confidence of model predictions. Building on these insights, this
investigation examines whether equivariance-based regularization can similarly
enhance trustworthiness. Such a property is particularly relevant in online settings,
where misclassified examples are relatively common, and proper detection of out-
of-distribution examples could be leveraged to enhance strategies for populating
rehearsal memory buffers.

To address these aspects, a set of experiments is conducted on S-CIF100,
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ER-ACE [19] + CSSL + CLER
Epochs Buffer size 500
1 (OCL) 20.17 (38.75) 20.89 (36.03) 25.08 (32.84)
5 32.47 (47.70) 33.53 (46.29) 34.88 (45.52)
20 37.38 (46.79) 37.78 (50.55) 39.35 (46.84)
50 37.94 (51.49) 39.61 (43.75) 41.27 (46.78)

Epochs Buffer size 2000
1 (OCL) 26.95 (23.69) 27.80 (21.12) 30.89 (20.24)
5 42.35 (27.49) 43.62 (27.11) 45.67 (24.92)
20 48.03 (33.33) 49.16 (31.86) 50.27 (31.20)
50 49.05 (33.91) 50.66 (34.48) 52.17 (32.56)

Table 5.4: Performance comparison (FAA) for Equivariant- and Contrastive-
based SSL objectives in a multi-epoch setting, evaluated on S-CIF100. CLER
delivers a general improvement over CSSL even when the online constraint is
relaxed.

focusing on misclassification detection and calibration [58] for ER-ACE and
X-DER, both with and without CLER. Confidence is computed as the Maximum
Softmax Probability (MSP), following [37]. Results for misclassification detection,
reported in Table 5.3, demonstrate that CLER delivers improved performance.
Additionally, Fig. 5.4 illustrates the calibration levels of the two approaches: for
ER-ACE, both invariance- and equivariance-based tasks result in more reliable
confidence intervals, while for X-DER, CLER achieves near-ideal calibration.

5.5.4 Is CLER’s advantage tied to (online) CL?

Applicability to the multi-epoch CL. While the evaluation primarily focuses
on the OCL scenario, the proposed approach may also be beneficial in less
restrictive environments that allow for multiple iterations. Such settings simulate
realistic low-latency scenarios where the objective is to develop algorithms capable
of rapidly adapting to changing data streams while retaining past knowledge.
Results from this evaluation on the S-CIF100 benchmark are summarized in
Table 5.4, comparing ER-ACE with either CLER regularization or Barlow Twins.

As anticipated, an increasing number of epochs enables the model to fully
leverage the knowledge from the data stream. However, since CSSL tasks typically
require many iterations to converge, CLER remains a more effective choice for
preventing forgetting while enhancing the base model’s representation.
Non-incremental scenarios. The consistently improved performance of
baseline methods when combined with CLER might suggest that SSL regu-
larization is broadly effective and not specifically relevant to CL. To investigate
this further, both CSSL and CLER regularization are applied to the multi-epoch
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Method CIFAR-100 miniImageNet
Joint-offline 69.85±1.43 62.42±1.13
+ CSSL 70.24±0.47 63.10±0.61
+ CLER 70.92JS±0.74 63.11JS±0.16

Joint-online 23.14±0.74 10.68±0.67
+ CSSL 23.16±0.82 13.79±0.79
+ CLER 28.38JS±1.82 14.77JS±0.78

Table 5.5: Accuracy of Joint methods with CSSL and CLER. The epochs are
set to 30 and 50 for CIFAR-100 and miniImageNet respectively (Joint-offline).

Joint upper bound (Joint-offline), with results presented in Table 5.5. This
evaluation demonstrates that, given sufficient epochs and full convergence, the
inclusion of additional SSL terms does not significantly impact the achieved
accuracy. Thus, the effectiveness of CLER in Continual Learning scenarios ap-
pears to stem from factors beyond standard SSL regularization, as discussed in
Section 5.5.1.

To complement this result, the proposed regularization is also applied to
single-epoch Joint training (Joint-online). In this context, CLER proves effective
and outperforms CSSL. Consistent with the findings in Fig. 5.1, this result
confirms that SSL facilitates learner convergence with limited data points and
that the equivariant approach adopted by CLER demonstrates greater sample
efficiency compared to conventional CSSL methods.

In conclusion, the findings suggest that CLER’s effectiveness extends beyond
SSL regularization and is inherently tied to CL. Due to its enhanced sample
efficiency, the equivariant approach employed by CLER is particularly effective
with fewer epochs, making it well-suited for the OCL setting.

5.5.5 Applicability to Data-Free Continual Learning
The SOTA competitors used to validate CLER in Section 5.4 belong to the
rehearsal-based family of CL methods. These methods represent the most
commonly adopted approach in the challenging oCIL scenario when training
from scratch, as the performance of other classes of methods is often severely
compromised [93, 19, 57, 150]. However, a line of research has raised concerns
regarding the adoption of replay, citing potential privacy issues [123, 51]. This
has motivated the exploration of Data-Free Class-IL, which refers to multi-epoch
Class-Incremental Learning without the ability to store data in a memory buffer.

To demonstrate the flexibility of the proposed approach, its application is
further evaluated on two data-free methods: the model inversion-based Relation-
Guided Representation Learning (R-DFCIL) [51] and the distillation-based Multi-
Class Learning without Forgetting (LwF.MC) [112]. Results presented in Table 5.6
illustrate that CLER delivers consistent performance improvements, highlighting
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Method S-CIF100 S-miniImg
LwF.MC [112] 36.15 (49.78) 20.75 (63.67)
+ CLER 37.07 (49.37) 21.64 (62.79)

R-DFCIL [51] 34.98 (54.59) 13.15 (83.47)
+ CLER 36.74 (52.31) 18.80 (75.43)

Table 5.6: FAA of data-free methods (without buffer) with and without CLER.
30 and 50 epochs on S-CIF100, S-miniImg respectively.

its effectiveness even in the absence of replay data.

5.6 Conclusions
This chapter presented CLER, an equivariant regularization strategy designed
for Online Continual Learning. By leveraging pretext tasks such as rotation
prediction or jigsaw puzzles, CLER preserves transformation-specific information
rather than discarding it, as is typical in contrastive approaches. Experiments on
multiple rehearsal-based and data-free CL methods demonstrated the following:

• Faster adaptation and reduced forgetting. Equivariant objectives
produced more favorable gradient alignments, enabling quicker convergence
and better retention compared to purely contrastive SSL.

• Distributed and robust features. Pruning studies highlighted that
CLER fosters a more redundant representation, enhancing resilience to
catastrophic forgetting and facilitating rapid recovery.

• Improved trustworthiness. Misclassification detection and calibration
metrics indicated more reliable confidence scores under equivariant regular-
ization.

• General applicability. While particularly effective in single-pass OCL,
CLER also yielded gains in multi-epoch CL settings, suggesting broad
relevance wherever large batch sizes and prolonged training cannot be
guaranteed.

Overall, these findings underscore the value of equivariant tasks for foster-
ing robust latent representations in challenging online continual learning
scenarios.
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Chapter 6

Selective Attention Filtering

6.1 Motivation
Recent developments in Deep Learning, driven by the introduction of Transformer-
based architectures [130], have led to a shift in CL research toward exploiting
pretrained Vision Transformer (ViT) backbones. Among these approaches, a
prominent category relies on prompting [138, 137, 124], in which a set of
trainable tokens called prompts is concatenated with the input to the ViT, while
the backbone typically remains frozen. Different strategies for prompt selection
have been proposed to encode task-specific information within the prompts, which
are updated during training. This mechanism proves effective in CL, enabling the
model to recall past tasks and often reaching performance levels that approximate
an offline upper bound, where the entire dataset remains accessible.

However, most CL benchmarks focus on single-label datasets, in which each
image corresponds to a single ground-truth label. Such scenarios may only
approximate real-world conditions, where multiple labels are typically associated
with the same sample (e.g., a person’s age, gender, and nationality). Despite
the prevalence of multi-label situations in practical applications, relatively few
studies have examined these contexts in an incremental learning fashion [1, 77].

This chapter argues that modern state-of-the-art prompting CL methods,
which excel at mitigating forgetting in single-label settings, encounter substantial
difficulties when extended to multi-label data. To address this issue, Multi-
Label Continual Learning (MLCL) is investigated as a novel research avenue
where catastrophic forgetting remains insufficiently addressed. The contributions
are summarized as follows:

• Two MLCL benchmarks are employed: IIRC CIFAR-100 (IIRC) [1], which
appends superclass labels to the CIFAR-100 dataset [83], and Incremental
WebVision (Incr. WebVision), a new real-world scenario extracted from
the WebVision dataset [88].

57
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• Modern prompting-based CL methods are evaluated in MLCL scenarios,
revealing that they do not naturally extend to these challenges.

• Popular rehearsal-based CL baselines are adapted to a pretrained ViT back-
bone, demonstrating that these straightforward combinations are resilient
under MLCL conditions.

• A new framework, Selective Class Attention Distillation (SCAD), is
introduced to address the unique challenges of MLCL. Inspired by works
highlighting the importance of pretraining for mitigating forgetting [109,
15], this method leverages a frozen pretrained teacher and transfers only
pertinent features to an incrementally trained student, effectively distilling
knowledge from the teacher’s latent space into the student network.

Experiments indicate that SCAD achieves superior performance on both
proposed MLCL benchmarks, showing that selectively filtering information from
a pretrained latent space can effectively alleviate catastrophic forgetting in
multi-label incremental settings.

6.2 Multi-Label Continual Learning
In a multi-label setting, an image classification dataset D consists of pairs
(xi, yi)|D|

i=1, where xi ∈ R3×H×W is an RGB image and yi ∈ R|Y| is the multi-hot
label vector. Specifically, each element yi,j is 1 if the sample belongs to the jth

class, and 0 otherwise. The set Y encompasses all the possible labels.
In the CL scenario, following Section 3.5.1, a model fθ is trained on a sequence

of T tasks, where each task Tt = (Xt,Yt), t = 1, ..., T . The main differences of
MLCL are the following:

• Labels Y are multi-hot vectors and, as in Class-IL and Task-IL scenarios,
annotatios are partitioned over tasks Yi ∩ Yj = ∅ for i ̸= j.

• While classes are partitioned into tasks and do not overlap, the same sample
can belong to multiple tasks, as it can be associated with labels belonging
to different tasks. In this case, it will be presented to the model twice
but with only the ground-truth labels of the current task, filtering out the
others.

• The evaluation metric is the Precision-Weighted Jaccard Similarity
(PWJS), explained in Section 6.4.1. It replaces the single class accuracy
to compute standard CL metrics such as FAA (Section 3.5.2).
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6.3 Selective Class Attention Distillation
Pretraining and forgetting. Prior studies [109, 97] have highlighted that large-
scale pretrained models often exhibit stronger resilience to catastrophic forgetting.
However, according to [15], continuously training on an evolving stream of
tasks tends to move a model away from its original pretrained configuration,
thereby exacerbating the forgetting process. In response, this chapter investigates
strategies for maintaining closer alignment with the pretrained initialization
throughout incremental training. Following insights from several knowledge-
transfer approaches [134, 15, 90, 144], the proposed method, SCAD, employs
two pretrained models. One network, the teacher, remains frozen, while the other,
the student, undergoes parameter updates during training.

Backbone. Both teacher and student networks are instantiated as pretrained
Vision Transformers (ViTs) [44], reflecting the growing adoption of these archi-
tectures in CL. In this model, an input image x ∈ R3×H×W is divided into S
non-overlapping patches, each flattened and passed through a patch embedding
layer to form a sequence of S tokens. A special class token, used for classification,
is then prepended to the sequence. The resulting sequence xp ∈ R(S+1)×D (where
D is the embedding dimension) progresses through a series of transformer encoder
blocks, each containing Multi-head Self-Attention (MSA) [130] and feed-forward
layers. The final class token extracted from the output is used for prediction. By
virtue of MSA, each head can capture different local and global dependencies
among the image patches, thereby enabling the model to learn a variety of
relationships within the input.

Knowledge Transfer. Recent research has extensively focused on developing
efficient strategies for distilling knowledge among ViTs [29, 144, 134], serving as
inspiration for the proposed approach. By feeding an input through the model,
intermediate representations can be obtained, denoted as F l ∈ R(S+1)×D, where
l ∈ 1, ..., L represents the index of the transformer block under consideration,
and L is the total number of blocks. At this stage, the correlation Rl between
the tokens of these representations is computed:

Rl = F l

||F l||22
·
(

F l

||F l||22

)T

, (6.1)

where T denotes the transpose operation and Rl ∈ R(S+1)×(S+1). The attention
vector Rl,1, the first row of the correlation matrix, captures the relationships
between the class token and all other tokens. The distance between the teacher’s
vector Rl,1τ and the corresponding vector Rl,1s of the student can be computed:

Dl = Rl,1τ −Rl,1s . (6.2)

Minimizing this distance for every transformer block ensures that the student
model maintains the relationships between the class token and the other tokens
aligned to those learned by the teacher model.
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Figure 6.1: SCAD involves two pretrained ViTs: one is frozen, referred to as the teacher,
while the other, referred to as the student, is updated during training. An image is
provided as input to both the teacher and the student, and intermediate representations
are extracted. From these representations, using Eq. (6.1) and the indexing indicated
in Eq. (6.2), the attention vector that contains the relationships between the class
token and other tokens is computed. These operations are summarized in the image by
the operator R. The attention vector is used by the attention modules (adapters) to
compute binary vectors useful for filtering knowledge transfer. The feature propagation
loss LFP maintains alignment between the attention vectors of the teacher and the
student models.

Adapter Networks. While this distillation technique effectively mitigates the
issue of forgetting the pretraining state, it also introduces the risk of making the
model too rigid, potentially limiting its adaptability to new tasks. To address
this concern, additional learnable components, referred to as adapters, are
introduced. These adapters are small Multi-Layer Perceptrons (MLPs) designed
to prevent the transfer of irrelevant information from the teacher model to the
student model. To achieve this objective, the attention vectors Rl,1τ generated by
the teacher model are fed into these adapter modules, which project the input
into vectors ∈ R(S+1)×2. Binary Gumbel-Softmax sampling is then applied on
the last dimension, resulting in a binary vector M(·). These vectors act as masks,
filtering only the relevant information from the teacher model. The binary masks
are then multiplied by the respective distance vectors D, derived from Eq. (6.2).
The final objective function for this process is defined as:

LFP =
∑
l∈L

||M(Rl,1τ )⊙Dl||22, (6.3)

where ⊙ is the element-wise multiplication. The pseudocode in Algorithm 2
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Algorithm 2 SCAD - distillation loss
Require: Intermediate representations Fτ , Fs for each transformer blok l,

adapters functions g per block, with l ∈ 1, . . . , L,
lossFP ← 0
for l in 1, . . . , L do

norm_Fτ ← F l
τ/||F l

τ ||22
norm_Fs ← F l

s/||F l
s||22

Rlτ ← norm_Fτ · norm_F T
τ

Rls ← norm_Fs · norm_F T
s

attn_vecτ ← Rl,1τ
attn_vecs ← Rl,1s
bin_mask ← gumbel(gl(attn_vecτ ))
dist← bin_mask ⊙ (attn_vecτ − attn_vecs)2

lossFP ← lossFP + mean(dist)
end for
LFP ← 1

L lossFP

outlines the sequence of operations to obtain the loss.

Rehearsal. To further enhance the model’s ability to retain knowledge from past
tasks, a rehearsal mechanism is incorporated, as replay strategies have been shown
to be highly effective in addressing the forgetting problem [49, 7]. During training,
a fixed-sized memory buffer B is fed with a subset of the examples seen by the
model, sampled using the popular reservoir sampling strategy [132]. Specifically,
both the input images x, the associated labels y, the logits h obtained by feeding
the examples to the student network, and the binary masks m generated by the
adapters are stored in the buffer. Inspired by the vast literature on rehearsal
methods, the total replay loss Lr using data sampled from the buffer is composed
of different components: i) the classification loss [111, 113]; ii) the distillation
loss [17], which enforces similarity between the model’s logits and the stored
responses; and iii) the adapter mask replay loss, which ensures that the binary
masks generated by the adapters are consistent with the stored masks. The final
loss function is given by:

Lr = E
(x,y,h,m)∼B

[
BCE(fθ(x), y) + MSE(fθ(x), h) + BCE

(
M(Rτ (x)), m

)]
,

(6.4)
where BCE denotes the binary cross entropy loss and MSE is the mean squared
error. Each term in the loss function, including LFP, is weighted by a hyperpara-
meter to regulate its contribution.

Finally, inspired by [19], the Asymmetric Cross-Entropy (ACE) technique is
adopted, which computes the classification loss on the stream examples consider-
ing only the labels within the current batch. This approach helps in reducing
abrupt changes in model representations.
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6.4 Experiments

6.4.1 Benchmarks

Settings. The experimental evaluation is conducted in the more challenging
Class-IL scenario, where the model is trained on a sequence of tasks with disjoint
sets of classes, and the task identity remains unknown at test time.

Datasets. The evaluation utilizes two benchmarks: IIRC, a recently introduced
dataset for multilabel incremental evaluation, and a novel benchmark, Incr.
WebVision, specifically designed for this study.

IIRC CIFAR-100 (IIRC) [1]. The IIRC benchmark is derived from the
CIFAR-100 dataset [83]. To each sample are assigned two labels: a superclass
and a subclass label. The dataset is organized into 22 tasks, where the first task
contains only superclass labels, while the subsequent tasks gradually introduce
subclass labels. The authors defined two settings for this benchmark: complete
information, where all labels for each sample are available, and incomplete
information, where only the label of the current task is provided. The evaluation
in this chapter focuses on the incomplete setup, identified by the authors as the
more challenging scenario.

Incremental WebVision. The WebVision dataset [88] includes over 2.4
million web images sourced from the Internet, each accompanied by metadata
such as a title, description, and tags. Using these tags, a challenging real-world
incremental multi-label benchmark, referred to as Incremental WebVision, is
created by following these steps:

1. Starting from a pool of 816, 814 tags, those with fewer than 1000 occurrences
across the dataset are discarded.

2. Individual clusters of consistently co-occurring tags are manually reviewed,
and semantically overlapping tags are merged. Feature similarity in CLIP-
space [108] is used as an indicator of semantic proximity. This process
results in a curated list of approximately 350, 000 images with 300 tags,
serving as examples and (multi-)labels for the benchmark.

3. The dataset is divided into 6 tasks, each containing 50 unique new labels.
The task’s dataset is composed of approximately 58, 000 images associated
with at least one tag in the corresponding set of labels.

4. 5000 images from each task are reserved for testing, and the remaining
53, 000 are used for training.

The resulting dataset portrays a particularly challenging and realistic scenario,
as annotations in WebVision are known to contain significant noise [88].
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Metrics. As stated in [125], conventional metrics fail to capture the varying levels
of correctness in multi-label predictions. To address this limitation, building on
the IIRC framework, the Precision-Weighted Jaccard Similarity (PWJS)
is adopted as evaluation metric, defined as:

Rt
i =

|Tt|∑
j=1

ytj ∩ f tθ(xj)
ytj ∪ f tθ(xj)

×
ytj ∩ f tθ(xj)

f tθ(xj)
, (6.5)

where Rt
i is the performance of a model on task i after being trained on tasks Tt,

f tθ is the model trained until the tth task, xj is the jth sample from the task and
ytj is the corresponding ground-truth labels, filtering out the labels that belong
to future tasks ytj ∩ Yk = ∅ with k = t + 1, . . . , T .

Since the evaluation involves a sequence of tasks, the final performance is
summarized by adapting the popular Final Average Accuracy (FAA) metric to
the multi-label setting, resulting in the definition of the Final Average PWJS
(FA-PWJS):

FA-PWJS =
T∑
i=1

RT
i . (6.6)

All experiments are conducted multiple times using the same pretrained weights.
The average FA-PWJS and standard deviation are reported for all evaluated
approaches.

Competitors. To evaluate the effectiveness of the proposed approach, a compre-
hensive comparison is conducted with the following state-of-the-art CL methods,
adapted to the multi-label setting: ER [111], ER-ACE [19], L2P [138], and
CODA-Prompt [124]. Descriptions of these methods are provided in Section 3.4.
To further contextualize the results, additional baselines are included: Finetun-
ing, representing a lower bound where no continual learning technique is applied
during training, and Joint training, an upper-bound approach where the model
is trained on the entire dataset without incremental learning.

To strengthen the validation of the proposed approach, a variant referred to
as SCADw/o FP is introduced. This variant excludes the distillation loss LFP
during training, relying solely on rehearsal with the first two terms in Eq. (6.4),
along with the ACE loss for classification.

Implementation details. The same network architecture, a pretrained ViT-
B/16, is used for all benchmarked models. SGD is employed as the optimizer for
ER, ER-ACE, L2P, and SCAD, with a learning rate of 0.03. For CODA-Prompt,
Adam is used with a learning rate of 0.001, as specified in its original paper [124].
Gradient norm clipping with a maximum norm value of 1.0 is applied to all models
except CODA-Prompt, as this adjustment was observed to enhance performance.
To ensure fairness, all methods are trained for the same number of epochs and
with the same batch size.
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FA-PWJS IIRC Incr. WebVision
Joint (UB) 86.83 ±0.22 25.12 ±0.01
Finetuning (LB) 0.24 ±0.01 18.81 ±0.59

L2P [138] 3.76 ±0.01 0.31 ±0.25
CODA-Prompt [124] 3.79 ±0.01 15.05 ±1.45

Buffer Size 500 2000 2000 5000
ER [111, 113] 21.04 ±1.81 38.55 ±0.91 17.76 ±0.18 21.63 ±0.18
ER-ACE [19] 41.83 ±1.75 50.66 ±0.87 7.75 ±1.78 16.26 ±0.34
SCADw/o FP 41.66 ±2.55 61.82 ±0.09 8.97 ±0.01 17.03 ±0.01
SCAD 45.23 ±0.03 66.58 ±0.02 20.02 ±0.35 22.17 ±0.60

Table 6.1: Final Average PWJS (and standard deviation) for the IIRC and Incr.
WebVision benchmarks. The lower part of the table includes methods requiring
the memory buffer for rehearsal.

6.4.2 Results
The performance disparity between the two benchmarks is evident from the
results presented in Table 6.1. Across all methods, there is a notable struggle
when dealing with the WebVision dataset, probably due to the high presence of
annotation noise in the dataset. Prompting-based methods, which usually excel
in single-label tasks, show limited effectiveness in both benchmarks under multi-
label conditions, indicating that prompting alone does not suffice to preserve
performance when multiple labels per sample are involved.

In contrast, rehearsal-based approaches consistently achieve superior results.
Interestingly, the ACE loss improve the performance on IIRC but degrade it on
Incr. WebVision. This suggests that the ACE loss is beneficial when the dataset
is less noisy, as in the IIRC benchmark.

SCAD achieves the best overall performance across all configurations, indic-
ating that combining rehearsal with distillation from a pretrained latent space
is particularly advantageous. The SCADw/o FPvariant, which excludes the dis-
tillation loss, performs worse than the full SCAD model, demonstrating the
importance of the distillation process in preserving knowledge from the teacher.

6.5 Model Analysis

6.5.1 Contribution of selective distillation
To evaluate the impact of incorporating adapter neural networks on model per-
formance, an experiment was conducted by removing the adapters and performing
distillation using the entire attention vectors. The results, presented in Table 6.2,
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Binary masks
✓ ✗

FA-PWJS 66.58 ±0.02 63.68 ±0.01

Table 6.2: FA-PWJS achieved by SCAD on the IIRC benchmark with and without
the use of adapters to filter the knowledge transfer.

are based on the IIRC benchmark with a buffer size of 2000. The findings
indicate that filtering attention vectors through the binary masks generated by
the adapters leads to improved performance. These results suggest that adapter
networks effectively select and propagate only the relevant information from the
teacher’s attention vector to the student network.

6.5.2 Quantitatively measuring catastrophic forgetting in
Multi-Label Continual Learning

While FA-PWJS provides a clear snapshot of a model’s accuracy at the end of
training, it is also important to measure how the model’s performance degrades as
the learner encounters an increasing amount of data. To address this, inspiration
is drawn from traditional CL evaluation to formulate a MLCL version of the
Final Average Adjusted Forgetting measure Section 3.5.2 based on PWJS:

FAAFML =
T−1∑
i=1

[
R∗
i −RT

i

R∗
i

]+
,

s.t. R∗
i = max

l∈{i,...,T−1}
Rl
i, ∀i ∈ {1, . . . , T − 1} and [·]+ = max(·, 0).

(6.7)

The FAAFML metric ranges between 0 and 100, where 0 indicates no forgetting
and 100 represents complete forgetting of past tasks.

Table 6.3 presents the measurements of FAAFML for the experiments in
Section 6.4. The results indicate that the ACE technique is highly effective in
reducing forgetting on the IIRC benchmark. This suggests that computing the
loss based on the classes of the current batch helps preserve network parameters
that encode information from past tasks. On the Incr. WebVision benchmark,
however, the forgetting values for rehearsal techniques are observed to be quite
similar. With regard to prompting techniques, the two tested methods exhibit
comparable levels of forgetting on the IIRC benchmark, while L2P demonstrates
significantly higher forgetting on Incr. WebVision. In general, rehearsal-based
methods tend to have lower forgetting values. SCAD achieves the lowest forgetting
values on both benchmarks, indicating that the proposed method is effective in
preserving knowledge from past tasks.
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FAAFML IIRC Incr. WebVision
Joint (UB) - -
Finetuning (LB) 98.67 37.39
L2P 97.29 66.41
CODA-Prompt 97.77 44.06
Buffer Size 500 2000 2000 5000
ER 69.98 41.57 34.33 25.64
ER-ACE 45.25 40.06 57.52 32.80
SCADw/o FP 25.82 17.71 48.95 31.87
SCAD 24.36 16.40 28.37 24.92

Table 6.3: Multi-Label Adjusted Forgetting FAAFML (the lower the better) of
the benchmarks evaluated.

6.6 Conclusions
This chapter introduced MLCL as a challenging scenario where multiple labels
can be assigned to each sample, highlighting how established prompting-based
methods—highly effective in single-label settings—struggle to maintain perform-
ance. In contrast, rehearsal-based approaches showed greater resilience, although
they still face considerable difficulties under noisy real-world conditions.

A new framework, SCAD, was proposed to address these challenges. By
leveraging a frozen, pretrained ViT as a teacher network and selectively distilling
attention-based representations into the student model, SCAD constrains the
drift from its pretrained initialization while preserving flexibility to learn new
tasks. Extensive experiments on the IIRC and Incr. WebVision benchmarks
confirmed that SCAD significantly outperforms prompting methods and other
rehearsal-based baselines, achieving higher final accuracy and reduced forgetting.
These findings suggest that selective distillation from a pretrained latent space is
a promising direction for improving multi-label continual learning.
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Chapter 7

Semantic Residual
Prompting

7.1 Motivation
The emergence of large-scale pre-trained Transformers [130] and foundation mod-
els [12] has recently changed the adaptation paradigm, usually moving towards
parameter-efficient plasticity, in which only a few parameters are optimized to
solve a new task while keeping most of the model frozen. A successful example is
prompt tuning, in which a few learnable vectors (“soft prompts”) are appended
to the input image tokens. For instance, Context Optimization (CoOp) [152]
learns a context prompt, which is concatenated with the textual name of the
class label and fed to the textual encoder of CLIP (Contrastive Language-Image
Pre-training) [108]. The latter generates a class prototype in feature space, which
is used to classify the images of the task at hand. Similarly, Visual Prompt Tuning
(VPT) [72] learns task-specific visual prompts for each layer of an ImageNet
pre-trained ViT [44].

Prompt tuning has recently been adopted in different CL proposals [138,
137, 124, 135, 27] with good results. These methods, inspired by CoOp and
VPT, usually devise a shared pool of key-value pairs to manage the prompts
learned during each round. As shown in Fig. 7.1 (left), the input image is used
as a query to retrieve a subset of relevant prompts from the pool. To make the
selection strategy effective, the keys are learned along with the values (i.e., the
prompts). The learning criteria for these keys usually involve a form of weak
supervision that pulls selected keys closer to corresponding query features, with
further orthogonality constraints to encourage diversification [124].

Despite the extensive application in incremental scenarios, prompting ap-
proaches fall into a pitfall, which is the main focus of this chapter. As the
key space is continuously updated with no further access to past queries/tasks,
the selection mechanism is itself subject to catastrophic forgetting and possible
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Figure 7.1: Comparison between current approaches (left) and STAR-Prompt
(right) with respect to their prompting selection strategies. To enhance the
stability of the pool selection, the multi-modal CLIP embedding space is utilized
to compute the similarity between the image and prompt-learned class-prototype
keys. Subsequently, the retrieved values are used as prompts for another backbone,
specifically an ImageNet pre-trained ViT.

misalignments between queries and keys. As outlined in Section 7.2.4, this causes
interference in the prompt selection (i.e., prompts of a certain task are mapped
to unrelated tasks), thus leading to sub-optimal performance.

The method proposed in this chapter employs a foundation model like CLIP
to realize the query-key matching mechanism, yielding a more stable selection
strategy. In fact, it has been shown that the fine-tuning regime of CLIP models fa-
vors stability over plasticity [27], as distinct parameters can be naturally devoted
to distinct concepts, mitigating their interference. However, to enhance plasti-
city, the prompts retrieved through CLIP serve to condition another backbone,
specifically an ImageNet pre-trained ViT. Notably, this leads to a two-level
prompting pipeline (Fig. 7.1 right), which is the main technical contribution
of this work. Briefly: as in CoOp and AttriCLIP [135], class-specific prompts
(first-level prompt pool) are fed to the CLIP textual encoder, and trained for
the current task. The resulting embeddings are not used for computing classific-
ation scores, as in other methods, but as keys of a second prompt pool. The
retrieved second-level prompts are used to adapt the ImageNet pre-trained
ViT, which provides the final output prediction.

The secondary contribution of this chapter involves a novel mechanism to
prompt the pre-trained ViT, utilizing an additive residual technique to adapt it.
While most methods [137, 124] concatenate the learned prompts to the arguments
of the Multi-head Self-Attention (MSA) layer, the second-level prompts are used
as semantic residuals which are added before the MLP layer input. While there
is no guarantee that a pre-trained and frozen MSA layer will take into account all
the prompt tokens, the proposed additive mechanism forces the ViT embeddings
to include CLIP-derived semantics.

Inspired by SLCA [149], where first- and second-order feature statistics are
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used to generate synthetic samples of past tasks, the approach proposed adopts
a generative replay method in both stages. However, unlike SLCA, a Mixture of
Gaussians (MoG) is employed to model the multimodal distribution of each class,
resulting in a more effective generation process.

To evaluate this approach, referred to as Semantic Two-Tier Additive
Residual Prompting (STAR-Prompt), experiments are conducted on nine
image classification datasets. These include well-established CL benchmarks, such
as S-Imagenet-R and S-CIF100 [137, 124, 149, 27], as well as datasets from satellite
and medical domains, thereby covering scenarios that differ significantly [100,
36, 108] from the pre-training distributions of both ImageNet and CLIP. The
results highlight that prompting-based CL approaches often struggle with such
large domain gaps, frequently being outperformed by older methods that rely
on traditional rehearsal schemas. The empirical findings demonstrate a notable
+5.96 average improvement in final accuracy compared to the state of the art,
with peaks of +3 on S-Imagenet-R and +11 on S-Cars. Importantly, the framework
exhibits resilience to severe domain shifts. For instance, when the zero-shot CLIP
model performs poorly (e.g., achieving only 54.50% accuracy on S-EuroSAT),
the proposed two-level approach achieves significantly higher performance (i.e.,
93.70%), highlighting the advantages of stable and continuous adaptation over
the direct reuse of frozen large pre-trained models. The key contributions of this
chapter are summarized as follows:

• The stability issue of prompt selection is addressed by proposing a two-level
prompting strategy that leverages the robustness of foundation models,
exploiting their rich latent space.

• A novel prompting approach based on semantic residuals is introduced.

• The SLCA feature generation method is extended to handle multi-modal
distributions.

• Insights into incremental adaptation are provided, emphasizing that large
pre-trained models still require adaptability.

7.2 Semantic Two-Tier Additive Residual
Prompting

7.2.1 Overview
The method proposed, shown in Fig. 7.2, relies on two pre-trained architectures:

• the CLIP model [108], i.e. the image Evis(·) and the text Etxt(·) encoders.

• an ImageNet pre-trained Vision Transformer [44] f(·).

In summary, all parameters of these networks remain frozen during training. To
enable parameter-efficient adaptation while minimizing interference, a two-level
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frozen.

codebook strategy is introduced. The first level provides learnable context
passed as input to the CLIP text encoder, producing stable class prototypes. The
second level utilizes these text-level prototypes as keys for a secondary codebook
of prompts, facilitating a more plastic behavior in the second model f(·).

Specifically, the first-level prompting stage is similar to CoOp and conditions
the text encoder Etxt(·) by concatenating a class-specific learnable vector to the
input sequence. However, unlike CoOp, the learned textual class prototypes
are not directly used for classification. Instead, they are employed as keys for
comparison against the visual query, which is derived by applying the CLIP
visual encoder Evis(·) to the input image. Based on the computed similarities, a
second-level learnable prompt R, referred to as the semantic residual vector,
is retrieved to transfer class-specific semantics to the ViT f(·).

A specific residual vector is designed for each layer of f(·). Formally, consid-
ering eeel as the output of the l-th block of f(·), which contains MSA, MLP, and
Layer Normalisation (LN) layers [44], the computation is as follows:

eee′ = MSA(LN(eeel)) + eeel (7.1)
eeel+1 = MLP(LN(eee′)) + eee′. (7.2)

The first residual connection is leveraged to inject the semantic residual vector
R:

eee′ = MSA(LN(eeel)) + eeel + R. (7.3)

Finally, classification scores are derived from the output of the final classification
layer of f(·). Additional details are provided in the subsequent subsections.
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7.2.2 STAR-Prompt: Two-Level Prompt Tuning
In the first prompting stage, a learnable prompt pc is associated with each class
yc ∈ Yt. The prompt pc consists of a single learnable token concatenated with
the initial word embedding of the class yc, denoted as [CLS-NAME]:

wwwc = Etxt([pc; [CLS-NAME]]). (7.4)

For example, if yc represents the class ‘dog’, then [CLS-NAME] corresponds to
the embedding of the word ‘dog’. These two embeddings are fed to Etxt(·) to
produce a final textual representation wwwc ∈ Rd.

While CoOp directly uses wwwc as a class prototype for image classification,
STAR-Prompt treats wwwc as a class-specific key. These class-specific keys are
used to retrieve a second set of learnable prompts Qc ∈ RL×d′ , designed to adapt
each layer of the ImageNet pre-trained Vision Transformer f(·). Let l < L denote
the l-th layer of f(·) and d′ its embedding dimension. The second-level prompts
Qc[l] ∈ Rd′ adapt the l-th layer of f(·).

The second-level prompting stage leverages the CLIP multi-modal embedding
space. Given the visual embedding of an input image zzz = Evis(x) (query),
its cosine similarity simc = ⟨zzz,wwwc⟩ is computed with each class prototype key
www1, . . . ,wwwNt. These keys, derived from the first-level prompting stage, correspond
to the Nt classes observed so far.

The semantic residual R ∈ RL×d′ is then built using the prompt Qck
of

the class with the highest cosine similarity:

R = simck
· Qck

, (7.5)
where ck = arg max

c=1,...,Nt
simc . (7.6)

In Eq. (7.5), the term simck
modulates the residuals based on the confidence

CLIP assigns to the selected key wwwck
. As demonstrated in Section 7.4.1, this

modulation yields beneficial empirical effects.
The residuals R transfer CLIP-based class-specific cues to each MLP layer of

f(x). Equation Eq. (7.1) is updated as follows:

eee′ = MSA(LN(eeel)) + eeel + R[l]. (7.7)

Note that R[l] is a single d′-dimensional vector applied uniformly across the entire
sequence of visual tokens. For dimensional compatibility during summation, R[l]
is repeated for each token in the sequence.
Main training objective. For each task Dt (t ∈ {1, . . . , T}), the two codebooks
are extended by adding the class-specific prompts for the current task. The first-
level prompts are updated as: Pt := Pt−1 ∪ {pc | c ∈ Yt}, while the second-level
codebook is updated as: Qt := Qt−1 ∪ {Qc | c ∈ Yt}. To prevent forgetting, the
prompts for previous tasks (Pt−1 and Qt−1) are frozen, and only the prompts
corresponding to the current task are trained. Although both levels can be
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jointly optimized end-to-end, the training process is structured as a two-stage
procedure for simplicity. For both codebooks, cross-entropy is used as the main
loss function:

LCE = −
|Dt|∑
i=1

log p(yi = c|xi), (7.8)

where, in the first stage, posterior probabilities are computed as:

p(yi = c|xi) = exp(⟨zzzi,wwwc⟩/τ)∑
c′∈Yt

exp(⟨zzzi,wwwc′⟩/τ) , (7.9)

with τ indicating the temperature parameter of CLIP. Conversely, in the second
stage, posteriors in Eq. (7.8) use the CLS token eeeCLS

L = f(xi; R) from the last
layer L of f(·) [44]:

p(yi = c|xi) = gθt(eeeCLS
L ), (7.10)

where gθt
(·) denotes the classification head for task t. This module consists

of a linear projection followed by the softmax layer. The parameters θt of the
projection layer are initialized at the beginning of task t, and trained while
keeping the classification heads of the old tasks frozen.

7.2.3 Additional Details

Query weighting. Inspired by CODA-Prompt [124], class-specific weight vectors
Ac ∈ Rd are trained to weigh the importance of visual features relative to the c-th
class. Specifically, each visual embedding zzz = Evis(x) is element-wise multiplied
with Ac. In Eq. (7.5), simc = ⟨zzz,wwwc⟩ is replaced with ⟨zzz ⊙Ac,wwwc⟩.
Orthogonality. Possible correlations between old and new prompts are dis-
couraged by minimizing the following loss functions for the two codebooks, as
proposed in CODA-Prompt:

LOP =
∑

c∈Yt,c′∈past(t)

⟨pppc′ , pppc⟩, (7.11)

LOQ =
L∑
l=1

∑
c∈Yt,c′∈past(t)

⟨Qc′ [l], Qc[l]⟩. (7.12)

where past(t) = {c′|c′ ∈ Yt′ , t′ < t} indicates the set of past classes.

7.2.4 Discussion and comparisons to related works
The primary contribution of this chapter relies on the use of a foundation model
to improve the stability of prompt selection. A prompting strategy is regarded
as stable if, for a given task, the query-key selection mechanism retrieves prompts
that are relevant to that task, rather than those introduced for subsequent tasks.
The following discussion highlights why existing approaches lack stability and
explains how CLIP is utilized to address this issue.
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Figure 7.3: Prompt retrieval on S-Imagenet-R. Left: for the test set of the first
task, the portion of examples using prompts of the correct task D1 during the
incremental training. Right: analysis of all the tasks, computed at the end of
training. In each confusion matrix, the y axis represents the task of the query
sample, while the x axis shows the task of the corresponding selected key.

On the Stability of Prompting-based CL Methods. Existing approaches
such as L2P, DualPrompt, and CODA-Prompt use a query-key matching mechan-
ism to fetch prompts for adapting the pre-trained ViT. These methods learn new
keys from scratch when a new task is introduced, and employ a customized loss
term to align the learned keys with visual queries of the current task (extracted
using the pre-trained ViT). However, these learned keys often lack clear semantic
interpretation and may represent distant concepts.

Concerning this limitation, learning keys in this manner is prone to interference
between tasks. Since keys are continuously updated to align with current queries,
they may drift and no longer match with queries of earlier tasks. Moreover,
introducing novel keys can interfere with those already present in the pool,
resulting in the misclassification of examples from previous tasks. To validate
this hypothesis, prompts retrieved by different methods—DualPrompt, CODA-
Prompt, and STAR-Prompt—are analyzed on the S-Imagenet-R dataset. Results
in Fig. 7.3a show the proportion of testing samples from the first task D1
retrieving the correct prompts, specifically those learned during D1. The precision
of selection strategies in DualPrompt and CODA-Prompt declines as tasks
progress, indicating that examples from D1 increasingly use prompts from later
tasks. In contrast, STAR-Prompt demonstrates greater stability, as evidenced in
Fig. 7.3b, which depicts confusion matrices after the final task. The near-diagonal
structure of STAR-Prompt’s matrix contrasts with the significant task confusion
observed in DualPrompt and CODA-Prompt. These results were further verified
on datasets from other domains, including aerial and medical datasets (see
Figs. 7.4 and 7.5). It is evident that STAR-Prompt exhibits the highest precision
in selecting the appropriate prompts.

The stability of STAR-Prompt is attributed to two factors. First, keys are
not learned from scratch; instead, the CLIP text encoder is adapted, enabling
distinct learnable parameters to be assigned to distinct classes. This promotes
modularity, which has also been identified as more stable in PromptFusion [27].
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Figure 7.4: Prompt retrieval on the first task of different datasets.
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Figure 7.5: Analysis of prompt selection stability for S-Cars, S-EuroSAT, S-CUB,
and S-Crop. The y axis indicates the task of the query sample, while the x axis
shows the task of the corresponding selected key.

Unlike PromptFusion, however, this approach exploits the stability of the text
encoder to fetch a secondary codebook of prompts rather than for direct prediction.
Second, explicit supervision (Eq. (7.8)) is applied to enforce class-driven
separation in the key space. This contrasts with other CL prompting approaches,
which rely on weaker constraints (e.g., orthogonality or aligning the query with
the closest key in the pool). As a result, the keys wwwc remain both stable and
well-separated, enabling the second-level prompts Qc to capture class-specific
information and reduce interference among tasks and classes.

Prompting Mechanism. In most methods, prompts are prepended to the
input sequence before each MSA layer. Another approach, prefix tuning,
operates only on the keys and values within the MSA layer. Since the frozen
MSA layer determines the importance of each prompt, there is no guarantee
that all tokens will be utilized effectively. In contrast, STAR-Prompt introduces
semantic residuals that are added after the MSA layer (see Eq. (7.7)). This
mechanism resembles the shifting parameters used in FiLM layers [103] to adapt
Batch Normalisation [69] in CNNs. However, unlike FiLM, this approach does
not use a parameter “generator” network [103]; instead, residuals for the Vision
Transformer MLPs are computed using CLIP-guided shifting vectors.
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Computational Demands. STAR-Prompt employs a serial two-stage training
process. Initially, prompts are learned for the CLIP text encoder, which are
then frozen. Subsequently, prompts are learned for the ImageNet-pretrained ViT.
Since each phase operates independently, the total computational cost is derived
from the requirements of each respective stage. In the first stage, similar to [152],
a batch of images undergoes one forward pass through the frozen CLIP image
encoder and another through the text encoder to compute class-level textual
embeddings. Due to the limited number of trainable parameters, this stage
converges within a few epochs and does not require gradient computation for
the image encoder. In the second stage, the CLIP text encoder prompts are
frozen, and training shifts focus to the ViT prompts. The class prototypes from
the text encoder are cached, eliminating the need for additional forward passes
through the text encoder. Each batch again involves two forward passes: one
through the CLIP image encoder and another through the prompted ViT. The
computational complexity of STAR-Prompt aligns with that of L2P, DualPrompt,
and CODA-Prompt, which also require two forward passes but operate with
the same backbone. In contrast, this approach utilizes two distinct backbones,
necessitating additional GPU memory for the CLIP visual encoder. However,
this additional memory requirement is found to be negligible compared to the
observed performance improvements.

7.2.5 Multi-Modal Generative Replay
In SLCA, class-specific features are utilized to estimate the statistics of a Gaussian
representing the class distribution. Subsequent tasks then use this Gaussian to
generate synthetic features and perform generative replay. To better capture
multiple peaks within each class distribution, this idea is extended by introducing
a Mixture of Gaussians (MoG) representation of the feature distribution in both
stages of STAR-Prompt training. In the first stage, for each class c, a MoG Gc is
fitted on the CLIP visual features zzzi = Evis(xi) ∀ (xi, yi = c) ∈ Dt:

Gc = G(·;ϕcϕcϕc) =
M∑
m=1

ϕcmN (·; µcm, Σcm). (7.13)

The parameter vector ϕcϕcϕc contains the M means, covariances and corresponding
Gaussian component weights, and it is estimated by Expectation-Maximization
(EM). Gc is subsequently employed in later tasks t′ (t′ ≥ t) to generate n = 256
synthetic features z̃zz for class c. Using this generative replay technique, the replay
loss is:

LPGR = −
Nt∑
c=1

n∑
i=1

log p(yi = c|z̃zzi), (7.14)

where p(yi = c|z̃zzi) denotes the posterior probability for a synthetic visual point
z̃zzi ∼ Gc:

p(yi = c|z̃zzi) = exp(⟨z̃zzi,wwwc⟩/τ)∑Nt
c′=1 exp(⟨z̃zzi,wwwc′⟩/τ)

. (7.15)
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Algorithm 3 Training of STAR-Prompt on the current task
Require: Index t ∈ 1, . . . , T of the current task Dt, the orthogonality loss

weighting coefficient λ, the number of M Gaussian components, the number
of E1 and E2 training epochs with real and generated samples respectively,
learning rate lr.

First stage → goal: learning first-
level prompts pc|c∈{1,...,N} for each
class c ∈ Yt of the current task t.

1: for ep := 1, . . . , E1 do
2: LCE ←− use Eqs. (7.8) and (7.9)
3: LOP ←− use Eq. (7.11)
4: pc ←− pc − lr · ∇pcLCE + λLOP
5: end for

6: # Generative Replay
7: for ∀c ∈ Yt do
8: Gc ←− EM({Evis(x)}x,y=c∈Dt)
9: end for

10: for ep := 1, . . . , E2 do
11: # sample from Gc′ |c′∈Y1,...,Yt

12: LPGR ←− use Eq. (7.14)
13: pc ←− pc − lr · ∇pcLPGR
14: end for

Second stage → goal: learn-
ing second-level prompts Qc, query
weights Ac ∀c ∈ Yt, and the classifi-
ers’ weights θt′ |t′∈{1,...,t}.

15: W ←− {Qc, Ac}c∈Yt
∪ θt

16: for ep := 1, . . . , E1 do
17: LCE ←− use Eqs. (7.8) and (7.10)
18: LOQ ←− use Eq. (7.12)
19: W←− W− lr · ∇W LCE + λLOQ
20: end for
21: # Generative Replay
22: for ∀c ∈ Yt do
23: Hc ←− EM({f(xi; R)}x,y=c∈Dt

)
24: end for
25: for ep := 1, . . . , E2 do
26: # sample from Hc′ |c′∈Y1,...,Yt

27: LQGR ←− use Eq. (7.16)
28: θt′ ←− θt′ − lr · ∇θt′LQGR
29: end for

In the denominator, all Nt classes observed so far are included.
Similarly, in the second training stage, ViT features eeeCLS

L = f(xi; R) from
the current task are used to estimate the parameters of a second MoG, denoted
as Hc, following Eq. (7.13). During rehearsal, eeeCLS

L in Eq. (7.10) is replaced
with n synthetic features ẽeeCLS

L,i sampled from each Hc. Analogous to Eqs. (7.14)
and (7.15), LQGR is then computed:

LQGR = −
Nt∑
c=1

n∑
i=1

log p(yi = c|ẽeeCLS
L,i ), (7.16)

where p(yi = c|ẽeeCLS
L,i ) is the score relating each synthetic representation:

p(yi = c|ẽeeCLS
L,i ) = gθt′ |t′∈{1,...,t}

(ẽeeCLS
L,i ), (7.17)

where gθt′ |t′∈{1,...,t}
(·) indicates the employment of all classification heads of g(·)

corresponding to the t tasks observed so far.
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The complete training algorithm is illustrated in Algorithm 3. For simplicity,
the dataset is not split into mini-batches during gradient descent computations.
In the first training stage, only the first-level prompts are updated (pc, c ∈ Yt).
In contrast, the second stage updates the second-level prompts Qc, the query
weighting parameters Ac, and the linear layer of gθt

(·). During the rehearsal
phase of the second stage, the heads of all tasks observed so far (θt′≤t) are
updated.

7.3 Experiments
7.3.1 Benchmarks
Settings. The evaluation focuses on the Class-IL setting, where the model is
asked to gradually learn to solve all tasks with no information regarding the task
identifier, usually depicted as the most challenging [49, 128, 7].

Datasets. Evaluation is conducted across multiple benchmarks to assess the
proposed approach. Following recent literature on pre-trained CL models [137,
124, 149, 27], conventional image datasets are initially used. Subsequently,
adaptability is evaluated by transitioning to settings with decreasing domain
similarity relative to ImageNet pre-training [100, 36]. The evaluation spans the
following domains (details about these benchmarks are available in Section 3.5.3):

• Natural domain: Split CIFAR-100 (S-CIF100) [83] and Split Imagenet-
R (S-Imagenet-R) [65], featuring 100 and 200 classes split into 10 tasks,
respectively.

• Specialized domain: following [149], Split Cars-196 (S-Cars) [82] and
Split CUB-200 (S-CUB) [133] are adopted as fine-grained scenarios. Classes
are distributed across 10 tasks.

• Aerial domain: datasets containing RGB satellite images for land use
and land cover classification. The evaluation uses Split EuroSAT (S-
EuroSAT) [63, 64] (5 binary tasks) and Split RESISC45 (S-RESISC) [32],
which divides 45 classes into 9 tasks.

• Medical domain: three settings are included, ranging from plant to
human diseases. Split CropDiseases (S-Crop) [68] regards healthy/infected
leaves with 7 tasks of 5 classes each. Split ISIC (S-ISIC) [33] contains
images of 6 skin diseases split into 3 tasks. Split ChestX (S-ChestX) [136]
consists of chest X-ray images organized into 2 tasks with 3 classes each.

Metrics. The evaluation reports the Final Average Accuracy (FAA), com-
puted after the completion of the last task, and the Final Average Forgetting
(FAF) [22]. Details are provided in Section 3.5.2. Each experiment is repeated
three times with varying class orders using fixed seeds [149], averaging the results
to ensure robustness.
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Competiting methods. The evaluation focuses on state-of-the-art prompt
tuning methods, including L2P [138], DualPrompt [137], AttriCLIP [135], Prompt-
Fusion [27], and CODA-Prompt [124]. Additionally, comparisons include methods
that fine-tune the entire network, such as SLCA [149], DER++ [17] (rehearsal-
based), GDumb [107] (rehearsal-based), and LwF [89] (regularization-based). More
details about these methods are available in Section 3.4.
Training-free baselines and lower/upper bounds. The analysis is sup-
plemented with the zero-shot testing of CLIP [108] (Zero-shot CLIP), which
employs hand-crafted textual prompts (e.g., “A photo of a [CLS-NAME]”) to
classify test images based on Eq. (7.9). The comparison between STAR-Prompt
and Zero-shot CLIP highlights the algorithmic contributions of the proposed ap-
proach and disentangles them from the intrinsic strengths of CLIP. Additionally,
a zero-shot baseline built on the ImageNet pre-trained backbone is included. This
baseline freezes the network and memorizes the latent features of each training
example, employing a k-NN approach for classification.

For a comprehensive comparison, the baseline of STAR-Prompt when
trained on all tasks in a stationary scenario is included—Joint (STAR-
Prompt)—serving as an upper bound. Furthermore, Joint † (ViT-B/16)
and Finetune † (ViT-B/16) are evaluated, where ViT-B/16 is fine-tuned
on all tasks respectively jointly and incrementally, with the latter involving no
countermeasures to forgetting.

Implementation details. Following the approaches in [137, 124, 149], the
same backbone based on ViT-B/16 is adopted as the primary classification
architecture for all methods and settings (denoted as f(·)). The network is
initialized with a fully supervised pre-training on ImageNet-21K. Similarly, for
all methods utilizing CLIP, ViT-L/14 is employed, as described in [135] (denoted
as Evis(·) and Etxt(·)). The evaluation includes methods such as PromptFusion
and AttriCLIP that leverage the CLIP model in CL scenarios, ensuring fairness
in the comparisons.

STAR-Prompt is trained using Adam [78] with a learning rate of 0.001. The
number of training epochs is adjusted based on the size of each dataset. For
fairness, the same number of epochs is applied to all competing methods, and
their hyperparameters (including learning rate and optimizer) are optimized
through grid search to ensure the best performance.
Instance- vs. batch-wise Inference. To maintain consistency with most CL
studies, inference is conducted independently for each sample within a batch.
This approach, referred to as instance-wise inference, is the most prevalent
in the literature [89, 112, 7, 149, 124]. In contrast, L2P and DualPrompt
originally reported results using a batch-wise setup, where a single prompt is
selected for all samples in a batch through majority voting. This batch-wise
configuration may introduce an unfair advantage, as it leverages the absence of
sample shuffling during inference, resulting in mini-batches that often contain
examples with identical ground-truth labels. To ensure fairness, the results
for L2P and DualPrompt are reported using the instance-wise setup, thereby
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Model S-Imagenet-R S-CIF100 S-Cars S-CUB Avg.
Joint (STAR-Prompt) 90.03 92.32 89.00 85.64 89.25
Joint (3) † (ViT-B/16 ) 79.60 93.22 80.31 88.00 85.28
Finetune † (ViT-B/16 ) 17.21 17.47 9.28 11.36 13.83
k-NN (ViT-B/16 ) 18.93 26.14 11.57 21.44 19.52
Zero-shot CLIP [108] 85.36 73.27 76.46 61.14 74.06
LwF † [89] 19.09 19.68 23.24 16.73 19.69
GDumb * † [107] 44.28 57.92 28.74 61.34 48.07
DER++ * † [17] 56.66 79.77 53.66 74.62 66.18
L2P (3) [138] 66.49 82.76 38.18 62.21 62.41
DualPrompt (3) [137] 68.50 85.56 40.14 66.00 65.05
CODA-Prompt [124] 75.45 (1) 86.25 (1) 31.99 67.30 65.25
AttriCLIP [135] 86.25 81.40 (2) 70.98 50.07 72.18
PromptFusion (4) * [27] 80.70 87.40 − − −
SLCA (3) † [149] 77.00 91.53 67.73 84.71 80.24
STAR-Prompt 89.83 90.12 87.62 84.10 87.92

Table 7.1: The Class-IL FAA for natural and specialized domains. † denotes
methods fine-tuning the whole model. * highlights rehearsal approaches. Results
are taken (1) from [124], (2) from [135], (3) from [149], (4) from [27]. Due to the
absence of a public codebase, the results of PromptFusion on all datasets could
not be reproduced.

removing any potential advantages over other approaches.

7.3.2 Comparison with the State of the Art
As shown in Tables 7.1 and 7.2, STAR-Prompt outperforms all other approaches
on average. The comparison is particularly relevant when considering other CLIP-
based methods (e.g., AttriCLIP and PromptFusion). For example, in the two
fine-grained scenarios—S-Cars and S-CUB—the approach achieves a margin of
+11.16 and +22.96 over Zero-shot CLIP, respectively. This outcome is attributed
to the fact that fine-grained class differences (e.g., distinguishing a “red-headed
woodpecker” from a “red-bellied woodpecker”) are not easily captured by the
pre-trained CLIP. Consequently, a mechanism promoting plasticity, such as the
second-level prompting stage, proves essential. A similar observation can be
made for the aerial and medical domains, where the average performance gap
relative to Zero-shot CLIP is +37.75.

Notably, STAR-Prompt achieves an average improvement of +5.96 over
the runner-up method (SLCA), which is particularly significant considering
that STAR-Prompt uses only a fraction of the learnable parameters (details
provided in Section 7.4.2). Furthermore, STAR-Prompt closely approximates
the performance of its Joint upper bound, with an average margin of just



82 Part IV · Multi-modal Latent Space

Model S-EuroSAT S-RESISC S-Crop S-ISIC S-ChestX
Joint (STAR-Prompt) 97.21 96.41 99.19 78.25 45.36
Joint † (ViT-B/16 ) 98.19 96.88 99.68 88.31 48.92
Finetune † (ViT-B/16 ) 19.91 14.96 13.24 30.30 30.92
k-NN (ViT-B/16 ) 28.18 24.86 30.74 19.09 11.51
Zero shot CLIP 54.50 63.15 27.58 29.14 26.27
LwF † 25.13 15.37 22.31 33.06 32.82
GDumb * † 90.99 60.07 83.61 61.64 32.33
DER++ * † 93.08 51.84 92.53 65.68 35.52
L2P 46.34 63.27 74.68 47.13 32.46
DualPrompt 71.39 76.21 81.41 49.99 35.70
CODA-Prompt 63.12 70.46 77.09 44.87 38.62
AttriCLIP 57.51 66.64 33.21 26.77 28.94
SLCA † 88.69 85.70 93.80 59.19 39.07
STAR-Prompt 93.70 92.28 94.92 66.67 41.85

Table 7.2: The Class-IL FAA for the aerial and medical domains. † denotes
methods fine-tuning the whole model. * highlights rehearsal approaches.

−3.59. This result is especially promising, as it demonstrates that the proposed
approach yields an almost negligible drop in performance compared to a stationary
scenario. This finding applies equally to aerial and medical scenarios, which
typically demand high adaptability. Additionally, existing prompting approaches
encounter difficulties in these settings, where they are outperformed by replay-
based approaches that enable deeper fine-tuning of the backbone to address
domain shifts. In contrast, STAR-Prompt emerges as the best compromise
between stability and plasticity.

The results presented in Table 7.3 further validate the superior performance
of STAR-Prompt in terms of mitigating forgetting. The only method surpassing
STAR-Prompt in two medical domains is CODA-Prompt. However, the FAF
metric reflects performance degradation, implying that models achieving low
accuracies on tasks may yield lower FAF values. As shown in Table 7.2, CODA-
Prompt achieves lower accuracy in these domains, indicating a prioritization of
stability over plasticity. In contrast, STAR-Prompt demonstrates a more effective
balance between these two aspects, leading to superior overall performance.

7.4 Model Analysis
7.4.1 Ablation studies
Table 7.4 analyzes the impact of each component of STAR-Prompt.

Two-level prompting. The first two comparisons evaluate the role of the
two-level prompting strategy. Specifically, the configuration labeled “Classify
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Model S-Imagenet-R S-CIF100 S-Cars S-CUB Avg.
Finetune † 83.62 89.95 85.55 90.69 87.45
LwF † 79.68 87.23 76.59 83.81 81.83
DER++ * † 38.88 19.28 24.42 19.16 25.44
CODA-Prompt 4.06 5.56 7.36 5.65 5.66
AttriCLIP 6.9 − 18.8 33.35 19.68
STAR-Prompt 3.92 4.71 6.14 6.94 5.43

Model S-EuroSAT S-RESISC S-Crop S-ISIC S-ChestX
Finetune † 98.11 95.23 93.07 94.31 66.76
LwF † 92.88 94.63 90.57 95.06 69.01
DER++ * † 8.02 53.52 8.57 45.61 61.61
L2P 43.87 25.41 18.85 37.79 42.60
DualPrompt 12.88 14.46 10.98 25.01 31.35
CODA-Prompt 16.75 15.05 10.39 22.97 10.49
AttriCLIP 39.13 32.16 62.56 74.72 48.57
SLCA † 7.74 10.58 4.90 35.25 32.05
STAR-Prompt 4.31 5.25 3.26 26.36 30.75

Table 7.3: The FAF (the lower the better). † denotes methods fine-tuning the
whole model. * highlights rehearsal approaches. In standard benchmarks, L2P,
DualPrompt, and SLCA are lacking, since [149] does not report forgetting values
for their experiments. The same applies to PromptFusion and to the experiments
of AttriCLIP on S-CIF100 (taken from [135]).

with first-level keys wwwc” represents an ablation that excludes the second stage.
Similar to CoOp, it classifies using the learned keys wwwc as class prototypes,
with posteriors computed as described in Eq. (7.9). The results in Table 7.4
indicate that this approach achieves competitive performance, underscoring the
stability of the learned keys. However, when greater plasticity is required (e.g.,
S-EuroSAT and S-ISIC), the gap relative to STAR-Prompt widens. Similarly,
STAR-Prompt outperforms the configuration labeled “w/o first-level prompts”,
which omits learning first-level prompts and instead relies on static, hand-crafted
CLIP textual templates [108]. The textual embeddings serve as class-prototype
keys, with only second-level prompts Qc being learned.

Semantic residuals. The semantic residuals defined in Eq. (7.7) are replaced
with Prefix Tuning for evaluation purposes. Following [137], this configuration
trains 5 key and 5 value prompt tokens for each ViT layer, which are concatenated
to the keys and values of the corresponding MSA. The results in Table 7.4 highlight
the advantages of the additive mechanism employed by the semantic residuals.
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Model S-Imagenet-R S-Cars S-EuroSAT S-ISIC
STAR-Prompt 89.83 87.62 93.70 66.67

Ablations on two-level prompting
Classify with first-level keys wwwc 88.16 87.57 90.12 58.87
w/o first-level prompts 88.97 79.88 86.25 58.68

Other secondary ablations
Prefix Tuning (no residuals) 71.34 60.03 90.92 62.46
w/o Generative Replay 88.55 87.17 83.78 50.76
w. Unimodal Generative Replay 89.62 87.28 92.58 60.79
w/o Confidence Modulation 88.73 87.29 93.68 63.53

Model S-CIF100 S-CUB S-RESISC S-Crop S-ChestX
STAR-Prompt 90.12 84.10 92.28 94.92 41.85

Ablations on two-level prompting
Classify with first-level keys wwwc 83.49 81.31 90.80 88.36 31.70
w/o first-level prompts 87.67 81.34 85.85 89.92 37.27

Other secondary ablations
Prefix Tuning (no residuals) 86.70 82.67 84.26 95.06 39.28
w/o Generative Replay 88.72 82.21 88.2 88.82 37.66
w. Unimodal Generative Replay 90.07 83.16 92.29 94.21 38.77
w/o Confidence Modulation 89.92 83.74 92.05 93.97 39.28

Table 7.4: Ablative studies on STAR-Prompt (FAA).

Generative Replay. A notable performance drop is observed when the gen-
erative replay stage is removed, especially in scenarios where tasks deviate
significantly from the pre-training data. Additionally, the configuration labeled
w. Unimodal Generative Replay replaces the MoG with a single Gaussian. While
this approach generally outperforms w/o Generative Replay, it remains inferior
to the MoG-based method used in the full model.

Confidence modulation of the semantic residuals. Eq. (7.5) integrates the
confidence of the CLIP encoders into the residuals. The final row of Table 7.4
demonstrates that Confidence Modulation provides consistent improvements
across datasets.

Number of Gaussians. Table 7.5 reports the FAA of STAR-Prompt on S-
Imagenet-R when varying the number of Gaussians (M) for each Hc. The results
indicate that performance stabilizes when M ≥ 5, which is therefore set as the
default value in all experiments.
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M FAA
2 88.94
5 89.37
10 89.16
20 89.58

Table 7.5: Impact of the
number of Gaussians on
S-Imagenet-R.

Model #params (millions)
Joint, Finetune, LwF 86

GDumb, DER++, SLCA 86
L2P 0.12

DualPrompt 0.41
CODA-Prompt 3.91

AttriCLIP 0.0998
PromptFusion 0.35
STAR-Prompt 3.89

Table 7.6: The number of learnable parameters for
each tested method.

7.4.2 Number of Trainable Parameters
The number of trainable parameters varies significantly among the compared
methods. Two primary adaptation strategies are identified: fine-tuning, which
involves optimizing the entire model using training data from the target dataset(s),
and parameter-efficient learning, which adapts the model by optimizing only
a subset of parameters (e.g., prompts). In Table 7.6, S-CIF100 is used as the
reference scenario, and the number of trainable parameters—those optimized
during incremental learning—is reported. For example, SLCA fine-tunes the entire
model, whereas the trainable parameters of STAR-Prompt include: pppc, Qc, Ac

(c ∈ Y1, ...,YT ) and θt (t ∈ {1, ..., T}).

7.5 Conclusions
This chapter introduced STAR-Prompt, a two-level prompting framework
for continual learning designed to address the instability of existing prompt-
based approaches. By exploiting the stability of a large-scale foundation model
(CLIP) at the first level, class-specific textual embeddings are learned as keys and
subsequently used to retrieve a second-level set of prompts. These second-level
semantic residuals adapt a pre-trained ViT, enabling effective integration of
new domain knowledge with minimal interference. Furthermore, the addition of
multi-modal generative replay further mitigated forgetting and strengthened the
model’s ability to tackle complex incremental tasks.

Experiments on nine image classification benchmarks spanning diverse do-
mains demonstrated the robustness of STAR-Prompt, which outperformed both
prompting-based and traditional rehearsal methods. Particularly under large
domain shifts, STAR-Prompt showed strong adaptability while preserving previ-
ously acquired knowledge. Overall, the findings support the view that leveraging
foundation models in a two-level prompting pipeline can strike an effective bal-
ance between stability and plasticity. By isolating semantic cues through a
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stable text encoder and then transferring them to a pre-trained visual backbone,
STAR-Prompt offers a promising approach for robust continual learning with
parameter-efficient updates.



Chapter 8

Generative Latent Replay

8.1 Motivation

Continual Learning has been significantly influenced by the emergence of ViTs [44]
and Large Vision-Language Models (VLMs) such as CLIP [108, 71]. In addition
to providing rich features, pre-trained VLMs like CLIP offer strong zero-shot
capabilities. These properties enable impressive continual learning performance
without requiring fine-tuning [127], thereby mitigating forgetting by design. How-
ever, for tasks deviating from CLIP’s pre-training (e.g., satellite and medical
domains), adaptation becomes necessary, as shown in Chapter 7. Incremental
fine-tuning of CLIP models presents challenges due to their scale and complexity,
like parameter count, image-text alignment, and hyper-parameter tuning. In-
cremental fine-tuning may also result in performance degradation compared to
the frozen zero-shot model due to catastrophic forgetting. Additionally, prior
research [151] has demonstrated that fine-tuning CLIP can impair its original
zero-shot capabilities. Only a limited number of approaches [151, 135, 145] offer
adaptation strategies compatible with open-vocabulary classification tests. In
contrast, most methods (e.g., PromptFusion [27] and STAR-Prompt—Section 7.2)
rely on new classification heads to model posteriors of novel classes, limiting
applicability to closed-vocabulary or zero-shot settings.

This chapter introduces a novel and straightforward approach to address these
limitations during the incremental adaptation of CLIP. Inspired by CoOp [152]
and STAR-Prompt, both the visual and text encoders are frozen, and class-
specific prompts are learned for the text encoder, in a different manner w.r.t.
the first stage of STAR-Prompt (Section 7.2). The proposed method maintains
sufficient plasticity to adapt to new domains while preserving the stability needed
to retain original zero-shot capabilities. Additionally, for unseen classes, hand-
crafted prompts (e.g., "a photo of a <CLS>") are utilized, resulting in a hybrid
prompting strategy.

Since prompt learning alone may not be sufficient to address challenges

87
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in a CL scenario (see Sections 7.3 and 8.3), the approach incorporates joint
training through generative replay. Unlike standard rehearsal methods [112,
17, 19], which depend on a buffer of real examples, this method employs multiple
lightweight generative models to learn the underlying data distribution. This
design provides two key advantages: i) leveraging an effectively infinite supply
of synthetic samples rather than a fixed dataset subset, and ii) ensuring data
privacy by avoiding reliance on real data samples. Furthermore, the proposed
method distinguishes itself from existing generative replay techniques [120, 52],
which typically focus on generating images in the input space. Instead, it models
the data distribution in the latent space, mitigating the curse of dimensionality.
Building upon the generative replay strategy of STAR-Prompt, which uses MoGs,
the proposed method trains a lightweight Variational Autoencoder (VAE) [79] for
each new class to model the distribution of CLIP visual embeddings. Operating
in the lower-dimensional latent space significantly reduces the complexity of
the generative models, enabling their training to be completed within minutes
using standard GPUs. As discussed in Section 8.4, the approach is evaluated
by comparing various generative and prompt-learning techniques, providing a
comprehensive validation of its design choices.

The proposed methodology, referred to as Continual Generative training
for Incremental prompt-Learning (CGIL), is evaluated on several standard
class-incremental CL benchmarks, demonstrating state-of-the-art performance
even in domains where zero-shot CLIP fails. Inspired by [151, 145], an additional
benchmark is introduced to evaluate zero-shot capabilities on future tasks. This
scenario reflects real-world applications in which models encounter new classes
before having enough data to be trained on. Evaluations in this setting include all
competitors with zero-shot capabilities (i.e., those utilizing VLMs), highlighting
the effectiveness of the proposed prompting strategy. The contributions are
summarized as follows:

• A novel approach, CGIL, is proposed for incremental fine-tuning of CLIP
models. It combines prompt-learning techniques with latent generative
replay.

• A new benchmark is introduced to assess zero-shot performance on future
tasks.

• Extensive experiments validate the proposed approach, achieving state-of-
the-art performance on widely used Class-IL benchmarks and demonstrating
superior zero-shot capabilities on unseen classes.
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8.2 Continual Generative training for Incre-
mental prompt-Learning

8.2.1 Preliminaries
Contrastive Language-Image Pre-training. CLIP [108] consists of a visual
encoder Evis(·), which can be either a ViT or a CNN, and a text encoder Etxt(·),
typically a transformer. They are trained with a contrastive objective on image-
text pairs to obtain aligned latent embeddings. Once trained, CLIP can be used
for zero-shot classification. To do so, an image x is fed to the visual encoder
to compute the embedding zvis = Evis(x).

In parallel, for each candidate class, a text prompt is created by embedding
the class label into a template like "a photo of a <CLS>". The resulting class-
level prompts are tokenized and fed to the text encoder, producing a textual
representation zitxt for each class yi. The posterior probabilities are computed
as the cosine similarity (noted as ⟨·, ·⟩) between visual and class-level textual
representations:

p(yi|x) = exp(⟨zitxt, zvis⟩/τ)∑|Y|
j=1 exp(⟨zjtxt, zvis⟩/τ)

, (8.1)

where τ is a temperature parameter and Y represents the set of classes.

Prompt-learning VLMs. Prompt learning techniques allow the efficient fine-
tuning of large pre-trained models. Among these methods, CoOp [152] stands
out as particularly effective. In a nutshell, CoOp does not rely on hand-crafted
prompts to generate the input for the CLIP text encoder but rather on learnable
context vectors V . These context vectors are concatenated with the label token
[CLS] and learned through gradient descent, using the similarity scores from
Eq. (8.1) as logits of the cross-entropy loss function.

8.2.2 Generative Replay meets Prompt Learning
Fig. 8.1 illustrates the proposed approach, referred to as Continual Generative
training for Incremental prompt-Learning (CGIL). From a high-level
perspective, CGIL consists of two main phases:

• Phase 1 (generative modeling). Using all images from the current task,
the corresponding image embeddings are extracted through the CLIP visual
encoder. These embeddings are then grouped by class and used to train
multiple independent Variational Autoencoders (VAEs), with one VAE
assigned to each class.

• Phase 2 (prompt alignment). Context vectors are learned for the
text encoder (similar to CoOp). However, instead of computing image
embeddings from real images, synthetic embeddings are sampled from all
VAEs, covering both past and current classes.
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Figure 8.1: Training of the generative models (left) and prompt alignment
(right). For each class Ci of task t, a class-specific generative model (i.e., a VAE)
is trained. Afterward, only the decoders are preserved for generative replay, while
the encoders are discarded. In the second phase, prompt alignment is performed
by matching the features sampled from all stored decoders up to task t with the
text features generated using the learnable prompts.

These two phases are repeated for each task to refine previously learned prompts
with knowledge from subsequent tasks. A procedural overview is provided in
Algorithm 4.

Generative Modeling. The initial objective is to learn, for each class y ∈ Yt
of the current task Tt (with t ∈ 1, . . . , T ), the distribution within the CLIP
latent space. This is accomplished by extracting all visual features zvis = Evis(x)
for each image x ∈ Dt from the current task. Subsequently, the standard
Evidence Lower Bound (ELBO) objective is employed to independently train
one VAE per class, resulting in |Yt| encoders and decoders. Each VAE consists
of lightweight components, consisting of three fully connected layers interleaved
with LeakyReLU activations. After training, the encoders are discarded, and
only the decoders are stored in memory. These decoders are later used to sample
new data points during subsequent alignment phases.

Prompt Alignment. In the second phase, a synthetic dataset is constructed by
collecting visual embeddings sampled from all stored decoders. Prompt tuning is
then performed by aligning the synthetic visual embeddings with corresponding
class-level text embeddings generated by the text encoder using learnable prompts.
Specifically, the prompt construction involves two distinct tokens: i) a learnable
class-specific token Vc to capture fine-grained details, and ii) a hyper-token
V H
c that models cross-domain knowledge. The hyper-token is generated by a

shared, learnable MLP fed with the textual embedding ztxt obtained through the
standard hand-crafted prompt. The prompt tc for class c fed to the text encoder
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Algorithm 4 Incremental learning of CLIP with CGIL
Require: datasets Dt, t ∈ 1, . . . , T

1: M←− {} ▷ initialize a memory buffer for storing the VAE decoders
2: for each dataset Dt, t ∈ 1, . . . , T do
3: # Learning class-specific generative models in latent space
4: for each class y ∈ Yt do
5: D(y)

t := {xi | (x(n), y(n)) ∈ Dt, yi = y} ▷ filter examples with label y

6: V(y)
t := {Evis(xi) | xi ∈ D(y)

t } ▷ compute CLIP visual embeddings
7: TRAIN(Ey(·), Dy(·),V(y)

t ) ▷ minimize the ELBO of a new VAE
8: M←M∪ {Dy(·)} ▷ store the decoder into the memory buffer
9: end for

10: # Prompt alignment through generative replay
11: S = {(ẑvis, c) | ẑvis ∼ Dc(·), ∀ c ∈ Y1, . . . ,Yt} ▷ generate the joint dataset
12: for it := 1, . . . do
13: Construct prompts tc ∀ c ∈ Y1, . . . ,Yt ▷ see Eq. (8.2)
14: LGR ←− sample a batch of pairs from S and use Eq. (8.1)
15: tc ←− tc − lr · ∇tc

LGR ▷ apply Gradient Descent
16: end for
17: end for

Etxt is finally defined as:

tc = [V H
c ] [Vc] [CLS], (8.2)

where V H
c = MLP(Etxt("a photo of a <CLS>")). (8.3)

The posterior probability of class c is obtained as in Eq. (8.1), using the text
embeddings generated with the prompts zctxt = Etxt(tc). Training of Vc and the
MLP is performed via gradient descent, leveraging synthetic data from all previ-
ously encountered tasks. Notably, the training process is computationally efficient,
as visual embeddings are sampled from the VAEs instead of being computed
through the CLIP visual encoder, eliminating the need for costly forward passes.
Previously learned contexts are further fine-tuned during training, incorporating
knowledge from subsequent tasks without causing forgetting. During inference,
images are passed through the visual encoder, and posterior probabilities are
computed for each class.

Zero-Shot Inference. A hybrid approach is employed to handle both seen
and unseen classes. For previously encountered classes (seen), the corresponding
learned prompts are used. For classes not yet encountered, the text encoder
is provided with original hand-crafted prompts (e.g., "a photo of a <CLS>").
This approach preserves the zero-shot capabilities of CLIP while enabling adapt-
ation to novel classes introduced incrementally.
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Model S-Imagenet-R S-Cars S-CUB S-EuroSAT S-ISIC Avg.
Zero-shot CLIP 81.95 64.99 50.52 53.32 26.59 55.47
LwF † 19.09 23.24 16.73 25.13 33.06 23.45
GDumb † 44.28 28.74 61.34 90.99 61.64 57.40
DER++ † 56.66 53.66 74.62 93.08 65.68 68.74
L2P 66.49 38.18 62.21 46.34 47.13 52.07
DualPrompt 68.50 40.14 66.00 71.39 49.99 59.20
CODA-Prompt 75.45 31.99 67.30 63.12 44.87 56.55
AttriCLIP 87.39 75.63 58.28 72.33 28.26 64.38
SLCA † 77.00 67.73 84.71 88.69 59.19 75.46
ZSCL 89.14 77.66 62.43 79.13 34.14 68.50
MoE-Adapters 90.67 77.76 64.98 80.56 34.52 69.70
CGIL 89.42 89.27 83.12 96.17 73.03 86.20

Table 8.1: The FAA on the tested benchmarks. † denotes methods that fine-tune
the whole model, while other methods apply PEFT techniques.

8.3 Experiments

8.3.1 benchmarks
Settings. The evaluation is conducted in the more challenging Class-IL set-
ting [128], where task identities are unknown during inference. Additionally,
a new benchmark is introduced to evaluate models on future tasks, assessing
zero-shot capabilities on unseen classes.

Datasets. CGIL is tested across a diverse set of datasets with varying levels
of similarity to the pre-training [36, 100]. Specifically, evaluations are conduc-
ted on: Split Imagenet-R (S-Imagenet-R) [65], Split Cars-196 (S-Cars) [82],
Split CUB-200 (S-CUB) [133], Split EuroSAT (S-EuroSAT) [63, 64], and Split
ISIC (S-ISIC) [33]. Detailed descriptions of these benchmarks are provided in
Section 3.5.3.

Metrics. Performance is assessed using the standard Final Average Accuracy
(FAA) metric (see Section 3.5.2). To evaluate zero-shot performance on future
tasks, a novel metric is introduced, adapting the Transfer metric from [151, 145],
initially developed for zero-shot evaluation across different domains. Specifically,
letting ati represent the accuracy on the ith task after training up to task t, the
Class Incremental Transfer (CI-Transfer) metric is defined as:

CI-Transfer ≜
T−1∑
t=1

T∑
i=t+1

ati. (8.4)
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Competiting methods. The proposed model is benchmarked against several
state-of-the-art prompt-tuning methods, including L2P [138], DualPrompt [137],
CODA-Prompt [124], AttriCLIP [135], and ZSCL [151]. Additionally, models that
fine-tune the entire architecture are evaluated, including LwF [89], GDumb [107],
DER++ [17], and SLCA [149]. Further, MoE-Adapters [145], a parameter-efficient
approach aimed at preventing zero-shot accuracy degradation across datasets, is
incorporated into the framework. More details about these methods are provided
in Section 3.4. A baseline evaluation using zero-shot frozen CLIP is included
to assess the effectiveness of prompt-tuning methods. This baseline, along with
AttriCLIP, ZSCL, MoE-Adapters, and CGIL, is also evaluated on future tasks to
measure how zero-shot capabilities on unseen classes are influenced by incremental
training.

Implementation details. Each VAE is trained for 500 epochs using the Adam
optimizer [78] with a learning rate of 0.0002. Hidden and latent layer sizes are
set to 512 and 256, respectively. Synthetic embeddings, generated approximately
15K per class, are shuffled and divided into batches of 128. During the prompt-
learning phase, Adam is employed with a learning rate of 0.03. All models
utilize ViT-L/14 as their backbone. For CLIP-based methods, the standard
CLIP preprocessing is employed, solely involving RGB normalization, while other
methods augment the training images with random cropping and horizontal
flipping. Results are averaged over three runs with different seeds affecting task
composition. All competing models’ hyperparameters are tuned for optimal
performance to ensure a fair comparison.

8.3.2 Comparison with the State of the Art
Table 8.1 presents the Class-IL performance across all evaluated competitors and
benchmarks. The final column reports the average accuracy of each method across
all benchmarks. While zero-shot CLIP demonstrates strong results on S-Imagenet-
R and S-Cars, it underperforms in other domains, particularly within the medical
field. As a result, methods relying on CLIP exhibit a similar performance drop in
these domains. In contrast, CGIL effectively addresses the limitations associated
with CLIP, delivering state-of-the-art performance in almost all scenarios. On
average, the proposed method achieves a significant improvement (+11) over the
best-performing competitor, SLCA [149], while other PEFT-based approaches
lag behind.

Zero-shot performance. Table 8.2 provides the average Class-IL accuracies on
unseen tasks, measured using the CI-Transfer metric (Eq. (8.4)). This metric
focuses on zero-shot capabilities, and thus only approaches leveraging CLIP or
similar VLMs are included in the evaluation. The trends observed are consistent,
with CLIP and other competitors performing well on S-Imagenet-R and S-Cars,
but facing challenges with other datasets. CGIL demonstrates an exceptional
ability to leverage both the zero-shot knowledge of CLIP and information gained
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CI-Transfer S-Imagenet-R S-Cars S-CUB S-EuroSAT S-ISIC Avg.
Zero-shot CLIP 82.14 66.16 50.86 55.00 22.42 55.32
AttriCLIP 85.75 73.98 54.07 59.69 24.14 59.53
ZSCL 85.30 72.49 62.76 69.74 25.31 63.12
MoE-Adapters 88.25 75.82 61.73 55.77 21.06 60.53
CGIL 86.71 78.80 66.34 71.52 48.18 70.31

Table 8.2: The CI-Transfer on the tested benchmarks. Only methods with
zero-shot capabilities (i.e., with CLIP as a backbone) could be tested.

from previously encountered tasks, achieving superior average performance across
all benchmarks.

8.4 Model Analysis
To further validate the effectiveness of CGIL and its architectural design, addi-
tional experiments are reported in Table 8.3.

Comparison with CoOp. Vanilla CoOp is evaluated under two distinct
benchmarks: one trained jointly, i.e. without partitioning the dataset into tasks
(Joint), and the other trained in the conventional Class-IL scenario (Finetune).
For the latter, two adjustments are made to accommodate the incremental
scenario: i) a class-specific learnable prompt is allocated to each class, rather
than relying on a single global prompt, and ii) previously learned prompts are
kept frozen during subsequent tasks. This strategy, also employed in [124], helps
prevent forgetting. Conversely, training all contexts in subsequent tasks could
overwrite previous knowledge by altering learned prompts.

Insights derived from the results of these two approaches – see the first rows
of Table 8.3 – highlight the proficiency of CGIL in bridging the gap between
fine-tuning and joint training when leveraging prompt learning. The proposed
method matches the performance of the joint approach. As other ablation studies
indicate, this success can be primarily attributed to the effectiveness of the
generative replay strategy.

Generative Models. Along with VAEs, various families of generative models are
evaluated to determine the most effective complement to the proposed method.
The most straightforward approach involves fitting a multivariate Gaussian
distribution for each class [149]. As indicated in Table 8.3, this approach alone
achieves state-of-the-art results (an average of 76.83, compared to 75.46 for SLCA).
However, leveraging more powerful generative models like VAEs considerably
enhances the effectiveness of the alignment procedure, suggesting that the quality
and variety of generated data are crucial.
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S-Imagenet-R S-Cars S-CUB S-EuroSAT S-ISIC
CoOp (Joint) 89.24 89.89 82.52 96.25 73.57
CoOp (Finetune) 84.94 68.61 59.84 79.27 37.08
CGIL 89.42 89.27 83.12 96.17 73.03

Different generative approaches
Multinomial Gaussian 83.89 82.59 80.06 85.70 51.89
Mixture of Gaussians 88.54 88.82 82.10 93.04 62.42
Diffusion Models 89.28 90.14 83.48 95.73 68.99

Different techniques to create the context prompt
Class-specific token 89.09 88.96 83.06 95.59 72.21
MLP-generated token 89.41 88.91 82.82 95.69 70.79
Multiple shared tokens 89.02 88.08 81.50 95.47 70.18

Table 8.3: Ablative studies on CGIL. Results are expressed as FAA.

Additional evaluations are conducted using Mixture of Gaussians (MoG) mod-
els, which combine multiple Gaussian components to allow for greater flexibility
in representing class variability. Furthermore, Denoising Diffusion Probabilistic
Models (DDPMs) [66] are explored, achieving strong performance in generation
tasks. These models are trained with the same hyper-parameters as VAEs, de-
scribed in Section 8.3. Despite their similar capabilities, VAEs are ultimately
favored due to faster training times and fewer parameters compared to DDPMs.
Prompting Techniques. The proposed context comprises a class-specific token
and a generated token (see Section 8.2). At the bottom of Table 8.3, results for
different prompting strategies are presented. Specifically, the evaluation considers:
i) using a single class-specific context, as in CoOp (Finetune); ii) utilizing only
the hyper-token generated by the MLP; and iii) adopting a method similar to
the original CoOp general context, where multiple tokens are learned and shared
across classes. For the first two variants, increasing the number of contextual
tokens during preliminary experiments yielded no improvement, whereas the
third variant, which uses a shared context across classes, benefited from this
adjustment. The best results are reported.

The outcomes of these alternatives slightly lag behind CGIL, indicating
that the primary contributors to performance are the generative rehearsal and
alignment phases. This is evident when considering the performance gap between
CoOp (Finetune) and Class-specific Context. Both share the same prompting
mechanism, but the latter is enhanced through generative replay.

8.4.1 Discussion and Limitations
Memory and Computational Costs. The VAEs decoders employed are
relatively lightweight in terms of memory storage, requiring approximately half a
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million parameters each. However, CGIL may encounter scalability limitations as
the number of classes increases, potentially constraining its applicability in specific
scenarios. When compared with a standard rehearsal approach, the memory
requirement for a single decoder is similar to that of a buffer containing 14 RGB
images of size 224×224 (approximately ~2MB). It is important to note that these
decoders are required only during the training phase, whereas during inference,
only the CLIP visual encoder and the embeddings zctxt of the learned prompts
are necessary. Consequently, the computational cost for inference amounts to a
single pass through the visual encoder, followed by a matrix multiplication to
compute similarity scores. This design offers a significant improvement over other
CL prompting methods. For instance, L2P, DualPrompt, and CODA-Prompt
perform two forward passes through the ViT, while AttriCLIP calculates both
visual and textual embeddings during test time.

Regarding computational costs during training, leveraging generative models
in latent space ensures that the VAEs remain highly lightweight, potentially
eliminating the need for a GPU. Conversely, the alignment phase exhibits higher
complexity, as it involves backpropagating gradients through the CLIP text
encoder. Nonetheless, the duration of this phase can be managed by controlling
the size of the synthetic dataset generated.

Online Continual Learning. CGIL may also be categorized under the cat-
egory of online CL methods [7, 91], as training images are processed only once
through the visual encoder. Although it requires the temporary storage of visual
embeddings to train the VAEs, the associated memory overhead remains minimal
due to the compact size of visual features. After training the generative models,
these embeddings are then discarded.

Zero-shot Capabilities. Despite the high performance on unseen tasks, the
model always performs better when trained on data, since the FAA and CI-
Transfer metrics are not directly comparable due to different averaging strategies.
Moreover, predictions on unseen classes can be highly biased by the pretraining
of the VLM.

8.5 Conclusions
This chapter introduced CGIL, a method that combines prompt learning and
latent-space generative replay to incrementally adapt a pre-trained VLM. By
training lightweight VAEs to model class-specific distributions in the visual latent
space, the approach maintains strong performance on previously encountered
tasks without storing original data. The learned generative models supply
synthetic embeddings for rehearsal, while newly added textual prompts align
these synthetic embeddings with relevant class concepts. Experiments across
diverse benchmarks revealed substantial gains over the existing state of the
art, especially in domains that diverge significantly from CLIP’s pre-training
distribution. By introducing a novel scenario to evaluate zero-shot capabilities
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on unseen tasks, along with a specific metric to quantify this performance (CI-
Transfer), the empirical results underscore the effectiveness of CGIL in leveraging
past knowledge to predict future classes. Overall, these findings underscore
that carefully designed latent generative replay, paired with parameter-efficient
prompting, can effectively address catastrophic forgetting and novel-domain
adaptation in incremental learning.
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This thesis investigated the problem of catastrophic forgetting in Continual
Learning (CL) by focusing on the evolving latent space of models as they are
exposed to sequences of tasks. The overarching goal was to exploit how internal
representations change in neural networks during incremental training to mitigate
forgetting and improve adaptability. After a technical introduction to the CL
problem and its recent literature (Chapter 3), the contributions of this research
can be summarized as follows:

• Spectral Geometry. In Chapter 4, an initial analysis of latent space in
rehearsal-based CL methods revealed that class embeddings become in-
creasingly intertwined as new tasks are encountered. Building on tools from
spectral geometry, Continual Spectral Regularizer for Incremental
Learning (CaSpeR-IL) was introduced to encourage well-separated class-
specific clusters by acting on the eigenspectrum of the Laplacian matrix
calculated on the latent embeddings. Extensive experiments confirmed
that integrating this regularizer into rehearsal-based methods consistently
reduces forgetting in various CL scenarios.

• Equivariant Learning. Chapter 5 compared the invariance vs. equivari-
ance paradigms from self-supervised learning in the context of Online
Continual Learning (OCL), as both approaches influence the latent space
construction of a model towards different goals. The investigation found
that contrastive methods (invariance-based) do not always align well with
the rapid adaptation needs of OCL, while leveraging equivariant pretext
tasks (e.g., rotation prediction) can learn more robust internal representa-
tions, enabling faster adaptation and improved resistance to catastrophic
forgetting. This led to the development of Continual Learning via
Equivariant Regularization (CLER), which uses equivariant tasks as
a lightweight auxiliary loss to strengthen representation quality in online
settings.

• Distillation. Chapter 6 focused on distilling knowledge from pretrained Vis-
ion Transformers (ViTs) to address the challenges of Multi-Label Continual
Learning (MLCL). The proposed method, Selective Class Attention
Distillation (SCAD), selectively distills an external teacher network into
a student model using attention-based filtering on the pretrained latent
representations. This approach allows the student to learn only relevant
features, achieving notable robustness in incremental multi-label tasks.

• Semantic Residuals. Chapter 7 studies how recent prompting approaches
become unstable when continually updated, leading to increased interfer-
ence between tasks. This led to the development of Semantic Two-Tier
Additive Residual Prompting (STAR-Prompt), a two-level prompt-
ing framework that leverages the latent space of a Vision-Language Model
(VLM), namely CLIP, to stabilize the key embeddings provided to a separ-
ate ViT as additive semantic residuals. The method significantly narrows
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the performance gap to offline joint training even under large domain shifts,
achieving an optimal balance between stability and plasticity.

• Generative Latent Replay. Chapter 8 further explored the exploitation
of CLIP’s latent space to enable continual adaptation while preserving zero-
shot capabilities. The proposed method, Continual Generative training
for Incremental prompt-Learning (CGIL), leverages generative replay
over latent embeddings to align different prompts, resulting in a lightweight
and efficient approach. CGIL achieves state-of-the-art performance on
several benchmarks, demonstrating effective adaptation to new tasks while
maintaining strong zero-shot capabilities.

In conclusion, this thesis offers a cohesive perspective on why shaping the
latent space of Continual Learning models matters, and highlights the critical
role played by internal representations in neural networks. Over the course of
this research, the field of CL has rapidly expanded, shifting its primary focus
from fully training models from scratch to efficiently adapting large pretrained
architectures. The gap with offline training has narrowed considerably, and
the work presented here may represent a further step toward the eradication of
catastrophic forgetting.

Real-World Applications and Future Directions
The ability of CL models to adapt to new tasks without forgetting is essential
for various real-world applications. In open-world exploration, robots must
continuously adapt to new environments while retaining previously acquired
knowledge. In infectious disease detection, models must adapt to emerging
virus strains without losing their ability to recognize previously known ones.
Similarly, in autonomous driving, systems need to accommodate evolving traffic
regulations and road conditions without compromising their ability to drive safely.
Furthermore, in the era of large-scale foundation models, frequent retraining is
both costly and time-consuming, making CL a crucial component for developing
efficient and sustainable AI systems.

The research presented in this thesis contributes to these applications by
enhancing our understanding of how to improve model adaptability across diverse
CL scenarios. It also paves the way for future research directions. Spectral
geometry techniques can be further investigated to analyze latent space dynamics
and optimize them for improved adaptability. As self-supervised learning contin-
ues to advance, its principles can be leveraged to design more effective auxiliary
tasks for CL models. Additionally, novel Parameter-Efficient Fine-Tuning (PEFT)
techniques can be explored and compared to assess their resistance to forget-
ting and their potential for adapting large-scale models to new tasks. Finally,
fine-tuning foundational models should prioritize preserving and enhancing their
zero-shot capabilities, ensuring that the integration of new knowledge does not
come at the cost of forgetting prior knowledge.
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AttriCLIP AttriCLIP

CaSpeR-IL Continual Spectral Regularizer for Incremental Learning

CGIL Continual Generative training for Incremental prompt-Learning

CI-Transfer Class Incremental Transfer

CL Continual Learning

Class-IL Class-Incremental Learning
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CLIP Contrastive Language-Image Pre-training
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CSemiSL Continual Semi-Supervised Learning
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