
UNIVERSITÀ DEGLI STUDI DI MODENA E
REGGIO EMILIA

Dottorato di Ricerca in
“Information and Communication Technologies (ICT)”

Ciclo XXXVIII

Apprendimento Continuo
in Condizioni Rumorose e con

Composizionalità

Candidata: Monica Millunzi
Relatore (Tutor): Prof. Simone Calderara
Coordinatore del Corso di Dottorato: Prof. Luigi Rovati



Comitato di Revisione:

Prof. Petter N. Kolm NYUCourant
Prof. Natalia Díaz-Rodríguez University of Granada

Tesi di dottorato finanziata dall’Unione europea-NextGeneration EU,Missione
4, componente 2 “Dalla Ricerca all’Impresa” - Investimento 3.3 “Introduzione
di dottorati innovativi che rispondono ai fabbisogni di innovazione delle imprese
e promuovono l’assunzione dei ricercatori dalle imprese”.



UNIVERSITÀ DEGLI STUDI DI MODENA E
REGGIO EMILIA

International Doctorate School in
“Information and Communication Technologies (ICT)”

Cycle XXXVIII

Learning under Noise and
Compositionality:

A Continual Learning Perspective

Candidate: Monica Millunzi
Advisor: Prof. Simone Calderara
Director of the School: Prof. Luigi Rovati



Review Committee:

Prof. Petter N. Kolm NYUCourant
Prof. Natalia Díaz-Rodríguez University of Granada

PhD thesis funded by the European Union – NextGenerationEU, Mission 4,
Component 2 “From Research to Business” – Investment 3.3 “Introduction of
innovative doctoral programmes that meet the innovation needs of enterprises
and promote the recruitment of researchers by companies.



“Give a man a fish and you feed him for a day;
teach a man to fish and you feed him for a lifetime.”

To my parents, who gave me the tools,
and to my brother, who gave me the courage.

To my friends and loved ones, who stood by me,
and to myself, who persevered.





Apprendimento Continuo
in Condizioni Rumorose e con

Composizionalità

Sommario

Per stare al passo con la natura in continua evoluzione dei dati, i moderni
sistemi di intelligenza artificiale richiedono frequenti e costosi riaddestramenti
su tutti gli esempi già visti, per evitare il fenomeno del catastrophic forgetting.
Questa esigenza ha stimolato un crescente interesse verso il Continual Learning
(CL), in cui i modelli apprendono inmodo incrementale dai flussi di dati conser-
vando al contempo le conoscenze acquisite. Tuttavia, nonostante i notevoli pro-
gressi, permane una fonte di incertezza spesso trascurata: la presenza di etichette
rumorose o non affidabili. Le reti neurali profonde devono gran parte del loro
successo a grandi dataset puliti, ma in contesti reali e dinamici tali condizioni
ideali sono rare. Questo pone una domanda cruciale: come può un sistema con-
tinuare ad apprendere efficacemente quando la supervisione stessa è imperfetta?

Per affrontare il problema dell’apprendimento con etichette rumorose in sce-
nari incrementali, proponiamo Alternate Experience Replay (AER), una strate-
gia che alterna fasi di apprendimento e “dimenticanza” del buffer, favorendo la
separazione tra campioni puliti e rumorosi. In questo modo, il modello affina
progressivamente le proprie rappresentazioni interne limitando la propagazione
del rumore. Inoltre, introduciamo Asymmetric Balanced Sampling (ABS), un
meccanismo di campionamento che bilancia dinamicamente la conservazione di
esempi puliti e complessi durante l’aggiornamento del buffer. La combinazione
di questi approcci migliora la robustezza e la stabilità del modello, dimostrando
come anche semplici meccanismi di replay di memoria possano ridurre l’impatto
della supervisione imperfetta.
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La robustezza da sola, tuttavia, non basta. Una seconda sfida riguarda la ca-
pacità del modello di comporre e riutilizzare le conoscenze tra compiti diversi,
proprietà nota come composizionalità. In questa tesi, mostriamo come rappre-
sentazioni modulari e prospettive di ottimizzazione di secondo ordine possano
favorire questa capacità. Introduciamo due paradigmi complementari: Incre-
mental Task Arithmetic (ITA), che ottimizza ciascun modello addestrato su un
singolo task individualmente, e Incremental Ensemble Learning (IEL), che ot-
timizza direttamente la loro composizione. Insieme, questi approcci permettono
di combinare componenti apprese progressivamente in sistemi che non solo re-
sistono al forgetting, ma generalizzano per costruzione, adattandosi a nuove e
inattese combinazioni di task di apprendimento.

Queste due prospettive, robustezza alla supervisione rumorosa e adattamento
composizionale, delineano un modello di Continual Learning resiliente e strut-
turato. Attraverso analisi empiriche approfondite, mostriamo come i meccan-
ismi intrinseci delle reti neurali possano essere sfruttati per sviluppare modelli in-
crementali più affidabili e robusti. Questa tesi contribuisce alla ricerca nel campo
delContinual Learning,migliorando la robustezza sia in presenza di supervisione
rumorosa sia attraverso la composizionemodulare della conoscenza appresa. For-
niamounapanoramicadello statodell’arte, approfondimentimetodologici e studi
sperimentali accurati su task incrementali complessi, con l’obiettivo di favorire lo
sviluppo futuro di sistemi di apprendimento più adattivi e affidabili.
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Learning under Noise and Compositionality:

A Continual Learning Perspective

Abstract

To keep up with the ever-changing nature of data, modern Artificial Intelli-
gence systems require frequent and costly retraining on all previously seen exam-
ples to avoid the phenomenon of catastrophic forgetting. This challenge has fu-
eled the growing interest in Continual Learning (CL), where models learn incre-
mentally from streams of data while retaining prior knowledge. Yet, despite the
remarkable progress of CL methods, an often-overlooked source of uncertainty
remains: the presence of noisy or unreliable labels. Deep Neural Networks owe
much of their success to large, clean datasets, but in dynamic, real-world settings,
such ideal conditions are rarely available. This raises a fundamental question —
how can a system continue to learn effectively when its supervision is itself im-
perfect?

To address this, we first revisit the problem of learning under noisy labels in
an incremental scenario. WeproposeAlternate ExperienceReplay (AER), a strat-
egy that alternates steps of buffer learning and buffer forgetting to encourage the
separation of clean and noisy samples in the buffer, allowing the model to pro-
gressively refine its internal representations while limiting the propagation of la-
bel noise. In addition, we introduce Asymmetric Balanced Sampling (ABS), a
complementary sampling mechanism that dynamically promotes the retention
of clean and complex examples during the buffer update. By leveraging the in-
terplay between sample selection and memory update, this approach improves
robustness and stability across learning stages, showing that even simple replay-
based mechanisms can mitigate the impact of imperfect supervision over time.
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However, robustness alone is not enough. A secondchallenge lies in themodel’s
ability to compose and reuse knowledge across tasks, a property known as com-
positionality. In this thesis, we explore howmodular representations and second-
order optimizationperspectives can enhance this capabilitywithin continual learn-
ing frameworks. To this end, we introduce two opposed learning paradigms: In-
cremental Task Arithmetic (ITA), which focuses on optimizing each task model
individually, and IncrementalEnsembleLearning (IEL),whichdirectly optimizes
their composition. Together, these two approaches offer dual perspectives on
continual compositionality, combining incrementally learned components into
systems that not only resist forgetting but also generalize by construction, adapt-
ing flexibly to new and unseen combinations of tasks.

These two perspectives, robustness to noisy supervision and compositional
adaptation, outline a vision of continual learning that is both resilient and struc-
tured. Through extensive empirical analysis, we show how intrinsic mechanisms
within neural networks can be harnessed to achievemore reliable and robust con-
tinual learners. With this thesis, we aim to contribute to research in Contin-
ual Learning, enhancing robustness both in the presence of noisy supervision
and through modular knowledge composition. We provide a comprehensive
overview of the state-of-the-art, detailed methodological insights, and thorough
experimental studies on challenging incremental tasks, with the ultimate goal of
fostering future work toward more adaptive and trustworthy learning systems.
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1
Introduction

This dissertation explores different aspects of learning under incremen-
tal conditions, focusing on two directions. The first addresses the chal-
lengeofnoisy supervision in continual learning, proposingmechanisms

that exploit forgetting dynamics to preserve reliable information during sequen-
tial training. The second examines model merging from the perspective of incre-
mental learning, studying howmodular updates can be derived and combined in
large pre-trained architectures through second-order approximations. Although
these directions target distinct problems, they both operate within the broader
framework of continual learning, characterized by sequential task updates and
constrained access to past supervision.

1.1 Overview
Modernmachine learning systems increasingly operate indynamic environments
where data distributions evolve, supervision is imperfect, andmodels must adapt
continuously while retaining previously acquired competencies. Despite the suc-
cess of DeepNeural Network (DNN) across a wide range of domains, their stan-
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dard training paradigm assumes access to static datasets with clean labels and
unrestricted repeated optimization over the full data, an assumption that rarely
holds in realistic deployment scenarios. In applications such as autonomous sys-
tems, web-scale perception pipelines, large-scale recommendation, and language-
based services, data arrive as streams, annotation quality is variable, and systems
are required to integrate new knowledge without compromising earlier abilities,
under strict computational and latency constraints that preclude full retraining
at each update. These conditions expose fundamental limitations of contempo-
rary deep networks.

The growing relevance of adaptive learning has brought several concrete chal-
lenges to the forefront. Maintaining stable performance while acquiring new
knowledge remains difficult: networks trained sequentially on distinct tasks tend
to overwrite internal representations, rapidly losing performance on earlier ones.
Moreover, realistic data streams inevitably contain annotation errors arising from
limitedhuman supervision, automatic labelingpipelines, or systematic collection
biases. In replay-based systems, such noisy examples are stored and repeatedly
reused, progressively contaminating the learning process. Finally, the increasing
scale and centrality of pre-trained models call for new frameworks for modular-
ity and compositionality, enabling efficient task-specific modification andmodel
editing without resorting to monolithic, full-parameter updates.

Continual Learning (CL) addresses part of these challenges by enabling mod-
els to learn from sequences of tasks while preserving previously acquired knowl-
edge. Among CL strategies, rehearsal-based methods have emerged as particu-
larly effective: they maintain a small memory buffer of past data and interleave
replayed samples with current observations, thus approximating standard batch
training under strict memory constraints. However, the effectiveness of these ap-
proaches depends critically on the quality and representativeness of the buffer.
As shown in Chapter 2 “May the Forgetting be With You: ALternate Replay
for Learning with Noisy Labels”, even a modest fraction of mislabeled data can
significantly impair performance, because replay reinforces incorrect supervision
and biases the estimation of the underlying task distributions.

Learning under noisy labels is therefore not a marginal complication, but a

2
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central aspect of continual learning in realistic settings. In Continual Learning
(CL) and Continual Learning with Noisy Labels (CLN), both the incoming
stream and the replay buffer can contain corrupted annotations, and existing re-
hearsal pipelines inadvertently propagate noise across tasks. The Alternate Ex-
perience Replay (AER) framework introduced in “May the Forgetting Be With
You” proposes a decisive shift in perspective: instead of treating forgetting as
a pure drawback, it deliberately alternates buffer-learning and buffer-forgetting
phases, inducing distinct loss dynamics for clean andnoisy samples. By temporar-
ily disabling replay, the model is encouraged to forget examples that are inconsis-
tent with the current representation; noisy or hard-mismatched instances exhibit
rapid loss growth, while clean samples remain stable. Periodic restoration of the
model state then allows one to exploit this divergence purely for buffer purifica-
tion, maintaining a persistent gap between clean and noisy samples and enabling
more reliable sample selection.

Building upon AER and ABS, the EARL framework (Embracing Amnesic
Replay for Learning with Noisy Labels) extends this approach in several direc-
tions. It provides a more comprehensive analysis of forgetting dynamics under
noise, evaluates robustness under realistic noise conditions (including human
and web-scraped labels), and systematically studies the interaction between am-
nesic replay and sampling strategies. Moreover, EARL is instantiated with mod-
ern pre-trained backbones and prompt-based CL baselines, and its effectiveness
is demonstrated not only in vision benchmarks but also on natural language un-
derstanding ones. This extended study confirms that targeted forgetting can be
exploited to increase buffer purity without sacrificing diversity, that the overhead
introduced bymodel reloading and buffer updates is negligible compared to stan-
dard training costs, and that the method retains its usefulness even at low or zero
noise levels. Overall, EARL consolidates the view that forgetting can be trans-
formed from an undesirable side effect into a controlled mechanism for noise
detection and robustness.

In parallel to advances in noise-robust CL, the rapid rise of large pre-trained
models has opened a complementary research direction centered on the so-called
model compositionality (or model merging). Fine-tuning such models on mul-
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tiple tasks produces specialized modules whose parameter updates can, under
appropriate conditions, be meaningfully combined. Empirical works on model
soups and task arithmetic suggest that simple linear combinations of fine-tuned
weights often yield multi-task models with strong transfer properties. However,
the principles that guarantee successful composition remain only partially un-
derstood and are often studied in linearized regimes. The work in Chapter 4 “A
Second-Order Perspective on Model Compositionality and Incremental Learn-
ing” addresses this gapby analyzing standardnon-linearnetworks through a second-
order Taylor approximation of the loss around the pre-trained weights.

The second-order formulation yields two key insights. First, it provides an
inequality relating the empirical risk of a composed model to the convex combi-
nation of the risks of its individual components, under the assumption that all
models remain in the “pre-training basin”, where higher-order terms are negli-
gible. This shows that compositionality is viable only if each individual model
maintains reasonable performance on examples outside its own training distribu-
tion. Second, by reinterpreting this requirement, the work frames composition-
ality as an incremental learning problem: each fine-tuned module must preserve
pre-training general capabilities on out-of-distribution data in order for its task
vector to remain compatiblewith others. On this basis, in thisworkwederive two
dual incremental training algorithms: an individual-training scheme, which fine-
tunes each module with an additional regularizer anchored to the pre-trained
model through a Fisher-based distance, and an ensemble-training scheme, which
directly optimizes the composedmodel while controlling the pairwise alignment
of task vectors in the second-order geometry induced by theHessian or its Fisher
surrogate.

These algorithms are evaluatedonclass-incremental classification settingswith
varying alignment between pre-training and downstream tasks. The results show
that the resulting pools ofmodules support not only the construction of accurate
multi-task models via composition, but also flexible editing operations such as
task specialization and selective unlearning. In this sense, the second-order analy-
sis bridges twopreviously disjoint areas: compositional fine-tuningofpre-trained
models and continual learning. The preservation of pre-training knowledge and
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out-of-distribution performance, typically studied in CL under the lens of catas-
trophic forgetting, emerges as a prerequisite for stable model composition; con-
versely, compositionality offers a new perspective on how incrementally learned
modules can be re-used and reconfigured.

Taken together, the three works that underpin this thesis contribute a unified
perspective on robust and modular adaptation. The first two introduce replay
schemes that intentionally harness forgetting to cope with noisy labels in con-
tinual learning, demonstrating that amnesic updates can purify memory buffers
and improve long-term performance across synthetic, human, and web noise.
The third establishes a theoretical connection between incremental learning and
model compositionality in non-linear networks, leading to practical algorithms
for training composable modules that can be linearly aggregated into multi-task
models without sacrificing pre-training generality.

1.2 Organization
The remainder of the thesis is organized as follows. The present Chapter 1 pro-
vides both the motivation and the technical groundwork for the entire disserta-
tion, and the scientific notation used throughout the thesis. It introduces the
need for studying learning scenarioswheremodelsmust adaptprogressively rather
than being trained in a single i.i.d. regime, highlighting the limitations of stan-
dard Deep Learning (DL) in non-stationary environments, the effect of noisy
labels on replay-based approaches, and the growing relevance of modularity and
parameter-efficient adaptation. Thematerial thatwould traditionally bedistributed
across background, notation, and related work sections is consolidated in this
chapter. Specifically, continual and incremental learning settings are formalized,
the notation used throughout the thesis is established, and the principles under-
lying model composition and task arithmetic are reviewed. This unified organi-
zation clarifies how the thesis approaches incremental learning from two comple-
mentaryperspectives—robustness tonoisy supervision andmodel compositionality—
while providing the shared theoretical and methodological context for both re-
search strands.
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In Section 1.4, we introduce the core problem settings addressed in this the-
sis, covering CL and CLN. The section summarizes the main challenges posed
by sequential learning, reviews the most established approaches in the CL litera-
ture, and describes the benchmarks, evaluation protocols, and baseline methods
adopted in the experimental analysis.

To further contextualize the specific challenges arising from imperfect super-
vision, Section 1.5 provides a dedicated review of Learning with Noisy Labels
(LNL), detailing commonnoisemodels, representative algorithmic strategies, and
their implications in incremental and replay-based settings. Finally, Section 1.6
focuses on task arithmetic and model merging, presenting the fundamental for-
mulations and the most representative methods in this area, thereby establish-
ing a unified reference framework for the compositional and second-order ap-
proaches developed in the subsequent chapters.

Chapter 2 [2] forms the beginning of the first research strand and studies the
role of forgetting dynamics under noisy supervision. We introduce Alternated
Experience Replay (AER) andAsymmetric Balanced Sampling (ABS), a method
that leverages controlled forgetting to maintain separability between clean and
corrupted samples during continual training [4]. The chapter focuses on the
mechanismsunderlyingnoise accumulation andbuffer contamination in rehearsal-
based continual learning.

Chapter 3 [3] continues this strand by generalizing forgetting-based purifi-
cation. Through the Embracing Amnesic Replay for Learning with noisy Labels
(EARL) framework, we examine more realistic noise sources, modern architec-
tures, andmulti-modal applications. Together, Chapters 2 and 3 provide a com-
prehensive investigation of noise-robust continual learning.

In Chapter 4 [5], we explore a complementary direction centered on the in-
cremental adaptation of large pre-trained models through compositional mech-
anisms. Using a second-order analysis of task vectors, we study when and how
modular updates can be combined, and develop two incremental training pro-
cedures that support specialization, composition, and structured model editing.
This chapter stands on its own while remaining thematically connected through
the lens of incremental learning.

6
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Finally, Chapter 5 concludes the dissertation, summarizing the contributions
and outlining several directions for future research, including large-scale incre-
mental adaptation, principled handling of unreliable supervision, and refined ap-
proaches to building modular DL systems.

1.3 Notation
In this thesis, we consider a parametric model fθ : X → RC with parameters θ ∈
Rm,mapping an input x ∈ X to class scores over a label setY = {1, . . . ,C}. The
predicted class is obtained as ŷ = argmaxk fθ(x)k. Unless otherwise specified, we
adopt the standard cross-entropy lossL(fθ(x), y) for supervised classification.

In the continual learning setting, themodel is exposed to a sequence ofT tasks,
denoted by {T1, . . . , TT}. Each task Tt is associated with a dataset

Tt = (Xt,Yt) = {(x(t)j , y(t)j )}|Tt|j=1,

where samples (x(t)j , y(t)j ) are drawn i.i.d. froma task-specific distribution pt(x, y).
The global trainingprocess is non-i.i.d., as the learner observes each taskonlyonce
and cannot access the data of previous tasks after their completion. In the class-
incremental scenario considered in this thesis, tasks have disjoint label sets, so that
Yt ∩ Yt′ = ∅ for t ̸= t′ and the model must ultimately discriminate among all
classes seen so far.

The overall continual learning objective can be written as the cumulative risk
over all tasks

LCL(θ) ≜
T∑
t=1

E(x,y)∼pt(x,y)
[
L(fθ(x), y)

]
, (1.1)

with an ideal solution θ⋆ = argminθ LCL(θ), which is unattainable in practice
because data from all tasks are not jointly available.

Rehearsal-basedmethodsmaintain a finite-capacity memory bufferM of size
B, which stores a subset of past examples. After learning task Tt, the buffer state
is denoted byMt ⊂

⋃t
i=1 Ti, with |Mt| ≤ B. During training on task t, the

model is updated by interleaving current data (x, y) ∼ pt(x, y) with replay sam-
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ples (xr, yr) ∼ Unif(Mt−1). In its simplest form, the rehearsal objective reads

LER(θ) ≜ E(x,y)∼pt
[
L(fθ(x), y)

]
+ λE(xr,yr)∼Mt−1

[
L(fθ(xr), yr)

]
, (1.2)

where λ ≥ 0 balances stability and plasticity. In this thesis, this formulation
is specialized and extended to account for asymmetric replay losses and amnesic
updates.

To model learning under noisy labels, we assume that each clean label y(t)j is

corrupted into a noisy label ỹ(t)j according to a stochastic transition

ỹ(t)j ∼ p̃t(ỹ | y(t)j ),

with noise rate ηt = P(ỹ ̸= y) that may depend on the task and on the noise
mechanism (synthetic, human, web, or machine-generated). The corresponding
noisy distribution is p̃t(x, ỹ) and the CLN objective becomes

LCLN(θ) ≜
T∑
t=1

E(x,̃y)∼p̃t
[
L(fθ(x), ỹ)

]
. (1.3)

In replay-based CLN, both the current stream and the buffer may contain noisy
pairs (x, ỹ), and the buffer stateMt implicitly mixes clean, hard, and mislabeled
samples.

For the compositionality analysis, we consider apre-trainedmodelwithweights
θ0, and a collection of task-specific fine-tuned models θt = θ0 + τt, t =

1, . . . ,T, where τt denotes the task vector induced by fine-tuning on task t. A
composed model is obtained by a convex combination of task vectors,

θP = θ0 +
T∑
t=1

wtτt, wt ∈ [0, 1],
T∑
t=1

wt = 1, (1.4)

giving rise to a compositional predictor fP(·) = f(·; θP). The second-order ap-
proximation of the empirical risk around θ0 is denoted by ℓ̂cur(θ) and involves
the gradient∇θℓ(θ0) and the Hessian Hℓ(θ0) evaluated at pre-training. Under
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the assumption that θ0 is a local minimum andHℓ(θ0) ⪰ 0, the Fisher Informa-
tion Matrix Fθ0 provides a tractable diagonal surrogate forHℓ(θ0) and induces a
Riemannian metric on the parameter space.

Wedenote by ati the accuracy on task i after training on task t, and use standard
continual learning metrics such as Final Average Accuracy (FAA) and forgetting,
defined as functions of {ati}. When required, we refer toMclean

t andMnoisy
t as

the subsets of the buffer that are estimated to be clean or noisy according to the
loss-based dynamics induced by the proposed methods.

1.4 Continual Learning Background

Modern DL systems have achieved remarkable success across a wide range of ap-
plications, from computer vision and natural language processing to reinforce-
ment learning andgenerativemodeling. However, their standard trainingparadigm
relies on several assumptions that often do not hold in real-world scenarios. In
particular, deep networks are typically trained on static datasets with clean labels,
under the assumption that data are drawn i.i.d. from a fixed distribution. This
setting admits multiple passes over the entire dataset, allowing the model to con-
verge to a solution that minimizes empirical risk. However, many practical appli-
cations involve dynamic environments where data distributions evolve over time,
supervision is imperfect, and models must continuously adapt while retaining
previously acquired capabilities. Examples include autonomous systems that face
changing conditions, web-scale perception pipelines that process streams of user-
generated content exposed to paraphrasing attacks [1], large-scale recommenda-
tion systems that must adapt to changing user preferences, and language-based
services that need to integrate new knowledgewithout compromising earlier abil-
ities.

These constraints expose fundamental limitations of contemporary deep net-
works, primarily catastrophic forgetting, sensitivity to label noise, and the ab-
sence of efficient mechanisms for modular adaptation and model editing.

9
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CATASTROPHIC FORGETTING

Despite their success, Artificial Neural Network (ANN) struggle to remember
when learning sequentially. Humans can layer new skills without erasing old
ones; neural networks, optimized by backpropagation over shared parameters,
tend to overwrite earlier knowledge when exposed to new distributions. The re-
sult is catastrophic forgetting—a sharp drop in performance on previous tasks,
unlike the gradual decay seen in human memory. First noted in shallow mod-
els [114, 136] and later confirmed in deep networks [53], this limitation remains
a core obstacle for systems deployed in non-stationary environments.

CONTINUAL LEARNING

Catastrophic forgetting makes iterative deployment expensive: each new data
stream risks erasing what the model already knows. CL addresses this by aiming
for models that remain plastic enough to absorb new tasks while stable enough
to retain past knowledge. Unlike standard i.i.d. assumptions, data arrive in se-
quence, and past samples are typically unavailable. The goal is to maintain per-
formance over time by explicitly managing the stability–plasticity trade-off.

STANDARD SCENARIOS

Forgetting appears inmanyMachineLearning (ML) tasks, fromsegmentation [28,
189] and detection [130, 77] to generation [194] and captioning [42], but most
CL research is focused on classification because it offers a well-defined compari-
son ground. Throughout this thesis, CL refers to continual learning for classifi-
cation unless stated otherwise.

To make results comparable, the community converged on shared settings,
benchmarks, and metrics. The authors in [159, 160] introduced a taxonomy
where a supervised classification dataset is split into sequential tasks; data from
past tasks cannot be revisited, but the learner is notified when a task boundary
occurs. Three canonical scenarios differ in how data are partitioned and how in-
ference is conducted:

10
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• Domain-Incremental Learning (Domain-IL): tasks share the same la-
bel space but come from different input distributions. At test time, the
model must handle inputs from any domain without task labels. Datasets
are often crafted by domain-specific transformations or collected across
multiple domains (e.g. DomainNet [127]).

• Task-Incremental Learning (Task-IL): each task introduces a disjoint
set of classes, and the task identity is provided at inference. Condition-
ing on the task simplifies knowledge separation and typically yields strong
performance [46, 9], while reducing classifier bias from imbalanced expo-
sure [181].

• Class-Incremental Learning (Class-IL): tasks are split as inTask-IL, but
no task label is available at test time. Themodelmust jointly infer the class
among all previously seen classes, making this the most challenging and
widely used setup [46].

These standard scenarios provide a common yardstick yet leave gaps with real-
world incremental applications [8, 41], motivating newer, more realistic variants.
Since this thesis emphasizes the Class-IL setting, other scenarios are discussed
only when relevant to the experiments.

1.4.1 STATEOF THEART

The surge of interest in continual learning has produced a steady stream of work
addressing catastrophic forgetting frommultiple perspectives. Existing approaches
are commonly grouped into threebroad families, i.e. architecture-oriented, regularization-
based, and rehearsal-centric methods, each relying on different principles to mit-
igate interference across tasks [46, 41]. This section summarizes the approaches
most frequently cited and adopted as baselines throughout this thesis.

ArchitecturalMethods

Architectural approaches allocate separate subsets of parameters todifferent tasks,
typically throughmodular designs or multi-head architectures. By isolating task-
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of tasks is novel. Second, we extensively evaluate the model in complex reinforcement learning
domains. In the process, we also evaluate alternative approaches to transfer (such as finetuning) within
the RL domain. In particular, we show that progressive networks provide comparable (if not slightly
better) transfer performance to traditional finetuning, but without the destructive consequences.
Finally, we develop a novel analysis based on Fisher Information and perturbation which allows us to
analyse in detail how and where transfer occurs across tasks.

2 Progressive Networks

Continual learning is a long-standing goal of machine learning, where agents not only learn (and
remember) a series of tasks experienced in sequence, but also have the ability to transfer knowledge
from previous tasks to improve convergence speed [20]. Progressive networks integrate these
desiderata directly into the model architecture: catastrophic forgetting is prevented by instantiating
a new neural network (a column) for each task being solved, while transfer is enabled via lateral
connections to features of previously learned columns. The scalability of this approach is addressed
at the end of this section.

A progressive network starts with a single column: a deep neural network having L layers with
hidden activations h(1)

i 2 Rni , with ni the number of units at layer i  L, and parameters ⇥(1)

trained to convergence. When switching to a second task, the parameters ⇥(1) are “frozen” and a new
column with parameters ⇥(2) is instantiated (with random initialization), where layer h(2)

i receives
input from both h(2)

i�1 and h(1)
i�1 via lateral connections. This generalizes to K tasks as follows: 1:

h(k)
i = f

0

@W (k)
i h(k)

i�1 +
X

j<k

U (k:j)
i h(j)

i�1

1

A , (1)

where W (k)
i 2 Rni⇥ni�1 is the weight matrix of layer i of column k, U (k:j)

i 2 Rni⇥nj are the lateral
connections from layer i� 1 of column j, to layer i of column k and h0 is the network input. f is
an element-wise non-linearity: we use f(x) = max(0, x) for all intermediate layers. A progressive
network with K = 3 is shown in Figure 1.

output2 output3output1

input

h(2)
2 h(3)

2h(1)
2

h(1)
1 h(2)

1 h(3)
1

a a

a a

Figure 1: Depiction of a three column progressive network. The first two columns on the left (dashed arrows)
were trained on task 1 and 2 respectively. The grey box labelled a represent the adapter layers (see text). A third
column is added for the final task having access to all previously learned features.

These modelling decisions are informed by our desire to: (1) solve K independent tasks at the end of
training; (2) accelerate learning via transfer when possible; and (3) avoid catastrophic forgetting.

In the standard pretrain-and-finetune paradigm, there is often an implicit assumption of “overlap”
between the tasks. Finetuning is efficient in this setting, as parameters need only be adjusted
slightly to the target domain, and often only the top layer is retrained [23]. In contrast, we make
no assumptions about the relationship between tasks, which may in practice be orthogonal or even
adversarial. While the finetuning stage could potentially unlearn these features, this may prove
difficult. Progressive networks side-step this issue by allocating a new column for each new task,
whose weights are initialized randomly. Compared to the task-relevant initialization of pretraining,

1Progressive networks can also be generalized in a straightforward manner to have arbitrary network width
per column/layer, to accommodate varying degrees of task difficulty, or to compile lateral connections from
multiple, independent networks in an ensemble setting. Biases are omitted for clarity.

2
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Figure 1.1: Topologies of continual learning methods: (a) architectural, (b) regularization-based,
and (c) rehearsal-based approaches.

specific components, interference between tasks is reduced and previously ac-
quired knowledge can be preserved more effectively. However, this comes at the
cost of parameter growth as the number of tasks increases, as well as the need for
task identity at test time. As a result, these methods are generally better suited to
the task-incremental setting than to the class-incremental focus of this work.

A representative example is ProgressiveNeuralNetworks (PNN) [142], where
each task is assigned a dedicated backbone and lateral connections are introduced
to enable knowledge transfer across tasks. While forgetting is naturally avoided,
memory usage scales linearly with the number of tasks.

RegularizationMethods

Regularization-based approaches retain a singlemodel while constraining param-
eter updates to preserve directions that are important for previously learned tasks.
These methods are typically lightweight and scalable, though their effectiveness
may degrade as the number and diversity of tasks increase.

ElasticWeightConsolidation (EWC) [81]penalizes changes toparameters deemed
important for past tasks, as estimated through the Fisher InformationMatrix. To
reduce computational overhead, faster variants such as Online EWC [146] ap-
proximate the Fisher information. Learning without Forgetting (LwF) [97] in-
stead relies on knowledge distillation, encouraging the current model to match
the outputs of the previous one while learning new data. In class-incremental
settings with disjoint label spaces, this strategy can be less effective, motivating
extensions such as LwF-MC [137], whichmodifies the loss to better handle class-
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incremental scenarios.

RehearsalMethods

Rehearsal-based strategies stabilize learning by storing a subset of past examples—
or their synthetic counterparts—and replaying them alongside incoming data.
Methods in this family differ in how the memory buffer is populated, how re-
play is performed, and whether raw samples or compressed representations are
stored. In some applications, privacy or storage constraints limit the feasibility
of retaining raw data. Themost widely used strategy for populating the memory
buffer is reservoir sampling [164], an algorithm designed to maintain a represen-
tative random sample of items from a data streamof unknownor arbitrarily large
size in a single pass, guaranteeing that each observed itemhas an equal probability
of being retained. This property makes it particularly well-suited for continual
learning settings, where the full data distribution is never available at once. Build-
ing on this foundation, Experience Replay (ER) [136, 141] maintains a small
buffer (often populated via reservoir sampling) and jointly trains on buffered
and current samples, serving as a simple yet strong baseline. iCaRL [137] ex-
tends this paradigmby combining exemplar rehearsalwith knowledge distillation
and a nearest-mean-of-exemplars classifier constructed from the retained buffer.
GDumb [132] takes amore radical stance, accumulating a buffer throughout the
data streambut deferring all learning to evaluation time, training themodel from
scratch solely on the buffer contents, an approach that yields surprisingly strong
performance when the buffer is sufficiently large.

More recent methods refine replay mechanisms through representation align-
ment, prototypemodeling, or auxiliary losses. DarkExperienceReplay++ (DER++) [25]
stores logits as soft targets, while DER++ combines this strategy with standard
replay for improved robustness. COPE [41] maintains slowly evolving class pro-
totypes in a shared embedding space, enabling smoother transitions across tasks.

Additional variants explore architectural decouplingorbuffer refinement. ER-
ACE [27] modifies standard replay with an asymmetric loss to balance old and
new classes. X-DER [20] revises stored samples to inject new evidence about past
data, improving adaptation on challenging benchmarks.
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Pretrain-ExploitingMethods

A more recent line of work leverages large pretrained models as a starting point
for continual learning. Since these backbones already encode broad and transfer-
able representations, such approaches often outperform methods trained from
scratch. Many classic continual learning algorithms can also be applied on top
of pretrainedmodels for fair comparison. Recent work has largely focused onVi-
sionTransformers andparameter-efficientfine-tuning schemes, particularlyprompt-
based adaptation strategies, which are discussed in more detail later in the thesis.

Learning to Prompt (L2P) [173] maintains a pool of prompts that are dy-
namically selected based on the input, with or without replay buffers. Dual-
Prompt [172] introduces both general and task-specific prompts to balance trans-
fer and specialization without rehearsal. CODA-Prompt [149] assigns prompts
per task and combines them through attention mechanisms, updating only the
active prompt set. SLCA [196] slows representation learning and realigns classi-
fiers post hoc to counter progressive overfitting. CO2L [29] leverages contrastive
pretraining on clean data and preserves transferable representations through self-
supervised distillation.

Other methods address multimodal or zero-shot continual learning: Attri-
CLIP [168] freezes the vision–languagemodel and uses attribute-based prompts;
PromptFusion [33] separates stability and adaptation with dual prompt-tuning
branches; ZSCL [203] preserves zero-shot performance via feature distillation
andparameter averaging;MoE-AD[191] adoptsmixture-of-experts adapterswith
task routing and OOD detection to maintain generalization.

1.4.2 BENCHMARKS AND EVALUATIONMETRICS

The empirical evaluation ofCLmethods critically depends on both the choice of
benchmarks and the metrics used to quantify learning dynamics over time. Un-
like standard supervised learning, CL requires models to acquire new knowledge
sequentially while retaining performance on previously learned tasks. As a conse-
quence, evaluation protocols must explicitly account for task ordering, interfer-
ence between tasks, and long-term knowledge retention. This chapter presents
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the most commonly adopted benchmarks and evaluationmetrics in the CL liter-
ature, with a particular focus on class-incremental image classification settings.

MostCLbenchmarks for classification are constructedbypartitioning amulti-
class dataset into a sequence ofTdisjoint tasks, each containing a subset of classes.
The model is trained sequentially on each task without access to data from pre-
vious tasks and is evaluated on all tasks seen so far, enabling a systematic analysis
of catastrophic forgetting and knowledge transfer.

Natural Image Benchmarks

Seq. MNIST [86] is one of the earliest benchmarks adopted in continual learn-
ing, typically split into multiple tasks by grouping digit classes. Despite its sim-
plicity and low visual complexity, it remains useful for rapid prototyping and
controlled studies of forgetting mechanisms.

Seq. SVHN [121] provides a more challenging alternative by introducing real-
world visual variability through street-view house numbers. In continual learn-
ing settings, it is commonly partitioned into class-incremental tasks and used to
study robustness under mild distributional complexity.

Seq. CIFAR-10 and Seq. CIFAR-100 [83] are among themostwidely adopted
benchmarks in CL. Both datasets are commonly split into sequences of class-
incremental tasks; in particular, Seq. CIFAR-100 enables the construction of
long task sequences with few samples per class, making it well suited to stress-test
scalability, memory management, and forgetting behavior.

Seq. miniImageNet [163] is frequently employed to evaluate continual learning
methods on higher-resolution images and more diverse visual content. Its use is
especially common when assessing deep architectures and representation reuse
across tasks.

Seq. ImageNet-R [63] further increases evaluation difficulty by introducing sig-
nificant domain shifts through artistic and non-photorealistic renditions of Im-
ageNet classes, enabling the analysis of robustness under distributional changes
in continual learning scenarios.
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Fine-Grained Benchmarks

Seq. CUB-200-2011 [165] is a fine-grained bird classification dataset character-
ized by high inter-class similarity and subtle visual differences. In continual learn-
ing, it is commonly used to evaluate feature reuse and robustness to forgetting in
challenging discrimination regimes.

Seq. Cars-196 [82] presents a similar level of difficulty in the automotive do-
main, with visually similar categories differentiated by fine-grained attributes. Ex-
periments onbothfine-grainedbenchmarks are typically conductedusing ImageNet-
pretrained backbones to ensure stable optimization and fair comparisons.

Remote Sensing andMedical Benchmarks

Seq. EuroSAT [62] is a remote sensing dataset for land use and land cover classi-
fication, commonly adapted to class-incremental continual learning to evaluate
performance under varying spatial patterns and acquisition conditions.

Seq. RESISC45 [35] provides a larger and more diverse remote sensing bench-
mark, enabling the study of continual learning under increased scene variability
and class diversity.

Seq. ISIC [37] is widely used in the medical imaging domain for skin lesion clas-
sification. In continual learning settings, it allows the evaluation of learning dy-
namics under limited data availability, class imbalance, and high annotation un-
certainty.

Seq. ChestX-ray datasets [170] are employed to assess continual learning meth-
ods on large-scale medical data streams, where weak supervision and label noise
are prevalent and retraining from scratch is often impractical.

EvaluationMetrics

For a principled evaluation, we consider access to a test set for each of theT tasks.
After themodel finishes learning about the task t, we evaluate its test performance
on all T tasks. Let at′t denote the test performance on task t of the model, after it
has been trained on all the tasks up to task t′. Using this notation, several metrics
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have been proposed to characterize both final performance and learning dynam-
ics.

Final Average Accuracy

Themost commonly reported metric is the FAA, which measures the average
performance across all tasks after completing the full training sequence:

FAA ≜ 1
T

T∑
t=1

aTt . (1.5)

FAA provides a compact summary of the final model quality, but does not cap-
ture how performance evolves throughout training.

Backward and Forward Transfer

Backward Transfer (BWT) quantifies the influence of learning new tasks on
previously learned ones:

BWT ≜ 1
T− 1

T−1∑
t=1

(
aTt − att

)
. (1.6)

Inparticular, itmeasures the influence of learning subsequent tasks onpreviously
learned ones t < T. Positive BWT occurs when learning t′ > t improves perfor-
mance on t, while negative BWT occurs when it reduces performance on t. Neg-
ative BWT values indicate catastrophic forgetting, while positive values suggest
beneficial backward knowledge transfer.

Forward Transfer (FWT)measures how prior knowledge affects performance
on future tasks before training on them:

FWT ≜ 1
T− 1

T∑
t=2

(
at−1
t − bt

)
, (1.7)

where at−1
t is indeed the performance on task t after learning tasks up to t− 1 and

bt denotes a baseline performance on task t, typically obtained from a randomly
initialized model.
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ForgettingMetrics

A direct measure of forgetting is obtained by comparing the maximum perfor-
mance achieved on a task with its final performance. The Final Average Forget-
ting (FF) is defined as:

FF ≜ 1
T− 1

T−1∑
i=1

(
max

t∈{i,...,T}
ati − aTi

)
. (1.8)

FF explicitly captures the degree of knowledge loss induced by subsequent train-
ing. Normalized and adjusted variants of FF have also been proposed to improve
comparability across tasks and datasets, especially when peak accuracies differ
substantially.

Discussion

Several metrics have been proposed to characterize performance in Continual
Learning, as no single measure can fully capture the underlying learning dynam-
ics. In particular, complementary metrics such as Forgetting (FF) and Backward
Transfer (BWT) are useful to analyze stability–plasticity trade-offs beyond final
performance. Nonetheless, in this thesis we primarily rely on FAA as the main
evaluation metric, in line with standard practice in the literature, and report For-
getting (FF) as a secondarymeasure to quantify knowledge degradation over time.
Results are averaged across multiple task orderings and random seeds to ensure
robustness.
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1.5 Learning with Noisy Labels
Forgetting represents one of the central challenges in incremental training, signifi-
cantly hindering the ability ofmodernAI systems to continuously assimilate new
information in streaming data settings. Within the Continual Learning (CL)
paradigm, most existing methods mitigate catastrophic forgetting through the
replay of a limited memory buffer containing samples from past tasks. While ef-
fective under ideal conditions, these replay-based strategies become fragile in real-
istic scenarios, where data annotations are often affected bynoise due to time con-
straints and limited human supervision. This issue motivates the study of Con-
tinualLearningunderNoisy labels (CLN), a setting inwhich conventional buffer
management and sample selection mechanisms may inadvertently reinforce cor-
rupted information. In this chapter, we introduce Alternate Experience Replay
(AER), a novel approach that explicitly exploits forgetting as a signal to disentan-
gle clean, complex, and noisy samples within the memory buffer. The underly-
ing intuition is that samples that poorly conform to the previously learned data
distribution—either due to intrinsic difficulty or incorrect labeling—are more
likely to be forgotten over time. Leveraging this observation, AER promotes a
structured buffer organization that facilitates selective retention. To further en-
hance the effectiveness of this separation, we propose Asymmetric Balanced Sam-
pling, a tailored sample selection strategy that emphasizes label purity for the
current task while preserving informative and representative samples from ear-
lier tasks. Through extensive empirical evaluations, we show that the proposed
framework improves both predictive performance and buffer quality when com-
pared to existing loss-based purification approaches, highlighting the advantages
of exploiting forgetting dynamics in CLN scenarios.

LNL addresses supervised learning scenarios in which the observed annota-
tions are corrupted versions of the unknown ground-truth labels. This setting
naturally arises in large-scale data collection pipelines involving non-expert anno-
tators, weak supervision, or web-scraped data [49, 151]. Despite their strong gen-
eralization capabilities, deep neural networks (DNNs) are particularly vulnerable
to label noise due to their high capacity, which allows them to eventually fit cor-
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rupted labels and degrade test performance [195]. This behavior has motivated
extensive research on robust training strategies thatmitigatememorizationwhile
preserving useful learning signals.

1.5.1 PROBLEMFORMULATIONANDTAXONOMYOFLABEL
NOISE

LetD = {(xi, yi)}Ni=1 denote a clean dataset sampled from an unknown distri-
bution p(x, y), where y ∈ {1, . . . ,C}. Under label noise, the learner instead
observes D̃ = {(xi, ỹi)}Ni=1, where ỹ is a corrupted version of y. Training typ-
ically proceeds via empirical risk minimization (ERM), which is known to be
non-robust under label noise [120], as gradients computed from corrupted labels
introduce systematic bias in parameter updates.

A common abstraction models label noise through a class-conditional tran-
sition matrix T, where Tij = Pr(ỹ = j | y = i) [126]. Under this instance-
independent assumption, the corruption process is conditionally independent
of the input features once the true label is given. Within this framework, two
synthetic regimes are widely adopted in experimental evaluation. Symmetric (or
uniform) noise assumes that any label may flip uniformly at random to any other
class, i.e.,Tii = 1−τ andTij = τ/(c−1) for i ̸= j, with global noise rate τ ∈ [0, 1].
Conversely, asymmetric (or label-dependent) noise reflects more realistic, seman-
tically structured confusions: mistakes are concentrated within particular class
pairs, e.g., “cat”→ “dog” is far more likely than “cat”→ “car” [151]. A special
case is pair-flip noise, where each class i can only be corrupted into a single target
class jwith probability τ, while remaining correct with probability 1− τ.

Although this class-conditional setting enables theoretical tractability and fa-
cilitates strategies such as transition-matrix estimation or correction, it overlooks
the variability in how errors occur in real annotation pipelines. More realistic sce-
narios are captured by instance-dependent noise, where the corruption probabil-
ity additionally depends on the input features [184]. In this setting, mislabeling
is governed by functions ρij(x) = Pr(ỹ = j | y = i, x), making visually ambigu-
ous, low-quality, or atypical samples more prone to corruption than prototypi-
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Figure 1.2: Figure borrowed from [151] illustrating the main methods for LNL.

cal ones. As a result, the effective transition behavior becomes input-specific and
cannot be expressed by a single globalmatrix. This significantly complicates both
modeling and learning: the noise structure is latent, data-dependent, and often
entangled with the model’s representation, while errors may concentrate on the
hardest and most informative examples. Consequently, methods designed un-
der the class-conditional assumption tend to degrade under instance-dependent
corruption, motivating the development of approaches that identify unreliable
samples, separate aleatoric uncertainty from label noise, or jointly recover the un-
derlying clean structure during training.

1.5.2 FAMILIES OF ROBUST LEARNINGMETHODS

Existing approaches to LNL can be broadly grouped into five methodological
families, depending on how robustness is incorporated into the learning pro-
cess [151]. At a high level, these families intervene on different components of
the standard supervised learning pipeline: the network architecture, the regular-
ization scheme, the loss function, the per-sample loss contributions, and the ef-
fective training set. While conceptually distinct, they are often combined in prac-
tice (e.g., robust losses with strong data augmentation, or sample selection with
semi-supervised learning), and several recent methods can be viewed as hybrids
that lie at the intersection of these categories [57].

Robust Architecture

Robust-architecture methods explicitly model the label corruption process by
augmenting the classifier with additional components, such as noise adaptation
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layers that map clean label predictions to noisy label distributions [155, 52]. Un-
der the common assumption of class-conditional noise, the adaptation layer im-
plements a parametric surrogate of the transition matrix T, which is typically
learned jointly with the base network and removed at test time. This family in-
cludes variantswith different parameterizations and regularization strategies (e.g.,
fixed-size linear layers, EM-based estimation, or structured constraints) and can
be extended to partially instance-dependent noise by conditioning the transition
parameters on features [184]. Beyond simple adaptation layers, dedicated archi-
tectures have been proposed to better capture complex noise patterns, for ex-
ample by introducing auxiliary networks that explicitly predict noise types or
by constraining the transition structure via human priors or graph-based mod-
ules [56, 190]. These methods aim to decouple representation learning from
noise modeling and provide a principled mechanism to correct predictions, but
they typically rely on strong assumptions about the form of the corruption pro-
cess, can be sensitive to transition-matrix misspecification, and may be hard to
transfer across architectures and datasets.

Robust Regularization

Robust regularization strategies constrain the optimization process to prevent
overfitting tonoisy supervision. Both explicit regularizers and implicitmechanisms—
such as early stopping and data augmentation—have been shown to reducemem-
orization of corrupted labels [97]. Explicit regularization approachesmodify the
training objective or updates, for example via weight decay, dropout, adversarial
training, gradient clipping, or bilevel schemes that regularize parameters using a
small clean validation set [73, 117]. Other works treat label noise as an additional
source of uncertainty and regularize confusion across annotators or pre-train on
large external corpora before fine-tuning onnoisy data [156, 64]. Implicit regular-
ization exploits the stochasticity of SGD, data augmentation, and label smooth-
ing to bias learning toward simpler decision boundaries that fit clean patterns be-
fore fitting noise [129, 198]. Techniques such as mixup or related interpolation-
based augmentations can be interpreted as enforcing local linearity in feature and
label space, thereby smoothing out isolated mislabeled points. In practice, these
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regularizationmechanisms are rarely used in isolation: they are usually combined
with other robustness techniques (e.g., robust losses or sample selection), and
their effectiveness depends on architecture, optimization hyperparameters, and
the severity and structure of the noise.

Robust Loss Functions

An alternative line of work focuses on replacing cross-entropy with loss func-
tions that are inherently more robust to label noise. Examples include mean ab-
solute error and its variants, generalized cross-entropy, symmetric cross-entropy,
bi-tempered losses, and curriculum-inspired surrogates of the 0–1 loss [51, 201,
171, 10, 105]. Many of these constructions are motivated by risk-consistency
analyses showing that, under suitable conditions on the noise process and the
loss (e.g., symmetry conditions or boundedness), minimizing the noisy risk re-
covers the Bayes-optimal classifier for the clean distribution [51]. In particular,
symmetric or bounded losses limit the influence of individual high-loss samples,
thereby preventingmislabeled points fromdominating the gradients; generalized
or bi-tempered cross-entropy interpolates between the optimization-friendly be-
havior of standard cross-entropy and the noise-tolerance of MAE. While attrac-
tive due to their simplicity and compatibility with standard training pipelines, ro-
bust losses may exhibit sensitivity to the noise type, often require careful tuning
of temperature or mixing hyperparameters, and can slow optimization or hurt
performance on clean data if not properly calibrated.

Loss Adjustment and Label Refurbishment

Loss adjustment methods modify per-sample contributions based on estimates
of label reliability, with the goal of making the optimization dynamics them-
selves robust to noise. Loss correction techniques explicitly correct the loss us-
ing an estimated transition matrix [126], either by re-mapping logits through a
forward correction layer or by correcting the loss values via an inverse mapping
(backward correction). Their robustness critically depends on the quality of the
estimated transition matrix, which may require anchor points, held-out clean
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data, or strong identifiability assumptions [64, 182]. Reweighting approaches
down-weight likely noisy samples based on confidence or loss statistics [169, 30],
or learn a parametricweighting function viameta-learning on a small clean valida-
tion set [139, 148]. Label refurbishment methods update training targets using
model predictions, either through soft-label interpolation or confidence-based
relabeling [138, 11]. Recent variants refine the basic bootstrapping idea using
temporally smoothed predictions, mixture models over the loss distribution, or
explicit identification of refurbishable examples that the model predicts consis-
tently over time [106, 150, 34]. Meta-learning approaches further generalize this
idea by treating the loss-adjustment rule itself (weights, corrected labels, or both)
as a learnable component optimized to minimize an auxiliary objective on clean
data [148, 202]. Overall, loss adjustment enables full exploitation of the training
set but may accumulate error when correction or weighting is inaccurate, espe-
cially at high noise rates or under complex instance-dependent corruptions.

Sample Selection andHybridMethods

Sample selectionmethods aim to identify reliable subsets of the training data and
optimize the model primarily on these samples, thereby avoiding explicit correc-
tion of potentially incorrect labels. They are typically motivated by the mem-
orization dynamics of deep networks: DNNs tend to fit easy, correctly labeled
examples first and only later memorize hard or mislabeled instances [12]. This
leads to the widely used “small-loss” heuristic, where low-loss examples in each
mini-batch are treated as clean and retained for training, while high-loss exam-
ples are discarded or deferred [58, 74]. Multi-network approaches such as co-
teaching and its variants leverage agreement or disagreement between peers to
mitigate confirmation bias, letting one network select small-loss samples for the
other [58, 192]. However, aggressive selection may discard informative data and
can fail when loss distributions of clean and noisy samples overlap strongly. To
address this, iterative or multi-round procedures refine the clean set over time,
andhybrid approaches combine selectionwith semi-supervised learning: selected
examples are treated as labeled, and the remaining ones as unlabeled, enabling the
model to exploit all data through consistency or pseudo-labeling objectives [150,
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90, 122]. In practice, state-of-the-art robust training pipelines often sit in this
hybrid regime, integrating sample selection, semi-supervised learning, and addi-
tional regularization or loss-adjustment mechanisms to balance exploration of
noisy data with exploitation of high-confidence supervision.

1.5.3 EXPERIMENTAL PROTOCOLS AND COMMON PRAC-
TICE

Evaluationprotocols for LNL typically rely onbenchmark datasetswith syntheti-
cally injected noise or on real-world datasets with naturally corrupted labels [151].
Standardpractice includes reportingperformanceon clean test sets, varyingnoise
rates and types, averaging results across multiple runs, and carefully controlling
training dynamics through warm-up phases and early stopping.

1.5.4 CONTINUAL LEARNINGUNDERNOISE

Most Continual Learning (CL) formulations assume that the supervision pro-
vided by the data stream is reliable. In realistic deployments, however, labels may
be corruptedbyweak supervision, annotation shortcuts, or automatic harvesting,
and the resulting errors are not i.i.d. over time: the streamcandrift, tasks can over-
lap (blurry boundaries), and the label noise can interact with the rehearsal mech-
anism itself. In this setting, replay may amplify noise because mislabeled samples
can be repeatedly revisited, while online updates performed on contaminated
batches can rapidly destabilize previously acquired decision boundaries. Recent
works that explicitly combine CL with noisy-label learning therefore focus on
two coupled goals: (i) controlling catastrophic forgetting throughmemory-based
or regularization-basedmechanisms, and (ii) preventing thememory and the train-
ing signal frombeingdominatedby corrupted labels throughpurification, robust
objectives, or semi-supervised learning (SSL).

A representative replay-based approach is Self-Purified Replay (SPR) by [80].
The core observation is that standard supervised replay can be brittle when labels
are unreliable, since the model receives contradictory gradients from mislabeled
exemplars stored in memory. SPR addresses this by decoupling representation
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consolidation from noisy supervision using a self-supervised replay component
(Self-Replay), which leverages Self-Supervised Learning (SSL) signals on buffered
(and recent) samples tomitigate forgettingwithout relying exclusively on the pro-
vided labels [80]. A second component (Self-Centered filter) aims to maintain a
purified episodic memory by filtering samples using a centrality-based criterion
constructed via stochastic graph ensembles, with the intent of removing atypi-
cal or suspicious points that are more likely to be mislabeled [80]. Conceptually,
SPR treats buffer purity as a first-class requirement in CL: rather than assuming
stored exemplars are trustworthy, it actively curatesmemory content and reduces
the effect of noisy labels through self-supervised consolidation.

CNLL by [78] follows a related intuition—purify the stream before replay-
like reuse—but emphasizes a lightweight pipeline suited to continual noisy-label
scenarios. CNLL proposes a simple purification step to cleanse the incoming on-
line data, and subsequently performs fine-tuning in a semi-supervised fashion so
that all samples can still contribute: purified samples are treated as labeled, while
the remaining data can be exploited through SSL objectives that do not require
trusting their labels [78]. The resulting design reflects a practical trade-off that ap-
pears repeatedly in noisy-label learning: aggressively discarding suspected noisy
samples can improve purity but reduces data coverage, whereas SSL-style utiliza-
tion of uncertain samples can preserve representation learning signal while limit-
ing the harm of incorrect supervision [78]. Within a CL perspective, CNLL can
be read as an online stream-processing mechanism that continuously separates
more reliable supervision from uncertain data and uses different learning signals
accordingly, rather than applying a single supervised objective to all samples.

A complementary line is developed in Online Continual Learning on a Con-
taminated Data Stream with Blurry Task Boundaries [15]. This work explicitly
considers a task-free, online regime where task identities are unavailable and dis-
tributions change gradually, whichmakes classical task-incremental assumptions
less applicable [15]. The authors argue that, under label noise, episodic memory
must satisfy two competing properties: purity (avoiding corrupted supervision)
anddiversity (covering the evolving data distribution so that replay remains repre-
sentative). To balance these objectives, they propose a unified strategy that com-
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bines label-noise-aware diverse sampling for memory management with robust
learning based on semi-supervised learning to exploit both reliable and unreliable
samples [15]. The emphasis on purity–diversity balance is particularly relevant to
CL,becausememory is simultaneously themechanismused toprevent forgetting
and a potential vector through which noise is repeatedly re-injected; the method
therefore couples memory selection with a robust training rule rather than treat-
ing them as independent components [15].

Finally, CLTR (Continual Learning Time-varying Regularization) frames ro-
bustness to noisy labels through a regularization perspective that explicitly bor-
rows from CL principles [95]. Instead of relying primarily on rehearsal, CLTR
views LNL as a process that benefits from time-dependent control over parame-
ter updates, motivated by the idea that early training may capture more reliable
structure while later stages are more prone to fitting noise [95]. In this sense,
CLTR uses a time-varying regularization mechanism to constrain learning dy-
namics so as to reduce sensitivity to corrupted labels, aiming to better control the
direction and magnitude of updates when noise becomes dominant [95]. This
perspective is aligned with a broader trend: when label reliability changes over
time (either because the stream changes or because the model transitions from
fitting simple patterns to memorizing noise), temporal scheduling of robustness
constraints can be an effective alternative to purely loss-based filtering.

Overall, these works illustrate three recurring design patterns for CL under
noisy supervision: (i) purified replay, where the buffer is actively curated and
replay is supported by self-supervised signals to reduce dependence on noisy la-
bels [80]; (ii) stream purification with SSL utilization, where reliable samples
drive supervisedupdates anduncertain samples contribute through semi-supervised
objectives [78, 15]; and (iii) time-dependent robust constraints, where regulariza-
tion schedules inspired by CL are used to prevent late-stage memorization of
noise [95]. These patterns motivate studying memory purity, selection dynam-
ics, and training signals jointly, since in continual settings themechanism used to
preserve past knowledge can also amplify annotation noise if not explicitly con-
trolled.
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1.6 Model Merging and Task Arithmetic

Pre-trained models are widely adopted as backbones and are often modified af-
ter training to adapt to new tasks, correct undesired behaviors, or incorporate
new information. Beyond standard fine-tuning, a growing line of work studies
how models can be edited or combined directly in weight space. In this context,
task arithmetic and model merging approaches represent a simple yet effective
paradigm, where task-specific changes are encoded as weight differences with re-
spect to a commonpre-trainedmodel and thenmanipulated through linear oper-
ations. Thesemethods enablemodel composition, behavior removal, and knowl-
edge transfer across tasks, often without additional training, and have recently
gained attention as a practical alternative to more traditional adaptation strate-
gies.

Task arithmetic

Standard and Parameter-Efficient (PEFT) fine-tuning have been shown to sup-
port addition/subtraction of task vectors. However, while the evidence in [200,
70] is primarily empirical, we derive theoretical insights about the pre-conditions
for task arithmetic, emphasizing the importanceof staying close to thepre-training
basin. In this respect, our derivations ground previous findings regarding the effi-
cacy of low learning rates [70, 124]. Remarkably, staying within the pre-training
basin has also been proved beneficial in [144] for ensemble learning. The con-
ditions for compositionality are also studied by [124] on linearized networks
(Eq. 4.7). Albeit considering this work inspirational, we see the pros of task arith-
metic in the non-linear regime. Firstly, non-linear models surpass their linearized
counterparts in single-task accuracy, making them more attractive. To reduce
the gap, linearization-aware fine-tuning has to be used [101], contrarily to our ap-
proach that is compatible with the prevalent fine-tuning techniques. Secondly,
linearized inference requires the demanding Jacobian-vector product (three times
slower than a forward pass).
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Ensemble learning

While original model soups [179] combine multiple weights fine-tuned on the
same dataset, we herein managed to unlock running model soups in cross-dataset
incremental settings, with possible returns in terms of forward transfer [102].
The optimization of the whole deep ensemble is also discussed in [72] for stan-
dard ensembles, i.e. averaging the outputs of different models. Their derivation
regards the decomposition of the ensemble loss into the strength of the individ-
ual learners and their diversity. However, [72] use this result to elucidate the
shortcomings of jointly trained deep ensembles, whereas we leverage it to pro-
vide effective regularization for model soups in incremental scenarios. Several
works [91, 92, 145] build an ensemble through a cumulative mean of intermedi-
ate checkpoints sampled along the training trajectory, with benefits in terms of
generalization and preservation of zero-shot pre-training capabilities [203]. Dif-
ferently, [76] maintain a population of models trained with varying configura-
tions (e.g. data augmentations). They also gradually push each weight toward
the population average, thus encouraging alignment across individual models.

Incremental Learning

In addition to the formulations discussed in Section 1.4, namely regularization-
based, replay-based, and architectural approaches, which represent the most es-
tablished paradigms in the literature, there is a growing body of work that ex-
plores methods based on the allocation of new modules [108, 6]. Among the
latter, SEED [143] manages an ensemble of expert networks learned incremen-
tally. SEED stores separate models and combines their outputs. addition, a re-
cent trend capitalizes on prompt-tuning [172, 174, 149], devising a pool of learn-
able prompts. Notably, the extent to which these models support composition-
ality is investigated in [128]. [22] propose À-la-carte Prompt Tuning (APT), an
attentionmechanism that enables the creation of bespoke models by composing
arbitrary prompts.
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NTK-based Incremental learning.

The authors of Tangent Model Composition (TMC) [101] build on the foun-
dational work of [124] to address incremental learning. They enforce task arith-
metic across subsequent tasks through linearization-aware fine-tuning, which en-
tails a first-order Taylor approximation of the output function around θ0. In this
context, each task of TMC is effectively equivalent to training a kernel predic-
tor using the Neural Tangent Kernel (NTK) [71], defined as kNTK(x, x′) =

∇θf(x; θ0)⊤∇θf(x′; θ0). Notably, other recent works [100] have adopted the
NTKframework to tackle incremental learning: e.g.TKIL [183] exploit theNTK
formulation to align representations for current and past tasks.
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May the Forgetting beWith You:

Alternate Replay for Learning with Noisy
Labels

In this chapter, we address the problem of Continual Learning (CL) under
noisy conditions,with aparticular focuson rehearsal-based strategies. Among
other strategies, one prominent one is to interleave examples from the cur-

rent and old tasks (rehearsal). To do so, a small selection of past data is retained
in a memory buffer [161, 32], as in Experience Replay (ER) [136, 141]. The un-
derlying idea is straightforward: by interleaving past samples with new data, the
model is constrained to preserve previously learned decision boundaries. How-
ever, whenmemory capacity is necessarily small, the effectiveness of replay strictly
depends on the buffer content: naive retention strategies may store redundant or
unrepresentative examples and, more critically, enforce noisy supervision. Sev-
eral works have highlighted how low-capacity buffers amplify overfitting [162,
19], while more recent studies emphasize the detrimental impact of noisy anno-
tations in CL [80, 15]. Indeed, noisy labels are an inescapable characteristic of
continual settings, where datamust be annotated on-the-fly under restricted tem-
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Figure 2.1: Training loss of clean and noisy during the second task of Seq. CIFAR-10 with 40%
noise. The loss is computed on examples from the first task stored in thememory buffer. Standard
replay makes the two indistinguishable (left) but alternating epochs of replay and forgetting main-
tain a significant loss separation (right).

poral constraints [185, 88, 94].

To cope with buffer contamination, existing approaches attempt to purify
memory content by identifying clean samples, typically relying on the small-loss
criterion and the memorization effect [12, 59, 74]. However, while effective in
offline learning, such criteria become fragile in incremental settings: since learn-
ing does not restart from scratch but builds upon previously learned representa-
tions, adaptation is faster and the loss separationbetween clean andnoisy samples
quickly collapses [195, 12].

To address this limitation, we adopt a fundamentally different perspective and
deliberately leverage forgetting as a signal rather than a phenomenon to suppress.
Building upon the findings of [157, 107], which show that mislabeled examples
are forgotten more rapidly than clean or informative ones, we exploit forgetting
dynamics to restore loss separability within the memory buffer. Empirically, we
observe that alternately disabling replay induces a sharp increase in loss for noisy
samples, while clean examples remain stable, a gap that persists even when replay
is reactivated due to faster re-adaptation on reliable data [12, 74, 175].

To address this limitation, we adopt a fundamentally different perspective:
rather than treating forgetting solely as a problem to be mitigated, we deliber-
ately leverage it as a signal to detect noisy or unreliable samples in the data stream.
While prior approaches focus on suppressing forgetting, our method exploits it
as a mechanism for identifying data that hinders stable learning. We build upon
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the work of [157, 107], which theoretically demonstrates that mislabeled exam-
ples are quickly forgotten, whereas complex or rare instances tend to be retained
for longer periods or may not be forgotten at all.

The insight driving this Chapter is that forgetting must be exploited strategi-
cally to restore the separability necessary for reliable noise discrimination.

2.1 Problem Setting
We define the Continual Learning framework as the process of learning from
a sequential series of T tasks. During each task t ∈ {0, 1, . . . ,T − 1}, input
samples Xt and their annotations Yt are drawn from an i.i.d. distribution Dt.
We follow the well-established class-incremental scenario [161, 46, 25] in which
Yt−1 ∩Yt = ∅ and at task t the learner fθ is required to distinguish between all
observed classes. In this setting, we must simultaneously address the challenges
posed by both noisy labels Ỹt and the problem of forgetting. Therefore, for a
given instance xi ∈ Dt, we indicate with ỹi ∼ Ỹi the labels corrupted with
annotation noise and with Pr (ỹi ̸= yi) the respective noise rate. Ideally, we wish
to minimize:

θ∗ = argmin
θ

Et

[
E

B∼Dt

[
L(fθ(x), ỹ)

]]
, (2.1)

where L is the cross-entropy loss and B = (x, ỹ). As in CL the objective above
is inaccessible, we leverage a fixed-size bufferM to store and replay part of the
incoming samples. As a result, the generalized objective for rehearsal CL can be
defined as:

θ∗ = argmin
θ

E
B∼Dt

[
L(fθ(x), ỹ)

]
+ LR, (2.2)

where the replay regularization term LR depends on the choice of the replay-
basedmethod. Althoughour approach canbe equally applied to advanced choices
of LR [25, 19, 65, 21] (see Section 2.6), in this work we build upon the simplest
strategy and leverage Experience Replay [136, 141]:

LR = E
(xr,yr)∼M

[
L(fθ(xr), ỹr)

]
. (2.3)
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As the objective in Eq. 2.3 could result in bias accumulation toward the current
task [7], we adopt the asymmetric cross-entropy loss introduced in [27].

2.2 Alternate Experience Replay (AER)
Asmentioned, ourmain focus is on constructing amemory setM that is as clean
and representative as possible. Since this objective involves distinguishing be-
tween noisy and clean examples when populating thememory set, ourmethodol-
ogy seeks to maintain a significant gap between the losses of clean and noisy sam-
ples. To illustrate such a phenomenon, we depict the loss trend of clean andnoisy
samples in a memory buffer produced by a rehearsal baseline (ER-ACE [27]). In
particular, Figure 2.1 (left) shows the loss value sampled during standard train-
ing; differently, in Figure 2.1 (right) we alternatively switch replay regularization
on and off at each epoch. As can be seen, stopping replay has a distinct impact:
while the loss value of clean samples remains low, it hugely increases for misla-
beled ones. We remark that this gap holds even when replay regularization turns
on, as the model easily adapts to clean samples and hence learns them faster [12,
74, 175]. This effect is exacerbated in the popular offline (i.e. multi-epoch) CL
setting [137, 181, 25], where we might be forced to trade-off convergence on the
current task to avoid overfitting the mislabeled samples [195, 12].

To counteract the vanishing effect of the small-loss criterion and encourage
the separation between the losses of noisy and clean samples, our novel method-
ology namedAlternate Experience Replay (AER) induces forgetting of buffer
datapoints. We refer the reader to Algorithm 1 for a summary of the overall pro-
cedure. Specifically, we divide the training epochs for the current task into two
categories: buffer learning andbuffer forgetting epochs. The training process
involves alternating between these two modes of learning.

• Buffer learning. In this regime, we train the model with standard replay
(line 6) as in Eq. 2.2. Importantly, we do not modify the samples stored in
thememory bufferM (no insertion or removal operations are performed).

• Buffer forgetting. In this case (line 8), we omit regularization on the
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,ỹ
)
∈
M
})

▷
co
m
pu

te
as
ym

m
et
ric

sc
or
es
(se
lec
tio
n)

5:
if
ep
oc
h
in
E o

n
th
en

6:
tra

in
on
B
∪
(x
,ỹ
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,ỹ
)
∈
B
:
L
(x
,ỹ
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memory buffer and focus the training exclusively on data from Dt. By
halting regularization and causing the subsequent forgetting of buffer dat-
apoints, the loss of noisy examples is likely to increase more rapidly than
that of clean ones [157, 107]. This, in turn, makes the small-loss criterion
reliable once again (see Figure 2.1, right). On top of that, we updateM
(line 9) through a loss-based selection strategy during these epochs (see Sec-
tion 2.3).

This way, at the end of each buffer forgetting epoch, we get a cleaner version
of the memory buffer. However, cycling between buffer learning and forgetting
could result in the buffer being under-optimized, as it is effectively exploited only
during the former epochs. We avoid this through model checkpointing: specifi-
cally, at the start of each forgetting epoch, we save the parameters of the model
fθ (line 12) and restore them at the end of the same epoch (line 2). While this op-
tion results in the model being optimized for only half of the epochs, we prove
in Section 2.5 that the trade-off significantly enhances the final accuracy of the
model.

2.3 Asymmetric Balanced Sampling (ABS)
In this section, we outline the sampling strategy used to insert anddelete examples
into and from the memory buffer during each buffer forgetting epoch.

2.3.1 SAMPLE INSERTION

Given a batch of dataB from the current task, the first step is to determinewhich
examples should be included in the buffer. To encourage the inclusion of clean
examples, we exploit the memorization effect and employ a simple criterion that
involves applying a threshold to the loss value. Formally, let α denote the per-
centage of samples within the current batch that we intend to exclude from the
insertion procedure, we compute:

R = {(x, ỹ) ∈ B : L(x, ỹ) < Lα} (2.4)
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where Lα is the loss value at the α-th percentile of the loss distribution over B.
For our experiments, we set α to 75, thus discarding the 75% of samples with the
highest loss and treating the remaining 25% as candidates to be inserted in the
buffer (lines 9-10 of Algorithm 1).

2.3.2 SAMPLE SELECTION

We approach the selection process by sampling from a probability distribution
p(x) defined over all exemplars ∀x ∈M in the buffer. Tomodel such a distribu-
tion, as carried out by most methods [26, 14, 15], we leverage the score s(x) =

L(x, y) ≥ 0 given by the loss function. It is noted that a valid distribution
can be then obtained by normalizing these scores, such that p(x) = s(x)

Z where
Z =

∑
x∈M s(x). We refer to this strategy as Loss-Aware Symmetric Sam-

pling (LASS). In LASS, examples with higher loss are more likely to be replaced,
leading to a memory buffer that maintains greater purity.

However, we argue that a replacement criterion based on loss value like LASS
could be detrimental in terms of diversity, as it discourages the retention of
complex yet clean samples into the memory buffer. Intuitively, high loss val-
ues correspond to examples near the decision boundary between two or more
classes [9, 26, 14]; therefore, these examples feature visual patterns that are het-
erogeneous and peculiar of distinct (but similar) classes, rendering them more
varied than those lying on the mode of the data distribution. It is worth not-
ing that high-loss examples have also been found beneficial in standard continual
learning scenarios, as demonstrated by the authors of [26]. They showed that
considering examples with high loss provides a simple yet effective criterion for
modelling their importance during replay.

In light of this, we propose a novel replacement strategy called Asymmetric
Balanced Sampling (ABS, see Figure 2.2) that looks for a compromise between
two contrasting objectives. Namely, it aims to ensure the inclusion of both ii)
high-loss (i.e., complex) samples from the past and i) small-loss (i.e., clean) sam-
ples from the present. To do so, it builds upon an asymmetric score (line 4) that
is different depending on whether a given example in thememory buffer belongs
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to a past task or the current one. Specifically, to select which examples should be
replaced:

• Case a). If the example is from the current task, we remain uncertain about the
correctness of its label. Therefore, we continue to use the small-loss criterion,
assigning a higher removal probability to examples with higher loss.

• Case b). If the example is from the old tasks, based on both Amnesic Replay
and the insertion policy, we trust its label. Indeed, if the example were misla-
beled, it would have already been discarded under the clause a). Therefore, for
these examples, we reverse the small-loss criterion, preferring to retain those
with higher loss (associated with higher diversity, see below).

Formally, for each x ∈ M, we use the score s(x) in Eq. 2.5, i.e. is equal to
the loss L(x, ỹ) if the example comes from the current stream of data Dt (as in
LASS). Conversely, to encourage diversity, the criterion is reversed for examples
from past tasksD<t, with the score being equal to−L(x, ỹ).

s(x) =

L(x, ỹ), if (x, ỹ) ∼ Dt

−L(x, ỹ), if (x, ỹ) ∼ D<t
(2.5)

By taking this approach, we accept that a few mislabeled examples from past
tasks might remain in the memory buffer. However, given the joint effect of the
insertion policy and the LASS-like side of the replacement criterion – both of
which tend to favor purity among examples from the current task – we can be
cautiously optimistic that the examples from past tasks are correctly annotated
(see Section 2.6 for an empirical analysis) and derive that high-loss items from ear-
lier tasks are more likely to be informative outliers rather than mislabeled noisy
samples. Finally, to achieve a balanced representation of both current and previ-
ous tasks in the memory buffer, we decide whether to replace a sample from the
current or previous task based on their relative sizes. Considering |Mcur| as the
number of samples from the current task inM, we define a Bernoulli distribu-
tionwith probability |Mcur|

|M| , where a success corresponds to sampling fromMcur.
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This approach ensures that the likelihood of replacing a sample is proportional
to the current task’s sample size within the entire memory buffer.

2.3.3 MOREDETAILS ONTHEABS PROCEDURE

When determining which instances to exclude from the buffer during its update,
we adopt different sampling strategies for either past or current task samples, us-
ing s(x) to prioritize the release of those with higher score. In detail, such a
process involves two separate phases:

1. Achieving a balanced buffer.To ensure a balance between current and past
tasks in terms of the number of samples inside the buffer, we compute the
ratio of such samples in the buffer, respectively rcurr = Mcurr

M and rpast =
Mpast
M , where rcurr + rpast = 1. We can define the quantity q = rcurr (thus

1− q = rpast) and later use this as the probability of replacing a sample from
respectively the current task (q) or past tasks (1− q):

• If the buffer contains a lot of samples from the current task, q will be high,
so we are more likely to pick – for replacement – samples from the current
task.

• If the buffer contains few samples from the current task q will be low (and
1 − q will be high), so we’re more likely to replace samples from the past
tasks.

Formally, this corresponds to sampling from a binomial distribution φ with
probability q to determine whether to replace a sample from the present or
the past, see Eq. 2.7, ensuring a balance between the two groups.

2. Prioritizing replacement of high-score samples. During the ongoing op-
timization process, the buffer might still contain erroneous labels for samples
belonging to the current task. Among these samples, we want to discard
the ones most likely to be noisy (high-loss) – Case a) of Section 2.3.2. On
the other hand, based on our buffer insertion policy combined with AER
– as mentioned in clause Case b) of Section 2.3.2 –, and by looking at the
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results of Section 2.6 and our previous work [118], we can assume that at
the end of each task we are able to clean the buffer for current samples thor-
oughly. Therefore, on the subsequent tasks, among these clean samples com-
ing from the old completed tasks, we want to retain the most complex inside
the buffer (high-loss). We thus define the following normalized probabili-
ties (Eq. 2.6):

pcurr(x) =
s(x)
zcurr

with zcurr =
∑

x∈Mcurr
s(x)

ppast(x) =
s(x)
zpast

with zpast =
∑

x∈Mpast
s(x)

(2.6)

Overall, when updating the buffer, we sample elements to be replaced from
the following distribution:

p(x) = φpcurr(x) + (1− φ)ppast(x). (2.7)

In summary, if phase 1. determines that we need to replace a sample from the
current task, the sampling will prioritize replacing items with low-loss, guided
by pcurr. Conversely, if a sample from a past task needs replacement, it will be
sampled with probability ppast, thus prioritizing the release of high-loss samples.

2.4 Buffer Consolidation
To further reduce label noise, the bufferM is consolidated at the end of each
task by applying a semi-supervised refinement inspired byMixMatch [17]. While
AER and ABS together balance sample purity and complexity preservation, loss-
based filtering alone may discard informative yet hard examples, especially un-
der high noise rates. Consolidation selectively leverages confident buffered sam-
ples as labeled supervision, whereas uncertain ones are treated as unlabeled. Let
u(x) denote the uncertainty of a buffered example: low‐uncertainty samples con-
tribute strongly with their (possibly noisy) labels, while uncertain ones rely more
on model-driven guidance. Specifically, pseudo-labels are obtained by averag-
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ing predictions over stochastic augmentations, and then combined with ỹ in an
uncertainty-weighted manner:

ŷ =
u(x)ỹ

1+ u(x)
+

1
1+ u(x)

· 1
η

η∑
i=1

fθ(Ai(x)). (2.8)

This dual correctionmechanismmitigates brittle decisionboundaries in presence
of severe noise, enabling robust supervision extraction from partially corrupted
buffers without discarding valuable information.

2.5 Experiments

Datasets and noise settings.We conduct experiments on five distinct datasets
and various levels of noise. Specifically, we use the Seq. CIFAR-100dataset [83],
which contains 32 × 32 images from 100 categories, split into 10 tasks, and the
Seq. NTU RGB+D [147] dataset for 3D skeleton-based human action recogni-
tion, featuring 60 classes divided into 6 tasks. On these datasets, we inject two
types of synthetic noise commonly employed in literature [89, 74, 59]: symmet-
ric and asymmetric noise. In the first scenario, we replace the ground-truth la-
bel with probability r ∈ [0, 1] determined by the designated noise rate. The
asymmetric or class-dependent noise setting, instead, is an approximation of real-
world corruption patterns, altering labels within the same superclass as in [126,
201]. To further address real-world label noise, we evaluate our method on Seq.
Food-101N [88] (5 tasks), composed of images gathered from the web, thus con-
taining instance-level annotation noise. Additionally, ResNet18 [60] is used for
Seq. CIFAR-100 with 50 epochs per task, ResNet34 [60] for Food-101N with
20 epochs, and EfficientGCN-B0 [152] for Seq. NTU-60 with 30 epochs.

Benchmarking. In line with notable CLworks [137, 65, 181, 14, 20, 116, 48], we
adhere to a class-incremental andmulti-epoch setting, in which samples can be
experienced multiple times within the respective task. The results are presented
in terms of FAA, computed at the end of the last task. All results are averaged
across 5 runs.

42



222

2.5. Experiments

Table 2.1: Final Average Accuracy (FAA) [↑] on multiple datasets and noise rates.
† Additional baselines adapted to the multi-epoch scenario.

Benchmark Seq. CIFAR-100 Seq. NTU-60
symm asymm symm

Noise rate 20 40 60 20 40 20 40
Joint 54.77± 0.61 38.46± 0.92 23.36± 1.09 56.70± 0.57 42.61± 0.92 68.26± 0.69 63.02± 0.88

Finetune 08.65± 0.13 07.55± 0.14 06.15± 0.17 07.78± 0.14 05.73± 0.09 14.30± 0.51 11.73± 1.07

ER [164] 25.14± 0.28 14.64± 0.23 8.92± 0.23 29.42± 0.39 18.91± 0.86 29.95± 2.16 16.02± 0.27

+ CoTeaching [59] 25.79± 0.61 14.46± 0.49 8.92± 0.30 32.18± 2.55 20.76± 2.44 43.87± 0.78 30.71± 1.86

+DivideMix [89] 33.31± 0.27 22.91± 0.43 13.58± 1.0.2 36.98± 0.78 26.10± 1.10 40.92± 0.97 32.07± 1.73

GDumb [132] 16.96± 0.61 11.31± 0.45 7.62± 0.28 17.25± 0.28 11.75± 0.06 11.34± 0.21 6.86± 0.86

+ CoTeaching [59] 17.02± 0.50 13.17± 0.31 8.17± 0.99 17.07± 0.54 12.05± 0.62 12.37± 2.04 8.82± 0.51

+DivideMix [89] 19.26± 0.97 15.67± 0.97 10.51± 0.32 18.80± 1.55 13.29± 0.29 15.96± 1.16 7.49± 1.11

PuriDivER [15] 27.53± 0.53 24.36± 0.40 17.81± 0.43 25.46± 1.44 18.84± 0.64 39.33± 1.59 38.86± 0.79

PuriDivER.ME† 41.25± 0.63 37.61± 0.85 27.18± 0.76 41.65± 0.49 30.22± 0.74 43.10± 1.11 38.07± 1.06

OURs 44.34± 0.48 38.64± 0.57 26.34± 0.85 41.24± 0.40 29.26± 0.91 47.71± 0.89 43.11± 2.12

w. consolidation 46.11± 1.46 40.27± 0.40 34.81± 1.63 43.67± 0.73 32.64± 0.48 48.73± 1.20 45.19± 0.05

Wecompare againstPuriDivER[15], the current state-of-the-art selection strat-
egy for CLN, as well as common rehearsal CL baselines. For the latter, we fol-
low [15] and apply both CoTeaching [59] and DivideMix [89] to consolidate
the buffer of ER [141, 136] and GDumb [132]. Since current CLN methods
are designed for the online setting (i.e. a single training epoch is allowed), a di-
rect comparison would be problematic: based on Section 2.2, we hence refine
PuriDivER by suspending memory updates after the first epoch, naming such
method as PuriDivER.ME. We also compare with SPR [80] and CNLL [78],
adapted for offline CLN and with the same overall memory budget for fairness.
Given the huge computational demands of SPR andCNLL, evaluating them on
complex datasets like CIFAR-100 and NTU proved impractical: hence, we em-
ploy the smaller Seq. CIFAR-10 dataset (5 tasks).

Finally, the upper bound is attained by training jointly on all tasks (Joint),
while the lower bound is attained by training without any countermeasure to
forgetting or noise (Finetune).
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Table 2.2: Comparison with SPR and CNLL.
‡training iterations spread across epochs.

Seq. CIFAR-10 – 40% symm
Buffer size (total) 2500 unlimited
CNLL 1 epoch 38.14 57.26
CNLL 50 epochs 35.46 43.43
OURs 50 epochs 67.10 76.83
Buffer size (total) 1000
SPR‡ 25 epochs 26.34
OURs 25 epochs 63.65

Table 2.3: Ablation study for each component
of our proposal – 60 % symmetric noise.

Seq. CIFAR-100 – 60% symm
ER w. ACE α AER ABS FAA
3 3 11.65
3 3 3 19.97
3 3 3 3 24.19
3 3 3 3 21.68
3 3 3 3 3 26.34
3 3 3 3 22.02

2.5.1 COMPARISONWITH STATE-OF-THE-ART

The results of our main evaluation are presented in Section 2.5. To streamline
the discussion, we first compare our approach with traditional continual learn-
ing baselines, followed by an analysis of methods designed for continual learning
under noisy labels (e.g. PuriDivER).

Comparisonwith rehearsal baselines.AsoutlinedbySection2.5, the approaches
relying solely on buffer consolidation – such as ER and GDumb – are poorly ef-
fective, especially as noise levels rise. RegardingGDumb, its training phase is lim-
ited to the content of the memory buffer, preventing it from utilizing the data
variety available throughout the task. This limitation is also evident from the
comparison with standard ER, which consistently outperforms GDumb when
noise levels are low. These outcomes highlight the benefits of performing multi-
ple training iterations. However, this advantage turns into a double-edged sword
as the stream becomes noisier, leading to a significant drop in performance.

ComparisonwithCNLmethods.Firstly, wehighlight the substantial improve-
ment achieved by our adapted PuriDivER.ME, which outperforms PuriDivER
by an average of 8.36%. Both versions perform buffer consolidation [15] at the
end of each CL task; however, PuriDivER relies on a model trained over mul-
tiple epochs, which leads to the degradation of the small-loss criterion, an issue
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Table 2.4: Performances [↑] of our method and main competitor on a real-world
noisy dataset.

Benchmark Food-101N
Joint 39.91±1.05
PuriDivER.ME 28.62±0.85
OURs 29.86±1.18
w. buffer fit. 34.79±0.64

Noise 20% Noise 40% Noise 60%
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Figure 2.3: FAA ([↑]) of DER++with our method and buffer fitting.

outlined in Section 2.2. Moreover, both PuriDivER.ME and ER + DivideMix
are consistently surpassed by our proposal. In particular, we measure an average
1.50% gain over the best competitor’s performance without any buffer consoli-
dation, suggesting that our proposal improves the purity and diversity of samples
in the buffer. However, as the sample selection is not perfect, applying an addi-
tional buffer consolidation technique tends to bemore effective inmore complex
noise scenarios, with an average improvement of 4.71%.

We conduct additional comparisons with CNLL and SPR (Table 2.2) and
PuriDivER.ME (Table 2.4). For the latter, we adopt the more realistic Food-
101Ndataset (i.e., images collected fromthewebandautomatically labeled). Even
in these scenarios, our approach remains superior, both with and without buffer
consolidation. We remark that these considerable gains come with a remarkable
speed-up in terms of both time and resources used (see supplementarymaterials),
making it more suitable for a multi-epoch incremental scenario.
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Table 2.5: Comparison ofComputationalCost [↓] of differentmethodswhen trained onCIFAR-
10 with 40% noise.

Computational Cost PuriDivER PuriDivER.ME OURs

Total Time (hours) 5h15m 2h50m 1h30m
Epoch Time (seconds) 76.90s 15.69s 18.56s
Task Time (minutes) 73m50s 19m39s 16m33s
Memory Used (GB) 7.77 7.50 6.75

Additional details on SPR and CNLL

In the main paper we provide a comparison between our proposal and SPR and
CNLL. Nevertheless, as these methods were originally designed for the single-
epoch setting, we had to design specific adjustments to make them viable for our
scenario.

SPR initially stores samples in a delayed buffer – then splits into clean and
noisy sets, with the former stored in a separate long-term buffer – and then opti-
mizes themodel for approximately 7,000 training iterations through a self-supervised
(SSL) objective. This implies that SPR involves approximately 448× iterations
than standard training*, making it unfeasible for our scenario due to time con-
straints. Indeed, while on CIFAR-10 our method takes around 16 minutes to
complete 1 task (Table 2.5), SPR would require over 119 hours. We thus opt to
distribute the training iterations of SPR across 25 epochs (see Table 2.2). Finally,
as SPR employs two distinct memory buffers, we set the buffer size to 1000 for a
fair comparison.

CNLL uses variable-length buffers to store confident clean and noisy sam-
ples, which implies a CL setting with unrestricted memory across tasks. To en-
sure fairness in comparison, we adhere to the well-establishedmemory-budgeted
CL [32, 161, 25] setting. Thus, for CNLL we allocate a total memory budget of
2,500 exemplars across all 5 buffers specified by the original method.

Aswemove from the single tomulti-epoch setting, we find a reduced effective-

*assuming a buffer size of 500, batch size of 32, and 10,000 samples
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ness of the regularization of CNLL; such a result is in line with our hypothesis
of Section 2.2: as more epochs are allowed to learn the current task, sample selec-
tion based on the small-loss criterion fails to distinguish clean and noisy samples.
Moreover, we find that such an outcome is maintained even in an unrestricted
setting, where the memory budget is not a concern.

Finally, the performance gap w.r.t. our proposal is even more pronounced for
SPR‡, where ourmethod attains significantly higher accuracy in considerably less
time; indeed, our reduced version of SPR requires around 109×more time than
our proposal, in line with our estimation.

2.5.2 TRAININGDETAILS

To evaluate our proposal we build upon the open-source codebase provided by
Mammoth [25, 27, 20], a CL framework based on PyTorch.

On the choice of datasets and noise

We empirically validate our method on four different classification benchmarks
as mentioned in the main paper. For experiments on CIFAR-10/100 [83] and
NTU-60 [147], we corrupt the labels of the datasets at hand to obtain different
noise configurations, which we then keep fixed for each of the experiments for
fairness of results comparison across multiple methods.

In the process of injecting symmetric noise, we replace the ground-truth label
with probability r ∈ [0, 1] determined by the designated noise rate. The asym-
metric or class-dependent noise setting is an approximation of real-world corrup-
tion patterns, which alters labels within the same superclass. For example, in the
CIFAR-100 dataset, each image comes with a ”fine” label (specific class) and a
”coarse” label (superclass). Here, label transitions are parameterized by r such
that the wrong class and true class have probability r and 1− r, respectively. This
results in sample ambiguity occurring only between similar classes, as it would in
a realistic scenario.

In each experiment, samples from the main dataset are split into disjoint sets
based on their class and organized into tasks, following the ClassIL setup. We
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obtain the following versions of the datasets.
Seq. CIFAR-10The original dataset contains 50, 000 train and 10, 000 test low-
resolution color images in 10 different classes. During training themodel encoun-
ters 2 classes per task, namely (“airplane”, “car”), (“bird”, “cat”), (“deer”, “dog”),
(“frog”, “horse”), (“ship”, “truck”).
Seq. CIFAR-100 This original dataset is like the CIFAR-10, except it has 100
classes with 600 images each. Images are grouped into 20 superclasses, thus each
image comeswith a ”fine” label (the class towhich it belongs) and a ”coarse” label
(the superclass to which it belongs). Following this categorization, we organize
classes in 10 tasks, each containing 5 classes from the same superclass.
Seq. NTU-60 It comprises 60 action classes with 56,880 video samples, includ-
ing 3D skeletal data (25 body joints per frame), all captured simultaneously using
three Kinect V2 cameras. We here split the dataset into 6 tasks of 10 classes each.
Seq. Food-101N The dataset is composed of 101 web-crawled food images, split
into 5 tasks (the first 4 containing 20 classes and the latter containing the remain-
ing 21). Each class is relatively balanced, with an average of around 523 images
per class and a standard deviation of around 11 (totaling 52867 images resized
to 224 × 224). The dataset contains instance-level noise, thus simulating a real-
world scenario.

Notice that since some labels are incorrect, real class distribution for each task
might vary. Details on the noisy labels injected on Seq. CIFAR-10/100, Seq.
NTU-60 are released with the code.
ArchitectureWe use ResNet [60] family as a backbone for all the methods in-
volved in our evaluation. ResNet18 is used for CIFAR-10/100 and ResNet34 is
used for Food-101N, as in [15]. All the experiments do not feature pretraining.
AugmentationWe apply random crops and horizontal flips to both stream and
buffer examples, for eachdataset at hand. For the implementationsofPuriDivER,
we use AutoAugment [39] as in the original paper [15].
Training We deliberately hold batch size out of the hyperparameter space and
keep it fixed to 32 for both stream and buffer examples. For each task, we train
for 50 epochs for CIFAR-10/100, and 20 for Food-101N.
Buffer consolidation with MixMatch At the end of each task, we finetune
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the model on the buffer examples only, for 255 epochs. During this stage, we use
SGD with Warm Restart (SGDR) through Cosine Annealing and a batch size
of 64. For the purpose of label co-refinement, we set the number of different
augmentations η of Eq. 2.10 to perform on the samples in the uncertain set to 3.

HyperparametersWe choose to use different buffer sizes relying on the dataset
length. For experiments conducted on CIFAR-10 and CIFAR-100, the buffer
size is set to 500 and 2000, respectively. We set the buffer size to 500 for experi-
ments on NTU. Finally, we use a buffer size of 2000 for Food-101.

Table 2.6: Hyperparameters used for CIFAR-10 under symmetric label noise.

CIFAR-10 20% 40% 60%

Joint / SGD lr = 0.03 lr = 0.03 lr = 0.03
OURs lr = 0.03 lr = 0.03 lr = 0.03
+ consolidation lr = 0.03, lrc = 0.1, λu = 0.01 lr = 0.03, lrc = 0.1, λu = 0.01 lr = 0.03, lrc = 0.1, λu = 0.01

ER lr = 0.1, lrb = 0.05 lr = 0.1, lrb = 0.05 lr = 0.1, lrb = 0.1
+ CoTeaching lr = 0.1, lrb = 0.05 lr = 0.03, lrb = 0.05 lr = 0.1, lrb = 0.05
+ DivideMix lr = 0.1, lrb = 0.05 lr = 0.03, lrb = 0.05 lr = 0.1, lrb = 0.05

PuriDivER lr = 0.001, lrb = 0.05, α = 0.1 lr = 0.001, lrb = 0.05, α = 0.1 lr = 0.001, lrb = 0.05, α = 0.1
PuriDivER.ME lr = 0.03, lrb = 0.05, α = 0.1 lr = 0.03, lrb = 0.05, α = 0.1 lr = 0.03, lrb = 0.05, α = 0.1
GDumb lrb = 0.1 lrb = 0.03 lrb = 0.03
+ CoTeaching lrb = 0.01 lrb = 0.03 lrb = 0.03
+ DivideMix lrb = 0.03 lrb = 0.03 lrb = 0.01

Table 2.7: Hyperparameters used for CIFAR-100 under symmetric label noise.

CIFAR-100 20% 40% 60%

Joint/SGD lr = 0.03 lr = 0.03 lr = 0.03
OURs lr = 0.03 lr = 0.03 lr = 0.03

+ consolidation lr = 0.03, lrc = 0.05, λu = 0.01 lr = 0.03, lrc = 0.1, λu = 0.1 lr = 0.03, lrc = 0.1, λu = 0.1
DividERMix lr = 0.03 — —
ER lr = 0.03, lrb = 0.05 lr = 0.03, lrb = 0.05 lr = 0.03, lrb = 0.05

+ CoTeaching lr = 0.03, lrb = 0.05 lr = 0.03, lrb = 0.05 lr = 0.03, lrb = 0.05
+ DivideMix lr = 0.1, lrb = 0.01 lr = 0.1, lrb = 0.05 lr = 0.03, lrb = 0.05

PuriDivER lr = 0.001, lrb = 0.05, α = 0.1 lr = 0.001, lrb = 0.05, α = 0.1 lr = 0.001, lrb = 0.05, α = 0.1
PuriDivER.ME lr = 0.03, lrb = 0.05, α = 0.1 lr = 0.03, lrb = 0.05, α = 0.1 lr = 0.03, lrb = 0.05, α = 0.1
GDumb lrb = 0.05 lrb = 0.05 lrb = 0.05

+ CoTeaching lrb = 0.05 lrb = 0.05 lrb = 0.05
+ DivideMix lrb = 0.05 lrb = 0.05 lrb = 0.05

We select the other hyperparameters by performing a grid search and using
the FAA as the selection criterion for the best parameters. In Tables 2.6 to 2.9 we
report the best values for each model, categorized by dataset and noise type.
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Table 2.8: Hyperparameters used for CIFAR-100 under asymmetric label noise.

CIFAR-100 20% 40%

Joint/SGD lr = 0.03 lr = 0.03
OURs lr = 0.03 lr = 0.03
+ buffer fit lr = 0.03, lrb = 0.05 —
+ consolidation lr = 0.03, lrc = 0.05, λu = 0.005 lr = 0.1, lrc = 0.05, λu = 0.1

ER lr = 0.03, lrb = 0.05 lr = 0.03, lrb = 0.05
+ CoTeaching lr = 0.03, lrb = 0.05 lr = 0.03, lrb = 0.05
+ DivideMix lr = 0.03, lrb = 0.01 lr = 0.1, lrb = 0.01

PuriDivER lr = 0.001, lrb = 0.05, α = 0.1 lr = 0.001, lrb = 0.05, α = 0.1
PuriDivER.ME lr = 0.03, lrb = 0.05, α = 0.1 lr = 0.03, lrb = 0.05, α = 0.1
GDumb lrb = 0.05 lrb = 0.05

+ CoTeaching lrb = 0.05 lrb = 0.05
+ DivideMix lrb = 0.1 lrb = 0.1

Table 2.9: Hyperparameters used for NTURGB-D under symmetric label noise.

NTU RGB-D 20% 40%

Joint lr = 0.1 lr = 0.1
SGD lr = 0.1 lr = 0.03
OURs lr = 0.1 lr = 0.1

+ consolidation lr = 0.1, lrb = 0.1, λr = 0.01 lr = 0.1, lrb = 0.1, λr = 0.01
DividERMix lr = 0.03 —
ER lr = 0.03, lrb = 0.05 lr = 0.03, lrb = 0.05
+ CoTeaching lr = 0.1, lrb = 0.05 lr = 0.1, lrb = 0.05
+ DivideMix lr = 0.1, lrb = 0.05 lr = 0.1, lrb = 0.05

PuriDivER lr = 0.3, lrb = 0.05, α = 0.1 lr = 0.3, lrb = 0.05, α = 0.1
PuriDivER.ME lr = 0.03, lrb = 0.05, α = 0.1 lr = 0.03, lrb = 0.05, α = 0.1
GDumb lrb = 0.03 lrb = 0.1

+ CoTeaching lrb = 0.1 lrb = 0.1
+ DivideMix lrb = 0.3 lrb = 0.03

2.5.3 RESULTS IN TERMSOF FINAL FORGETTING

We repeat each of the experiments five times. We report in Section 2.5 of the
main paper the Final Average Accuracy for all the experiments, with standard
error values.

We also provide the final forgetting measure in Eq. 2.9 for all methods of the
main comparison in Table 2.10.

FF ≜ 1
T− 1

T−2∑
j=0

fj, s.t.fj = max
t∈0,...,T−2

atj − aT−1
j (2.9)
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Table 2.10: Final Forgetting (FF) [↓]ofCNLmethods onour selectionof bencharks. †Additional
baselines created by adapting existing loss-based and CL approaches to the multi-epoch scenario.

Benchmark Seq. CIFAR-100 Seq. NTU-60

symm asymm symm
Noise rate 20 40 60 20 40 20 40
Joint 7 7 7 7 7 7 7
Finetune 81.52 71.51 57.96 73.91 54.71 85.09 73.46
Reservoir 55.88 55.79 44.90 43.48 35.22 54.53 61.33
+ CoTeaching 55.20 54.95 36.07 54.77 26.03 34.30 29.03
+DivideMix 22.33 26.73 20.94 23.45 16.73 18.45 18.70
PuriDivER 20.52 18.21 14.77 22.51 17.26 41.29 34.25
PuriDivER.ME† 24.34 25.06 26.83 25.40 21.82 25.76 18.41
OURs 22.89 21.26 22.13 21.19 16.90 12.94 14.05
w. consolidation 19.03 11.67 12.02 20.15 9.28 8.54 0.29

whereatj is the accuracy of themodel on the jth task after training on t tasks. These
additional results depict a lower degree of forgetting of our proposal w.r.t. the
baselines.

When paired with Section 2.5 of the manuscript, such evidence shows higher
overall effectiveness in learning from a noisy source of data, allowing more stable
convergence on the current task and lower losses due to forgetting.

2.6 Model analysis

2.6.1 ABLATIVE STUDIES

We herein aim to investigate the impact of each component. Starting from the
base rehearsal method used in our research, i.e. ER-ACE [27], we gradually in-
troduce our twomain contributions, AER andABS, one at a time. As seen from
the results in Table 2.3, each additional feature produces an increase in perfor-
mance on Seq. CIFAR-100. For an in-depth analysis of the effects of the asym-
metric cross-entropy loss function (ACE),we compare against the standard cross-
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Figure 2.4: Final buffer composition at the end of training. Radar plots show purity (left) and
diversity (right) across CIFAR-10 classes (C1 − C10) for three different methods.

entropy (i.e. ER in Table 2.3). The results indicate that the contribution of ACE
is significant, aligning with both [27] and our initial expectations.

Purity of the buffer

Considering Seq. CIFAR-10 (40% noise), Figure 2.4 depicts the purity and the
diversity of the buffer produced by ABS, PuriDivER.ME, and LASS. For each
class, purity is defined as the percentage of examples labeled correctly for that
class within the memory buffer. Instead, we model diversity as the intra-class
variation within each class, thereby computing the average std. deviation of the
features produced by the Joint ideal model. Finally, we scale all metrics according
to their occurrence rate to account for potential imbalances in the number of
examples fromdifferent classes. As shown inFigure 2.4, ABS clearly outperforms
both LASS and PuriDivER.ME in terms of purity and diversity. Unexpectedly,
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2.6. Model analysis

LASS yields a particularly unbalanced buffer, with only the most recent classes
showing a good balance. In contrast, PuriDivER.ME achieves better balance but
falls short in terms of purity.

Applicability to other methods

To evaluate whether AER/ABS can enhance other rehearsal methods, we apply
them on DER++ [25] and conduct tests on Seq. CIFAR-100. We also report
the results with and without the consolidation phase (Section 2.5.1). The gains
shown in Figure 2.3 support the validity of our AER/ABS on enhancing other
CL baselines.

2.6.2 ADDITIONALRESULTS

In this Section,weprovide: i)details about the experimental settings, the adapted
baselines, noise injection process and hyperparameters, ii) the evaluation of Final
Forgetting (FF), iii) an analysis of the computational costs, iv) an evaluation of
the speed at which the model learns the noisy data, v) a sensitivity analysis con-
ducted on the hyperparameter α, which controls the purity within the sample
insertion strategy.

On the effectiveness of buffer consolidation

By combining AERwith ABS we obtain a balance between purity – for samples
of the current task – while preserving the complexity of those from the past. To
achieve this, the backbone network had to be trained on a stream of noisy data.
While we find that the effect of noise from the current task is mitigated by AER
(Section 2.6.2), we can further reduce its influence with the help of the memory
buffer.

In principle, with an ideal sample selection strategy we could simply train on
samples fromM to adjust the predictions of the network at the end of the task in
a fully-supervised fashion (buffer fit.). While we empirically find in Section 2.5
that such a strategy delivers remarkable results, we can refine it to handle more
complex noise scenarios.
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In particular, we use a modified version of MixMatch [17] to obtain a more
robust model, using the most uncertain samples as a source for unlabeled data.
Similarly to [11], we fit a two-componentGaussianMixtureModel (GMM) g(L)
on the lossL of each (x, ỹ) ∈M. Then, we compute the perceived uncertainty
of each sample u(x) as the posterior g(l|L), where l indicates the Gaussian com-
ponent with the smaller mean. Samples are then separated into pure P and un-
certain U with a simple threshold on g(l|L).

From this, samples in P have label ỹ ≈ y, thus we can use them to compute
a supervised loss term. Instead, for x ∈ U we compute ŷ using the model’s re-
sponse on different augmentations T of x:

ŷ = u(x)ỹ+
1− u(x)

η

η∑
i=1

fθ(T(x)), (2.10)

Finally, we obtain the refined setQ = {(x, ŷ) : (x, ỹ) ∈ U} and follow up
with theMixMatchprocedure to compute the supervised and self-supervised loss
terms Ls and Lu respectively. The overall loss term is computed as Ls + λuLu,
where λu is a regularization hyperparameter.

On the influence of the hyperparameter α

We want to carry out a sensitivity analysis targeting the value of α. Recall that al-
pha controls the proportion of samples to be discarded from the insertion phase
within the buffer. We here report the results yielded by several α values under
three different noise settings (asymm. 40%, symm. 40%, symm. 60%). The ex-
periments, reported in Table 2.11, are conducted on Split CIFAR-100, with per-
formancemeasured in terms of Final Average Accuracy. It can be concluded that
α >= 50% is a good choice, with gains that stabilize around 60% − 90%. In
our experiments, we remark that we avoided tuning α and set the same value for
every dataset/noise ratio/noise type.
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2.7. Conclusion

Table 2.11: FAA [↑] on CIFAR100 with varying noise to assess the influence of α

CIFAR-100 Parameter α
0% 25% 50% 60% 75% 90%

Asym 40% 24.76 26.69 28.76 29.70 29.26 29.90
Sym 40% 27.01 31.99 36.92 38.52 38.64 39.40
Sym 60% 15.30 17.35 20.74 24.61 26.34 30.67
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Figure 2.5: Effect of AER on the speed at which the model learns the noisy data

On the effectiveness of AER as a regularizer for CNL

Here, we further provide evidence of the impact of AER on the overall perfor-
mance of the model. In particular, in Figure 2.5 we depict the final accuracy
(FAA) and the loss of the noisy samples from the current task of ER-ACE with
and without AER during the second task of Split CIFAR-10.

Surprisingly, we find that AER vastly reduces the rate of convergence of noisy
samples, which just by itself improves over the baseline in terms of FAA. Indeed,
in rehearsal CNL providing a purified and diverse set of examples to counter for-
getting is only part of the challenge: as the model is subjected to a continuous
stream of noisy data from the current task, an important effect is to reduce the
speed with which noisy samples from the present are learned.

2.7 Conclusion
This chapter presents an innovative framework for Continual Learning in the
presence of Noisy Labels, a common issue in real-world AI applications. We fo-
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cus on the multi-epoch class-incremental scenario, arguing the shortcomings of
current methods leveraging the small-loss criterion. We hence appeal to a long-
standing enemy of continual learning – forgetting – and propose Alternate Expe-
rience Replay to maintain a clear separation between mislabeled and clean sam-
ples. Additionally, we introduce Asymmetric Balanced Sampling to enhance
sample diversity and purity within the buffer. We demonstrate the merits of our
approach through extensive experiments, showcasing its potential in noisy incre-
mental scenarios.
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EARL: Embracing Amnesic Replay for

Learning with Noisy Labels

This chapter introduces EARL (Embracing Amnesic Replay for Learn-
ing with Noisy Labels), a direct evolution of the Alternate Experience
Replay (AER) framework described previously. We expand on previ-

ous research in [118] and argue that leveraging the memorization effect encoun-
ters limitations in continual learning. Indeed, as the model undergoes contin-
uous fine-tuning, the clean-noisy loss gap decreases as tasks progress [11, 107],
hampering the effectiveness of the sample detection over time. The issue is often
overlooked by current literature, which mainly focuses on onlineCL. Indeed, in
this special setting, where only a single training pass is allowed for each task, the
model is consistently far from the optimum, thus the memorization effect per-
sists ( Figure 3.1 – left). Nevertheless, we warn against the limitations of such an
experimental setup,which cannotfit tasks that demandmultiple passes to achieve
satisfactory performance [25] ( Figure 3.1 – right), or those characterized by im-
mense amounts of data (e.g., training large language models). For this reason, we
herein investigates the problem of LNL from the perspective of offline Contin-
ual Learning.
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Figure 3.1: Accuracy and loss trend for clean (blue) and noisy (red) samples on CIFAR-100 with
40% symmetric noise. The left shows that training for 1 epoch leads to underfitting with 13.4%
accuracy. Training for 50 epochs (right) improves convergence, accuracy and reduces the loss gap.

We show through several in-depth studies that our proposal – EmbracingAm-
nesic Replay for Learning with Noisy Labels (EARL) – significantly improves
the stability and performance of CLmodels while LNL. Notably, EARL can be
applied to all the rehearsal-based techniques evaluated here and to varying types
ofnoise, fromsynthetically generatednoise to realistic scenarioswherenoise arises
during the data collection process. Specifically, we evaluate situations where la-
bel noise is introduced by human annotators, who may make errors during the
annotation process, as well as by automatic annotation processes, e.g., the collec-
tion of data by crawling the web. To mimicking automatic labelling pipelines,
we conduct an experiment where the data are automatically annotated through
the prediction of the zero-shot CLIP [134]. Finally, unlike the current state-of-
the-art, our analysis also covers the continual fine-tuning of pre-trained models,
a prominent trend in Artificial Intelligence (AI).

In summary, building upon the previous work presented in Chapter 2, our
extension includes: i) an analysis of the memorization effect in online and of-
fline training regimes; ii) a comparison of noise from different realistic sources;
iii) demonstration that EARL can be applied to a variety of continual learning
methods, including those originally designed without buffers; iv) an analysis of
results across different buffer sizes; v) an evaluation using pre-trained ViT-based
models; and vi) evidence of the effectiveness of both the insertion and sampling
strategies through comparisons with other methodologies. vii) a test on the ap-
plicability and effectiveness of EARL also on some NLP benchmarks.
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3.1. Theoretical foundations of Forgetting Dynamics
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Figure 3.2: Trend of the loss difference between clean and noisy data among training epochs, for
Vanilla Replay (reservoir) and Amnesic Replay (ours), with forgetting induced every other epoch.

We believe that the contributions above enhance both this approach and our
previous work [118], providing a more in-depth analysis, refined methodology,
and broader experiments that may further progress the CL community.

3.1 Theoretical foundations of ForgettingDy-
namics

Our methodology is grounded on the principle that learning dynamics differ be-
tween clean and noisy samples, with noisy samples undergoing forgetting at ear-
lier stages of training. While this intuition is not originally ours, we provide a
brief overview of the findings in [107], as they constitute a key foundation for
justifying the rationale behind our work.

InSection5of theirwork [107], the authors formalize a two-stage, over-parameterized
linear model to demonstrate that the so-called second-split forgetting effectively
filters out label noise first.

• First-split learning: Training a linear model on the linearly separable
split SA (with noisy labels) for E epochs until 100% accuracy results in
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weightswA(e) that are close to the max-margin separator ŵA of SA:

wA(E) = ŵA logN+ ρA(E),

where ρA(E) is a small residual. This reflects the implicit max-margin dy-
namics of gradient descent [153], which steer the model toward the hard-
margin SVMsolutionwhile correctly classifying all (clean and noisy) train-
ing points.

• Second-split forgetting: In the second stage, themodel is initializedwith
wB(0) = wA(E) and further trained on a clean set SB for E′ = f(E)
epochs. Since SB contains only correctly labeled examples, its influence
gradually reorients the decision boundary toward the max-margin separa-
tor of the clean distribution. As a consequence, mislabeled examples from
SA become inconsistent with the new decision boundary, and their pre-
dictions are eventually flipped. In contrast, correctly labeled (including
rare) examples remain compatible with the updated separator and are re-
tained.

Briefly, Theorem 2 of [107] (Intermediate-Time Forgetting) provides a high-
probability guarantee that the following holds:

• Noisy samples from SA are forgotten (their predictions flip to the correct
label)

• Clean and rare examples from SA are retained (their predictions remain
correct).

The exact probability and the time E′ depends on various factors, including class
separability,model overparameterization, and thedata’s signal-to-noise ratio. Nonethe-
less, toquantify the aforementioned forgetting epochE′ and formalizewhat “rapid
forgetting” means across different architectures, we indeed leverage the second-
split forgettingmetric. Following [107]’s protocol, we split the training set into
two partitions (SA,SB): the model is first trained on SA, then forgetting statis-
tics are computed during fine-tuning on the second split SB. An example is said
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Figure 3.3: Forgetting Time Comparison across different backbones and noise types.

to undergo a forgetting event when the accuracy on that example decreases be-
tween two consecutive updates. By collecting forgetting events, we can track the
epoch after which an original training example from SA is no longer classified
correctly (forgotten) as the network is fine-tuned on a randomly held-out parti-
tion of the dataset SB. We conduct our experiments on CIFAR-100 (50 epochs
per split), following the aforementioned protocol, and extract our statistics of in-
terest. We evaluate two architectures: ResNet-18 (trained from scratch) with a
learning rate of 0.03, and ViT-B/16 (pretrained) with a learning rate of 0.01. We
introduced two types of noise in the dataset: synthetic uniform noise (40%), and
automatic annotation noise, using CLIP zero-shot to assign labels.

From the results in Figure 3.3 we can state that earlier forgetting ofmislabeled
examples occurs consistently across architectures and noise types. In particular,
randomnoisy samples (redbars) are forgotten very rapidly (∼16th epoch),while a
more complex source of noisemakes the forgetting timeE′ higher (∼39th epoch).
For completeness, we also report over each correspondent bar the loss values for
both clean and noisy examples at the epoch in which noisy examples undergo
forgetting.

These results show two key insights: first, the loss values provide a clear signal
to distinguish between clean and noisy samples, which forms the basis of our
sample selection mechanism. Second, the faster occurrence of natural forgetting
for noisy samples justifies our approach of actively inducing forgetting events.
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3.2 Experiments
For the reasons discussed above, we follow the established offline ClassIL sce-
nario [137, 25, 14, 20], where multiple training epochs are allowed per task. We
also use a task-aware approach to allow comparison with other works.

3.2.1 SETTING

Datasets. To comply with the current CNL literature, we start our evaluation
on convolutional models with no pre-training (Section 3.2.3). We test on the
CIFAR-100 dataset [83] with synthetic uniform noise, where each label is ran-
domly flipped to another class. We also considerCIFAR-100N [176]], a human-
annotated versionof thedatasetwith instance-dependentnoise, collected viaAma-
zon Mechanical Turk, reflecting realistic annotation errors by non-experts. We
also include a versionofCIFAR-100 annotatedby a foundationmodel, i.e.,CLIP [134]
in a zero-shot setup, which we name CIFAR-100C and simulates automatic la-
beling pipelines. In addition, to covermost sources ofnoise,we includeANIMAL-
10N [150] andFOOD-101N [88], twodatasets containingweb-scrapeddatawith
naturally noisy labels originating from surroundingmetadata or captions, a com-
mon scenario in large-scale web-based data collection.

For experiments involving a pre-trained backbone, we wish to evaluate both
the resilience to noise and the plasticity of the models. Therefore, we primarily
focus on ISIC [38, 158] and EuroSAT-RGB [61, 62], as these two datasets hold
low domain similarity [123] w.r.t. the pre-train (ImageNet [43]).

We define sequential CL tasks for each dataset following the ClassIL setting.
Namely, for Food-101N,ANIMAL-10N, and EuroSAT-RGBwe split the classes
into 5 tasks. We split ISIC into 3 tasks and CIFAR-100 into 10 tasks.

To also evaluate a Continual NLP task, we include a subset of the GLUE
benchmark [167], awidelyused collectionof languageunderstanding tasks. Specif-
ically,we consider six sentence- and sentence-pair classification tasks—MNLI [178],
SICK [109], RTE [16], SciTail [79], QNLI [135], and SNLI [23]—which are
encountered sequentially in this order. Together, they form a single dataset of 6
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Table 3.1: Results in terms of FAA [↑] and (FF) [↓] on benchmarks using a pre-trained ViT.

Benchmark EuroSAT ISIC
noise 40% symm 40% symm
no noise 96.88 (−) 78.25 (−)
Multitask 93.17 (−) 50.60 (−)
Finetune 18.73 (89.53) 29.93 (79.37)

M = 0
CODA-Prompt [149] 60.78 (16.61) 41.97 (4.09)
L2P [173] 48.37 (02.78) 32.87 (03.49)
SLCA [197] 35.87 (77.72) 31.85 (70.89)

M = 500

CODA-Prompt [149] 62.97 (18.72) 43.37 (23.77)
w. EARL 87.95 (06.88) 52.99 (22.34)

L2P [173] 77.72 (12.07) 49.03 (09.26)
w. EARL 80.34 (08.67) 51.88 (12.09)

SLCA [197] 56.26 (11.49) 41.01 (30.49)
w. EARL 92.28 (03.68) 54.18 (17.05)

ER-ACE [27] 76.39 (18.10) 52.16 (20.67)
w. EARL 93.62 (02.48) 56.00 (21.47)

tasks.

Backbones. We employ a Vision Transformer (ViT) [45] for ISIC, EuroSAT-
RGB, and Food-101N, and aResNet18 [60] forCIFAR-100 andANIMAL-10N.

Metrics.All results are presented in terms of FAA and Final Average Forgetting
(FF) and averaged across 3 runs, computed at the end of the last training task. We
refer the reader to the supplementary material for further details.

3.2.2 BASELINEMETHODS

CL-based methods. Since our work stands out for being the first investigating
noisy labels in an offline CL setting, we assess EARL’s effectiveness by applying
it to a selection of both pre-trained and initialized from scratch architectures. For
the former, we consider the ViT-B/16 architecture to allow comparison against
prompt-based approaches. In particular, we consider L2P [173] and CODA-
Prompt [149], as they represent the most widely adopted methods for rehearsal-
free learning. Moreover, we also consider SLCA [197], as it stands out for achiev-
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ing higher performance w.r.t. prompting in most scenarios. For rehearsal-based
methods, we employ ER-ACE [27] andDER++ [25] due to their simplicity and
effectiveness. Unless otherwise noted, L2P, CODA-Prompt, and SLCA do not
make use of a memory buffer. However, since we find that they fall short in the
presence of label noise or domain dissimilarity w.r.t. the pre-train, we will also
equip them with a small memory buffer based on ER-ACE.

CLN method. For a thorough comparison, we include the currently available
CLN-based method, adapted for a multi-epoch scenario. In particular, we com-
pare against PuriDivER [15], SPR [80], and CNLL [78]. Since the last two
methods use multiple memory buffers, we use the same overall memory budget
for a fair comparison and test on a smaller dataset. We adapted the CLTR [96]
regularization to our incremental task scenario by applying it to both stream and
buffer samples. Additionally, we leverage clean pretraining distillation for our
noisy tasks through CO2L [29]. We include an additional baseline that applies
the regularization of DivideMix [89] on samples from all seen tasks using a reser-
voir memory buffer, which we name iDivideMix. We select DivideMix as a
compelling representative baseline for LNLmethods because it consistently out-
performs similar noise-robust learningmethods and sample-selection approaches
across several benchmarks [15, 176].

Finally,weprovide anupperbound (Multitask, i.e., trainingonall tasks jointly)
and a lower bound (Finetune, i.e., training with no measures against forgetting
or label noise).

3.2.3 RESULTS

Not pre-trained backbones.Weanalyze the benefits brought byEARLonpop-
ular rehearsal baselines by computing the FAA these exhibit on different datasets,
before and after applying EARL to them (Tables 3.2 and 3.3). We can see that
our proposal improves the performance of all base methods on both synthetic
(CIFAR-100) and real (CIFAR-100N,CIFAR-100C,ANIMAL-10N)noisybench-
marks. In the table, we also report the Final Average Forgetting (FF) for each ex-
periment. To delve into more detail, the average gain in FAA points across tasks
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Table 3.2: Comparison of Final Average Accuracy and Final Forgetting (FAA [↑]± std (FF)
[↑]) of traditional CL and CLNmethods for buffer sizeM = 500. EARL consistently provides
a performance boost, regardless of the source of noise.

Benchmark CIFAR-100 CIFAR-100N CIFAR-100C ANIMAL-10N
noise source synthetic human-annotation machine-annotation web-scraped
noise rate 40% 40.20% 35.31% 08.00%
Multitask 38.46± 0.92 (−) 47.72± 0.22 (−) 55.20± 0.89 (−) 57.35± 0.77 (−)

Finetune 07.55± 0.14 (71.51) 8.66± 0.06 (79.56) 8.73± 0.03 (80.99) 13.73± 0.05 (78.52)

iDivideMix [89] 10.88± 0.60 (20.71) 16.28± 0.62 (25.23) 18.52± 0.81 (25.47) 32.59± 0.35 (26.79)

PuriDivER [15] 08.16± 0.43 (67.30) 10.06± 0.32 (77.53) 11.05± 0.67 (78.33) 13.69± 0.60 (73.54)

CLTR [96] 8.40± 0.36 (64.21) 10.74± 0.42 (69.13) 14.30± 0.50 (68.95) 16.01± 0.55 (67.47)

CO2L [29] 16.51± 0.71 (45.92) 18.32± 0.89 (49.28) 16.84± 0.77 (41.10) 26.92± 0.64 (29.15)

DER++ [25] 13.80± 0.28 (50.22) 23.45± 0.37 (53.67) 30.05± 1.20 (48.40) 30.29± 0.27 (41.26)

w. EARL 26.37± 0.58 (41.08) 30.13± 1.21 (36.57) 33.23± 0.98 (33.33) 31.80± 0.31 (33.43)

ER-ACE [27] 12.64± 0.04 (42.14) 25.48± 0.59 (38.57) 30.46± 0.28 (33.54) 31.85± 1.07 (27.46)

w. EARL 27.94± 0.16 (30.24) 30.69± 0.56 (28.78) 33.23± 0.19 (26.97) 34.22± 0.87 (18.35)

is 14.99 on CIFAR-100, 4.76 on CIFAR-100N and 2.25 on CIFAR-100C. It’s
worth noting that EARL remains effective even at lower noise levels, demonstrat-
ing an average improvement of 4.22 points on ANIMAL-10N. This modest in-
crease can be ascribed to the limited ratio of noisy data in this dataset. Finally, in
all scenarios, we demonstrate to surpass the LNL and CNL competitors by far.

Pre-trained backbones. We aim to examine pre-trained models in noisy envi-
ronments, with Table 3.1 showing the Final Average Accuracy on two datasets
with injected noise.

Wehighlight the advantages of integrating abuffer intopre-trainedCLprompt-
tuningmethods, particularly in noisy environments. This becomes evidentwhen
comparing the results in Table 3.1 for the three methods (CODA-Prompt, L2P,
SLCA) with (M = 500) and without buffer (M = 0). Furthermore, using
the buffer, we can boost the performance of all models with EARL. Specifically,
we achieve an average increase of accuracy of 7.73 and 20.21 for experiments con-
ducted respectively on ISIC and EuroSAT-RGB.

Remarkably, with the use of EARL, we surpass the Multitask case in certain
scenarios, i.e., our upper bound on the noisy dataset. Therefore, we also provide
the upper bound of the conventional scenario, involving the multitask model
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Table 3.3: Comparison of Final Average Accuracy and Final Forgetting (FAA [↑]± std (FF)
[↑]) of traditional CL and CLN methods for a fixed buffer sizeM = 2000. EARL consistently
provides a performance boost, regardless of the source of noise.

Benchmark CIFAR-100 CIFAR-100N CIFAR-100C ANIMAL-10N
noise source synthetic human-annotation machine-annotation web-scraped
noise rate 40% 40.20% 35.31% 08.00%
Multitask 38.46± 0.92 (−) 47.72± 0.22 (−) 55.20± 0.89 (−) 57.35± 0.77 (−)

Finetune 07.55± 0.14 (71.51) 8.66± 0.06 (79.56) 8.73± 0.03 (80.99) 13.73± 0.05 (78.52)

iDivideMix [89] 20.09± 1.13 (13.58) 28.37± 1.20 (13.99) 32.26± 1.29 (12.66) 36.08± 1.44 (19.90)

PuriDivER [15] 17.46± 0.79 (64.21) 12.25± 0.91 (75.63) 14.20± 0.58 (73.82) 18.36± 0.96 (66.94)

CLTR [96] 10.42± 1.08 (74.60) 17.13± 0.87 (62.27) 22.36± 0.84 (58.20) 25.17± 0.67 (55.29)

CO2L [29] 24.07± 0.68 (41.15) 30.44± 0.74 (34.45) 34.14± 0.62 (36.04) 31.21± 0.71 (33.09)

DER++ [25] 21.68± 0.67 (44.53) 35.05± 0.96 (40.19) 40.77± 0.88 (34.16) 32.41± 0.72 (32.50)

w. EARL 39.26± 1.14 (27.98) 38.75± 1.08 (27.58) 41.78± 0.77 (25.39) 37.66± 1.65 (26.41)

ER-ACE [27] 22.20± 0.72 (34.55) 34.73± 0.73 (30.67) 39.30± 0.37 (27.88) 37.29± 0.30 (24.67)

w. EARL 40.35± 0.25 (21.12) 38.51± 0.83 (22.06) 41.00± 0.13 (20.89) 38.66± 0.88 (11.15)
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Figure 3.4: Final Average Accuracy (FAA) [↑] of EARLwhen applied to SLCA and ER-ACE to
learn on the Food-101N dataset.

trained on the same datasets without any noise.
In Figure 3.4we also evaluate twomodels (pre-trained andnot) onFood-101N.

Here, we find an increase in accuracy for both SLCA and ER-ACE. Consistent
with the results in Table 3.1, the advantages of employing a buffer vs. not using
one are evident (left bar plot). Furthermore, EARL is beneficial for bothmodels.

Foundationmodels as erroneous annotators.Due to the high costs of human
annotation, an emerging trend involves the use of pseudo-labels generated by
Vision-Language Model (VLM) with high zero-shot performance [180]. How-
ever, these models are not infallible, and incorrect pseudo-labels introduce chal-
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Table 3.4: Comparison of Final Average Accuracy for a text benchmark in both Class-IL and
Task-IL scenarios, with buffer purity reported when a buffer is used.

M= 5000 Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL
GLUE Multitask Finetune ER-ACE w. EARL

Noise 20% 74.20 80.06 14.88 58.12 64.44 76.70 69.55 79.66
Buff. Purity 8 8 0.83 0.98
Noise 40% 65.89 68.96 14.06 53.78 54.85 65.67 62.95 73.30
Buff. Purity 8 8 0.64 0.90

lenging label noise.

We study this label noise by using CLIP with ViT-B/32 to re-annotate the
CIFAR-100 training dataset, simulating annotation from an external automatic
source unavailable for training. The noise rate thus corresponds to CLIP’s er-
ror rate (35.31%). We apply all methods from Section 3.2.3 and present results
in Tables 3.2 and 3.3 (3rd column). As can be seen, EARL continues to provide
a notable performance gain (2.65% on average) even under this peculiar form of
noise.

Natural Language Understanding. Since noisy labels may also occur in the ro-
bust ‘Natural Language Understanding (NLU) field, we provide a small study
testing the effectiveness of our method on a subset of the General Language Un-
derstanding Evaluation (GLUE) benchmark [167], a widely used collection of
natural language understanding tasks including question answering, sentiment
analysis, and textual entailment. Specifically,we consider six sentence- and sentence-
pair classification tasksMNLI [178], SICK[109],RTE[16], SciTail [79],QNLI [135],
and SNLI [23]—which are encountered sequentially in this order, forming a sin-
gle dataset of 6 tasks. Multitask (also refferred to as Joint Training (JT)) and fine-
tuning (FT) serve as baselines. For continual learning, we store 5000 examples
in a buffer, which provides sufficient coverage across all tasks while remaining
memory-efficient. Noise is synthetically introduced by randomly flipping labels.
As shown in Table 3.4, the regularization provided by EARL effectively cleans
the buffer, yielding consistent benefits in terms of FinalAverageAccuracy inboth
Class-IL and Task-IL scenarios.
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Table 3.5: Comparison against state-of-the-art sampling strategies across different sources of noise.
Final Average Accuracy on CIFAR and Food-101N; buffer size = 500.

Dataset CIFAR-100 Food-101N
Noise sym 20% sym 40% sym 60% Instance-based Web-based
PuriDivER 12.04 8.38 5.29 08.03 29.85
Rainbow 13.53 07.79 04.30 19.28 55.83
Herding 16.92 10.23 05.55 20.52 56.80
Bi-Fold (ours) 26.69 25.17 19.17 24.05 57.78

3.3 Model Analysis

Question i) How do sampling strategies affect EARL’s overall perfor-
mance? Question ii)How do sampling strategies influence overall buffer
purity and diversity? Question iii)How sensitive is the model to α and
to other selection strategies? Question iv) Does EARL remain effective
under low or no noise?

3.3.1 COMPARING AGAINST DIFFERENT SAMPLING TECH-
NIQUES

To assess the validity of our sampling strategy, we here compare it against some
state-of-the-art sampling techniques. In particular, we conducted experiments
using the following:

• PuriDivER [15]: seeks to balance purity and diversity in the replay buffer.
This is achieved through a score function that considers both the likeli-
hood of a sample being correctly labeled (purity) and its representational
uniqueness (diversity). From the best of our knowledge, this is the current
state-of-the-art method that has been proposed to address the problem of
noisy labels in online continual learning, which is the closest to our sce-
nario.
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Table 3.6: Bi-Fold vs. Herding and PuriDivER’s sampling strategies, with both Vanilla and Am-
nesic Replay.

CIFAR-100N M = 500 M = 2000
Sampling Strategy Vanilla Amnesic Vanilla Amnesic
Puridiver 19.50 23.46 24.15 30.84
Herding 30.11 30.75 35.98 37.56
Bi-fold 29.80 31.27 38.00 38.80

• Herding [177, 137]: a widely-adopted sampling strategy that focuses on
selecting samples that most closely represent the current model’s learned
features for each class. It does this by selecting samples that minimize the
distance to the class means in feature space.

• Rainbow Memory [14]: this strategy selects, for each class, samples that
are diverse in the feature space by considering the model’s uncertainty un-
der different augmentations of the data.

For this experiment, we start from the same underlyingmodel (ER-ACE) and
evaluate against two datasets: CIFAR-100 and Food-101N. For what concerns
the first, we apply both synthetic noise (20%, 40%, and 60% symmetric noise)
and real-world noise obtained by human erroneous annotations (instance-level
noise). For the second dataset, the labels are noisy by design, as they are collected
from the web. We use a buffer size of 500 samples for all methods. The results in
terms of accuracy are summarized in Table 3.5 and show that our sampling strat-
egy outperforms all other methods across all noise levels and datasets, achieving
the highest accuracy. In particular, we find that PuriDivER performs poorly in
the presence of more realistic noise, such as the instance-level noise of CIFAR-
100 and the web-collected labels of Food-101N.On the other hand, Herding and
RainbowMemory experience a sharp drop in performance as the noise increases,
while our method remains robust across all noise levels. Additionally, to as-
sess the impact of the rehearsal process on different sampling approaches, in Ta-
ble 3.6 (right part) we compare three strategies on the human-annotated CIFAR-
100N:Herding, which generates a representative set of samples from the stream
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Figure 3.5: Purity levels achieved through different sampling strategies. Trend of buffer clean
percentages across incremental training tasks on CIFAR100

data distribution, Puridiver and our Bi-Fold Loss-Aware Sampling, both based
on reservoir and aiming for a balance between purity and diversity, but through
different sampling scores. As expected, the impact of a larger buffer size is al-
ways beneficial regardless of both the replay method and the sampling strategy
involved. Plus, combining Amnesic Replay with our sampling strategy outper-
forms all other sampling strategies. Notably, in the scenario with a small buffer
size (Table 3.6 withM = 500), Herding appears to gain benefits from the use of
Amnesic Replay. However, standard replay does not fully exploit the potential
of our sampling strategy.

3.3.2 BUFFERCOMPOSITION

In addition to the performance analysis previously presented, we acknowledge
that our primary objective in such a rehearsal-based scenario is to prevent perfor-
mance degradation through the maintenance of a high-quality buffer. To this
end, we present a comprehensive examination of the purity characterizing our
buffer throughout the training process (i.e., across multiple tasks.)
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The Purity is computed as the percentage of clean samples inside the memory
buffer at the end of each incremental task. Figure 3.5 illustrates the percentage
of clean samples in the buffer for each method across different noise levels. For
this experiment, we consider only the CIFAR-100 dataset, since we need both
the real label and the noisy label to compute the percentage of clean samples. As
depicted, our strategy maintains the highest percentage of clean samples in the
buffer, which is crucial for effective learning in the presence of noise. Notably,
while other sampling strategies tends to drop the percentage of clean samples sig-
nificantly as noise increases, our method remains robust, showing only a slight
decrease in the percentage of clean samples even at high noise levels.

3.3.3 SAMPLE SELECTION

To evaluate the effectiveness of our proposed sample selection strategy, we con-
duct a comparative analysis against a well-established baseline from the litera-
ture [89, 15]. Specifically, we evaluate our α-threshold insertionmethod (same as
in Section 2.3) against a Gaussian Mixture Model (GMM) approach that parti-
tions samples into clean and noisy subsets. We evaluate both methods using two
key metrics: FAA and buffer Purity, measured as the average percentage of clean
samples retained in the buffer at the end of each task. Table 3.7 compares our
α-insertion strategy with the GMMbaseline.

To facilitate the interpretation of the table results, recall that α denotes the
fraction of highest-loss samples in each batch that are discarded before inserting
data into thebuffer. Whenα = 0 (i.e., all samples are inserted), thebuffer’s purity
converges to approximately (1− noise%). In this case, no mechanism is applied
tomitigate noise, and thus the noise distribution in the buffer closely reflects that
of the original dataset. By contrast, our insertion strategy based on the threshold
α consistently achieves higher accuracy than the GMM-based selection, even for
relatively low thresholds in the range of 25%–50%. and can reach higher purity
levels than GMM-based sample selection.
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Table 3.7: Ablation study on the sample selection strategy - insertion phase.

ER-ACE onCIFAR-100 -M = 2000
Noise/α α = 0% α = 25% α = 50% α = 75% α = 90% GMM

FAA Purity FAA Purity FAA Purity FAA Purity FAA Purity FAA Purity
Sym 40% 27.01 0.65 31.99 0.75 36.92 0.86 40.35 0.98 39.40 0.98 32.39 0.73
Sym 60% 15.30 0.44 17.35 0.49 20.74 0.61 26.34 0.87 30.67 0.90 18.61 0.52

Table 3.8: FAA onCIFAR-100 with different noise rates and in absence of noise (|M| = 2000).

Method No Noise Symmetric Noise Systematic Noise
CIFAR-100 0% 5% 10% 20% 40% 60% 40% avg.

M
=

20
00 iDivideMix 38.68 39.13 33.80 29.21 20.09 14.2 22.04 28.16

PuriDivER 33.30 30.74 28.43 22.43 17.46 9.48 17.94 22.54
ER-ACE 50.06 45.77 42.42 31.14 22.20 11.65 20.88 32.02
+ EARL 49.81 46.73 46.58 44.34 40.35 26.34 30.32 40.64

3.3.4 ONTHEINFLUENCEOFLOWERNOISERATESANDSYS-
TEMATICMISLABELING.

When injecting synthetic noise into datasets, our choice of the error rate for each
dataset is guided by referencing the closest noise rates found in similar real noisy
datasets. (e.g., CIFAR-100N) [176, 94]. Therefore, for the majority of our ex-
periments, we maintain a fixed noise rate of 40% on synthetically noised datasets.
However, to ensure a comprehensive evaluation and demonstrate that the ef-
fectiveness of our method extends beyond specific noise scenarios, we compute
the Final Average Accuracy for several important CL and CLN baselines from
the main manuscript under six additional noise scenarios. Regarding symmetric
uniform noise, we evaluate some low-noise scenarios (i.e., 5%, 10% noise rate) to
understand whether there exists a threshold below which EARL loses its effec-
tiveness. Furthermore, we assess whether EARL is detrimental in the absence of
noise (0%) andwe investigate another type of noise not included in themain table.
We call the former SystematicMislabelelingNoise. This occurs whenmislabeling
happens with a certain percentage but among semantically similar classes, reflect-
ing realistic error patterns that may arise in practical annotation scenarios where
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human annotators are more likely to confuse visually or conceptually related cat-
egories. We present the result for such an evaluation in Table 3.8. We note that,
in the absence of noise, EARL leads to only a marginal change in performance,
as themodel faces no disruptive noise to correct. Plus, suchmarginal changemay
be partly due to EARL effectively halving training epochs. However, even with
just 5% or 10% label noise, EARL delivers substantial improvements. Unsurpris-
ingly, the performance of each method drops as noise raises. Moreover, we see
that the behaviour of the various methods do not vary with changes in noise lev-
els, and our method consistently outperforms the others even in more complex
noisy scenarios, e.g., 60% and systematic mislabeling noise.

3.4 Conclusion
We propose a revised version of our previous work “May the Forgetting beWith
You”, amethodology to dealwith the problemofNoisyLabel learning inContin-
ual Learning. We start by observing that forgetting does not impact all samples
equally and find that alternating epochs of learning and forgetting pushes the
noisy-clean loss gap apart for both stream and buffer data. We introduce Am-
nesic Replay to leverage such a phenomenon and ensure separation between
clean, complex, and noisy samples. We also propose Bi-Fold Loss-Aware Sam-
pling, which enhances the purity of the attained buffer without sacrificing im-
portant stored samples.

Our analysis validates our previous work and demonstrates its effectiveness
across backbones trained from scratch and pre-trained, under seven datasets with
varying similarity to the pre-training and four distinct noise scenarios.

73



EARL: Embracing Amnesic Replay for Learning with Noisy Labels

74



4
A Second-Order Perspective onModel

Compositionality and Incremental
Learning

Over the last two decades, AI research has largely relied on monolithic
models trained on single, large-scale datasets. Although this paradigm
has delivered strong empirical performance, it poorly matches the re-

quirements of real-world applications, where adaptability, customization, and
computational efficiency are critical. As a result, modular alternatives such as
model averaging [115] and Mixture of Experts [186] have recently regained at-
tention. These approaches aim to address the high maintenance cost of mono-
lithic models and the limited resources available to many practitioners, aligning
with broader efforts to democratize AI through flexible and adaptive architec-
tures [93, 131]. A key ingredient enabling such flexibility is model composition-
ality, which allows the construction of task-specific models via inexpensive edit-
ing operations [101, 22]. Beyond efficient transfer with limited data [204], fine-
tuning has revealed that independently trained models can often be meaning-
fully combined. In particular, simple linear combinations of weights have been
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shown to yield robust representations without additional inference or memory
costs [179, 199]. While this principle underlies model soups [179], wheremodels
differ only in optimization choices, task arithmetic extends it to models trained
on distinct tasks or datasets [70, 101, 124], with recent applications to language
modeling [44]. In this work, we address two related questions. First, we investi-
gate the conditions under whichmodels trained on different tasks can be success-
fully composed. Prior analyses are either empirical [70] or restricted to linearized
networks and tangent fine-tuning [101, 124]. We instead consider standard non-
linear networks and general fine-tuning strategies, including parameter-efficient
methods such as LoRA [66]. Using a second-order Taylor approximation of the
loss around the pre-training weights, we derive a principled relationship between
individual model performance and that of their composition, highlighting the
importance of retaining out-of-distribution accuracy. Second, we exploit this
insight to study incremental learning of composable models, where each task is
assigned a dedicated module. While modularity has been proposed as a natural
solution for incremental training [22, 101], we argue that compositionality itself
requires continual learning capabilities. Preserving performance outside the task-
specific training distribution can be framed as a continual learning objective [81],
inwhich eachmodulemustmaintain the general knowledge acquired during pre-
training. Based on this formulation, we propose two algorithms for incremental
fine-tuning of composable models. Both rely on the same second-order approx-
imation but differ in whether they optimize individual modules or their com-
position. Evaluated in the class-incremental setting [161], our methods produce
accurate and editable multi-taskmodels, supporting both task specialization and
selective unlearning.

4.1 Framework
We consider f(·; θ) : X → Y as a twice-differentiable deep networkwithweights
θ ∈ Θ ⊆ Rm. It takes inputs xxx ∈ X ⊆ Rd and yields a conditional distribution
pθ(yyy|xxx) over the targets yyy ∈ Y ⊆ Rc. In this paper, we focus on incremental
training, which progresses sequentially through a series of T classification tasks
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T = {1, 2, . . . ,T}. Each task t ∼ T is characterized by a dataset Dt with nt
training samples xxx, yyy ∼ pt(xxx, yyy) drawn from a distribution varying across tasks.
We assume that tasks share the same loss function ℓ(θ|xxx, yyy), i.e. the negative log-
likelihood− log pθ(yyy|xxx). In this setting, we maintain a pool of composable net-
worksP = {f(·; θt) | θt ≜ θ0 + τt}t∈T , where each model is fine-tuned from a
common set of pre-training weights θ0. The task vector [70] τt indicates the dis-
placement inweight spacew.r.t. θ0 after training on task t. We obtain theweights
of the composed model fP by averaging the weights within the pool:

fP ≜ f(·; θP) s.t. θP = θ0 +
∑T

t=1wtτt,
∑T

t=1wt = 1 (4.1)

wherewt balances the contribution of the t-th learner. While someworks [13, 67]
optimize these coefficients, we devise uniform weights wt = 1/T in our algo-
rithms.

Scope. How can we learn multiple disjoint tasks through a pool P of models,
so that the composed model performs well on their union? To answer this ques-
tion, we introduce the concept of empirical risk, i.e. the average loss ℓ̂(θ|D),
computed over the unionD =

⋃T
t=1Dt of all training tasks:

ℓ̂(θ|D) = 1∑T
t=1 nt

∑
xxx,yyy∈D ℓ(θ|xxx, yyy) ≈ E t∼T

xxx,yyy∼pt(xxx,yyy)
[ℓ(θ|xxx, yyy)] (4.2)

To simplify notation, we will henceforth omit the explicit dependence of the loss
on the data, denoting the individual loss ℓ(θ|xxx, yyy) simply as ℓ(θ), and the empir-
ical risk ℓ̂(θ|D) as ℓ̂(θ). On this basis, the rest of this section will delve into the
following research questions.
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Question i)Given the empirical risk of each individualmodel, what canwe
say about the composedmodel f(·; θP)? Question ii)Howcanwe train in-
dividual learners f(·; θt) on distinct tasks (individual training) to still
achieve a reliable composition f(·; θP)? Question iii) Instead of optimiz-
ing eachmodel on its individual loss, couldweoptimize eachmodel based
on the loss of the whole composedmodel f(·; θP) (ensemble training)?

INDIVIDUALLEARNERSVS.THECOMPOSEDMODEL:APRE-
TRAINING PERSPECTIVE

We now relate the composed model fP to the individual components f(·; θt) of
the pool. To do so, we introduce the second-orderTaylor approximation ℓcur(θ)
of the loss around the pre-trained weights θ0:

ℓ(θ) = ℓcur(θ) +O(∥θ− θ0∥3) where (4.3)

ℓcur(θ) = ℓ(θ0) + (θ− θ0)T∇ℓ(θ0) +
1
2
(θ− θ0)THℓ(θ0)(θ− θ0). (4.4)

∇ℓ(θ0) ≜ ∇θℓ(θ0|xxx, yyy) and Hℓ(θ0) ≜ ∇2
θℓ(θ0|xxx, yyy) are the gradient and the

Hessian around θ0. Similarly, we can define the second-order approximation
ℓ̂cur(θ) ≈ ℓ̂(θ) of the empirical risk, which corresponds to averaging the approx-
imated loss across examples from all tasks.

Assumption. We now assume that θ = θ0 is a point of local minimum of the
empirical risk ℓ̂(θ)*across all tasks (Eq. 4.2). Under this hypothesis, the Hessian
of the empirical riskHℓ̂(θ0) ⪰ 0 is positive semidefinite. In light of this and the
quadratic nature of ℓ̂cur(θ), we can state that the second-order approximation of
the empirical risk ℓ̂cur(θ) is convex. Therefore, we apply the Jensen’s inequality

*As shown in [125], techniques like linear probing, latent replay, and incremental linear dis-
criminant analysis can be employed to enforce the optimality of the base model θ0, along with
Instruction Tuning for language modeling [188]. See Section 4.2 for additional implementation
details.
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to derive a relationbetween the composedmodel and the individual components:

ℓ̂cur(θP = θ0 +
∑T

t=1wtτt) ≤
∑T

t=1 wt ℓ̂cur(θt = θ0 + τt). (4.5)

The relation states that, under the second-order approximation, the empirical risk
ℓ̂cur(θP) of the composed model is upper-bounded by the convex combination
of its individuals. In other words, if each individual model is trained to the opti-
mumwith near-zero loss value, there are some guarantees that - under the stated
local assumptions - the loss function attained by the composed model. Notably,
this relation could help reduce the computational footprint during inference, as
it enables the reduction of forward passes, from multiple (one for each individ-
ual) to a singular pass (performed on the composed model).

At a first glance, the result of Eq. 4.5 appears similar to the statement of Eq. 2
in [101]:

ℓ̂(θP = θ0 +
∑T

t=1wtτt) ≤
∑T

t=1wtℓ̂(θt = θ0 + τt) given that (4.6)

ft(·; θt) ≜ flin(·; θt) =f(·; θ0) + (θt − θ0)T∇f(·; θ0) (tangentness) (4.7)

However, some notable distinctions remain. Their inequality applies to the exact
risk ℓ̂ but is valid only for linearized models (i.e. fine-tuned in the tangent space
of pre-training weights). In contrast, our result pertains to the second-order ap-
proximation ℓ̂cur of the risk and applies to any fine-tuning strategy (e.g. LoRA,
adapters, etc.). Intuitively, our inequality providesmore flexibility to the training
of individual learners, as long as: i) the learners remain in the pre-training basin,
such thatO(∥θ− θ0∥3)→ 0 and ℓcur can be considered a good proxy of ℓ; ii) θ0
is a local minimum of ℓ.

ENABLING INDIVIDUAL TRAINING IN INCREMENTAL SCE-
NARIOS

Asmentioned above, a possible application of Eq. 4.5 is to devote each learner to
a distinct task and optimize them in isolation (i.e. individual training). Indeed,
the upper bound in Eq. 4.5 describes a sort of worst-case scenario for the risk
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of the composed model: at worst, it collapses to that given by the upper bound.
Nonetheless, if every individual model were accurate on all tasks, the right-side
term of Eq. 4.5 would yield an appealing upper-bound to the risk of the com-
posed model.

Limits of Eq. 4.5. Under the constraints of individual training, each indi-
vidual learner f(·; θt) can be optimized only on the current distribution pt(xxx, yyy).
Therefore, when considering examples from other data distributions pt′ ̸=t(xxx, yyy),
the loss ℓcur(θt|xxx, yyy) of the t-th individual learner is likely to be much higher for
examples outside its training distribution pt(xxx, yyy). As a consequence, the upper
bound delivered by the right-side of Eq. 4.5 is likely to increase one task after the
other, and we cannot rely on it to recover a reliable composed model f(·; θP).

In this respect, our proposal is to tighten the upper bound of Eq. 4.5 through
explicit regularization, which we devise during the optimization of each individ-
ual learner. In practice, each model is provided with a learning objective that
extends beyond minimizing the loss on the assigned data distribution pt(xxx, yyy).
Specifically, to ensure decent performance on external distributions pt′ ̸=t(xxx, yyy),
we anchor the model to the pre-training knowledge for out-of-distribution ex-
amples. We do so by encouraging the predictions of f(·; θt) to be close to those
generated by the pre-trained model f(·; θ0), given examples xxx, yyy ∼ pt′ ̸=t(xxx, yyy).
Denoting the pre-training posterior distribution as pθ0(yyy|xxx), we have:

minimize
θt

Exxx,yyy∼pt(xxx,yyy) [ℓcur(θt|xxx, yyy)] +DKL(pθ0(yyy|xxx)||pθt(yyy|xxx)). (4.8)

It is noted that the computation of the KL termDKL(·) requires sampling from
the external distributions pt′ ̸=t(xxx, yyy). Theoretically, this clashes with the con-
straints of individual training. Thankfully, if τt → 0, the KL term can be ap-
proximated [31] with the distance between θt and pre-training weights θ0:

DKL(pθ0(yyy|xxx) || pθt(yyy|xxx)) ≈ 1
2(θt − θ0)TFθ0(θt − θ0) = 1

2∥τt∥
2
Fθ0

. (4.9)

Thedistance is computed in theRiemannianmanifold [87] inducedby the Fisher
InformationMatrix (FIM) [69]; namely, a |θ| × |θ| positive semi-definite matrix
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given by:

Fθ0 = E t∼T
xxx∼pt(xxx,yyy)

[
Eyyy∼pθ0 (yyy|xxx)

[
∇ log pθ0(yyy|xxx)∇ log pθ0(yyy|xxx)⊤

]]
. (4.10)

Under the local minimum hypothesis on pre-training weights, the FIM at θ0
equals the expected†Hessianof thenegative log-likelihood [111]: Fθ0 = Exxx [Hℓ(θ0)].
Due to this connection, the FIM yields insights on the sensitivity of each param-
eter to changes in the data distribution.

Application to incremental learning. Given that optimizing the regulariza-
tion above does not necessitate data from external tasks, it can be readily adapted
to incremental learning. Following [31, 146], we introduce a few additional ap-
proximations. Firstly, we limit to estimate the diagonal F̂θ0 of the FIM, thus
avoiding the prohibitive footprint required to treat a |θ| × |θ| matrix. Basically,
the diagonal F̂θ0 consists of a Monte Carlo estimate of the (squared) gradients
of the log-likelihood. Secondly, we note that the expectation Exxx [Hℓ(θ0)] in the
FIM cannot be directly estimated, as examples from all tasks are not available
simultaneously but rather sequentially. We hence compute the expectation in-
crementally [31, 146] one task at a time. As each new task becomes available, we
calculate a local Fisher matrix on the data of the new task and then accumulate it
into a global running Fisher estimate. As outlined by Algorithm 2, the accumu-
lation can be thought as a simple summation, net of re-normalizing operations
reflecting the number of samples of each task (see Section 4.6).

Given Eq. 4.9 and the diagonal FIM, the augmented optimization problem
for the t-th learner becomes:

minimize
θt

E
xxx,yyy∼pt(xxx,yyy)

[ℓcur(θt|xxx, yyy)] +
α
2
EWCθ0(θt) (4.11)

where EWCθ0(θt) =
∑|θ|

i F̂(i)θ0 (θ
(i)
t − θ(i)0 )2. (4.12)

where α ≥ 0 is an hyper-parameter and EWCθ0(·) indicates the Riemannian
distance from the pre-training weights θ0. The acronym EWCθ0 highlights the

†Precisely,we take the expectationw.r.t. data fromother tasks t′ ̸= t to reflect the regularization
in Eq. 4.8.
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strong analogywithElasticWeightConsolidation [81], awell-established approach
against catastrophic forgetting [114]. In a sense, our term prevents forgetting pre-
training knowledge; however, while our anchor is fixed at θ0, the anchor of EWC
instead shifts and focuses on the weights learned during the preceding task.

JOINTTRAININGOFTHECOMPOSEDMODELININCREMEN-
TAL SCENARIOS

Individual training profitably aligns with decentralized learning [22], emphasiz-
ing minimal interactions between learners and privacy preservation. Neverthe-
less, it might be inefficient when these constraints are not of interest and the
goal is simply to create an accurate model. In fact, individual training prevents a
learner from leveraging the knowledge of other ensemble members, eliminating
the potential for beneficial mutual transfer. For these reasons, we adopt the dual
perspective, in which each model is directly optimized using the loss of the com-
posed model f(·; θP) (ensemble training). Since the inequality in Eq. 4.5 does
not providemuch help for the explicit optimization of ℓcur(θP), we quantify the
exact gap between the two sides of the Jensen’s inequality:

Theorem 1. Let us assume a pool P with T ≥ 2 models, with the t-th model
parameterized by θt = θ0+τt. If we compose them through coefficients w1, . . . ,wT

s.t. wt ∈ [0, 1] and
∑T

t=1wt = 1, the 2nd order approximation ℓcur(θP) evaluated
on composed weights θP = θ0 +

∑T
t=1wtτt is:

ℓcur(θP) +Ω(θ1, . . . , θT) =
∑T

t=1wtℓcur(θt) (4.13)

where Ω(θ1, . . . , θT) =
1
2
∑T

t=1
∑

t′<twtwt′(τt − τt′)THℓ(θ0)(τt − τt′).

(4.14)

Proof in Section 4.4. The equality introduces a termΩ(·) that is non-negative
(due toHℓ(θ0) ⪰ 0) and depends onweights θ1, . . . , θT. Therefore, Ω(·) is pro-
portional to the cumulative distance between every pair of learners, within the
Riemannian manifold induced by the Hessian Hℓ(θ0) [87]. Notably, Eq. 4.13
permits to draw the following insights: i) optimizing both the loss of the com-
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posed model ℓcur(θP) and the term Ω(·) is equivalent to individual training; ii)
during inference, if Ω(·) tends towards zero, performing a prediction with the
composedmodel is akin to conductingmultiple forward passes, each correspond-
ing to an individual learner. Based on that interpretation, we now transition to a
setting that considers the explicit auxiliary minimization of Ω(·), as follows:

minimize
θ1,...,θT

E t∼T
xxx,yyy∼pt(xxx,yyy)

[ℓcur(θP |xxx, yyy) + βΩ(θ1, . . . , θT)] (4.15)

where β ≥ 0 is an hyper-parameter. It is noted that minimizing Ω(·) encour-
ages alignment among task vectors, especially for those weights that are sensi-
tive/important in the pre-training loss landscape.

Similarly to [72], the objective of Eq. 4.15 can be interpreted as a smooth tran-
sition between individual and ensemble training. Indeed, given that Ω(·) =∑

twtℓcur(θt)− ℓcur(θP), Eq. 4.15 can be restated:

ℓcur(θP)+ βΩ(θ1, . . . , θT)
Eq. 4.13
= (1− β) ℓcur(θP)+ β

∑T
t=1wtℓcur(θt) (4.16)

This suggests that by minimizing both the loss ℓcur(θP) of the joint composed
model and Ω(·), we also implicitly optimize the individual models. Notably,
this result not only paves the way for a well-performing ensemble but also for
components that are reliable when considered individually.

Incremental ensembles. We now refine the problem in Eq. 4.15 to account
for incremental settings. We firstly bring the expectation inside Ω(·) (Eq. 4.14)
and replace the Hessian Hℓ(θ0) with its expectation, taken across data points
xxx, yyy ∼ pt(xxx, yyy) from all tasks up to the current one. Afterwards, we capitalize
on a property mentioned in Section 4.1, which states that, for a point of maxi-
mum likelihood like θ = θ0, the expected Hessian of the negative log-likelihood
coincides with the Fisher Fθ0 . As a result, we can approximate Exxx [Hℓ(θ0)] with
the tractable diagonal Fisher F̂θ0 . Based onHℓ(θ0) ≈ F̂θ0 and further steps (see
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Section 4.4) , we can rearrange Ω(·) as:

Ω(·) ≈ ΩF̂(θ1, . . . , θT) =
1
2
∑T

t=1wt(1−wt)EWCθ0(θt)︸ ︷︷ ︸
see Eq. 4.12

−
∑T

t=1
∑

t′<twtwt′τtTF̂θ0τt′ .

(4.17)
Intuitively,ΩF̂(·) aims topreservepre-trainingknowledge embodiedby θ0 through
the first term; through the second one, instead, it encourages pairwise alignment
between task vectors. Also, we highlight that the summations depend on the
number of models T. Therefore, the more components we manage within the
ensemble, themore crucial it becomes to minimize ΩF̂(·)within Eq. 4.15.

Finally, we plug the approximated barrier term ΩF̂(·) into the optimization
problem outlined in Eq. 4.15. As learning proceeds in subsequent tasks, we can
optimize the composed model only one task at a time. To prevent biasing the
previously learned components of the pool toward current data, at each round
t we optimize only the weights θt ≜ θ0 + τt of the corresponding t-th learner,
while freezing the others components of the pool. This yields the following form
for the t-th learning task:

minimize
θt

Exxx,yyy∼pt(xxx,yyy) [ℓcur(θP |xxx, yyy)] + βΩF̂(θ1, . . . , θt). (4.18)

Finally, if we optimize only one θt at a time and wt = 1
t , then several terms

in Eq. 4.17 can be ignored, such as EWCθ0(θt′) for t′ < t. Hence, minimiz-
ing Eq. 4.18 is equivalent to minimize:

Exxx,yyy∼pt(xxx,yyy) [ℓcur(θP |xxx, yyy)] +
β
t

[
(1− 1

t )
1
2 EWCθ0(θt)− 1

t
∑

t′<t τtTF̂θ0τt′
]
.

(4.19)
As shown in Section 4.4 for both full and LoRA fine-tuning, the gradients of
the regularization term in Eq. 4.19 can be computed in closed form. Impor-
tantly, this derivation enables a lightweight optimization, as the analytical gradi-
ents maintain constant complexityw.r.t. the number of tasks.
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4.2 Algorithm(s)

We present Incremental Task Arithmetic (ITA) and
Incremental Ensemble Learning (IEL), two distinct algorithms for individ-
ual and ensemble incremental learning respectively. As shown in Algorithm 2,
they divide each task into the pre-consolidation and fine-tuning stages, with dif-
ferences occurring in the latter. We direct the reader to Section 4.6 for compre-
hensive implementation guidelines.

Task pre-consolidation.Due to the pivotal role of the local optimality of θ0 (Sec-
tion 4.1), we now follow up on this aspect and consider closed vocabularymodels.
Unlikemodels likeCLIP [134], closed vocabularymodels require the addition of
a tailored classification head to handle novel classes. In linewith [124], we denote
the process of fine-tuning only the added classification head as linear probing
(LP): specifically, LP keeps the rest of the layers fixed to the pre-training θ0. In
our work, we basically exploit linear probing to enforce the optimality of pre-
training weights θ0. Namely, during the pre-consolidation phase, we conduct
a few preliminary training epochs on the t-th incoming task, with the sole pur-
pose of fine-tuning the new classification head. From that point onward, the
fine-tuned head hhht0 is regarded as a part of pre-training weights θ0. Finally, the
pre-consolidation stage concludes with the update of the diagonal Fisher matrix
F̂θ0 .

Fine-tuning.While the pre-consolidation step is identical for both ITA and IEL,
they differ during the fine-tuning phase. The shared goal is to learn a task vector
τt s.t. θt ≡ θ0+τt for the current task. However, ITA treats τt as theweights of an
individual model, whereas IEL interprets it as a new learnable component of the
composition. In otherwords, ITA computes predictions through the t-th learner
f(xxx; θt), while IEL leverages the composed function f(xxx; θP). Moreover, their
regularizing objectives differ: ITA builds upon Eq. 4.11 (i.e. the additional EWC-
like term computed w.r.t. θ0), while IEL exploit Eqs. 4.18 and 4.19 to train the
composed model. Notably, both approaches can be applied to any fine-tuning
strategy in the formof θ0+Δθ. We conduct experiments onFull Fine-Tuning (i.e.
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(Eqs.4.18
and
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τt ∈ RFOUT×FIN), Low-Rank Adaptation (LoRA) [66] (i.e. τt = BtAt), and on
(IA)3 [99]. About the latter, let h represent the hidden dimension and l ∈ Rh

denote the (IA)3 task-specific vector: it can be shown that (IA)3 is equivalent
to θt ≡ θ0 + τt with τt = θ0 ⊙ ((l − 1h) ⊗ 1h), where 1h is the all-ones vector.
For each fine-tuning strategy, we initialize their parameters so that the resulting
task vector τt starts as a null vector at the beginning.

Computational analysis.As outlined in Section 4.5, by treating the composed
model as a cumulative averageof individualmodels, both training/inference stages
of ITA/IEL maintain constant complexityO(1) with respect to the number of
tasks T. Indeed, a single forward pass is sufficient to compute the output of the
composedmodel (constant time). Moreover, we do not need to store a separate
set of weights for each task (constant memory), provided we are not interested
in more complex forms of composition than the simplest uniform average (as
required for specialization and unlearning).

4.3 Experiments

Datasets. Following affine works [174, 22, 101], we evaluate on these class-
incremental benchmarks: Split ImageNet-R [63] (10 tasks × 20 classes each),
Split CIFAR-100 [84] (10 tasks × 10 classes), Split CUB-200 [166] (10 tasks ×
20 classes), Split Caltech-256 [55] (10 tasks, as in [101]), and Split MIT-67 [133]
(10 tasks, as in [101]). Weconduct further tests in the aerial andmedicaldomains
using Split RESISC45 [35] (9 tasks × 5 classes) and Split CropDiseases [68] (7
tasks × 5 classes). They provide a challenging benchmark for our proposals due
to their low domain similaritywith the ImageNet pre-training [123].

Benchmarking. We compare against recognized incremental methods as EWC
[81], LwF-MC [137], DER++ [25], L2P [174], and CODA [149]. We also asses
SEED [143], InfLoRA [98], APT [22], and TMC [101], four approaches fea-
turing compositionality and ensemble learning. Their description and the main
differences from our approaches are provided in Section 4.7. All methods, in-
cluding ours, utilize the same backbone – a ViT-B/16 [45] with supervised pre-
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Table 4.1: Comparison with SOTA (Final Accuracy [↑]). Best results in bold, second-best
underlined. EWC, LwF-MC, DER++ (buffer size of 1, 000 examples), SEED, and TMC rely on
full fine-tuning; L2P, CODA, and APT utilize prompt-based learning. Finally, InfLoRA adopts
LoRA fine-tuning.

Model IN-R C-100 CUB Caltech MIT RESISC CropDis.

Joint 86.08 91.74 87.12 93.21 87.19 96.79 99.71
Finetune 22.31 21.57 29.35 44.03 18.85 12.90 20.54

EWC 58.64 73.49 40.33 73.23 64.44 58.80 70.33
LWF-MC 50.93 72.16 21.88 79.73 67.04 68.09 78.28
DER++ 60.53 83.02 76.10 86.11 68.88 67.23 98.77
L2P 67.17 87.32 78.95 91.22 83.17 63.47 75.18
CODA 74.12 86.48 78.54 90.57 77.73 69.50 74.65
SEED 55.87 83.39 85.35 90.04 86.34 74.81 92.77
APT 65.32 86.19 69.51 87.71 75.83 49.99 59.37
InfLoRA 76.97 87.17 79.14 90.53 79.14 79.92 89.05
TMC 60.01 78.42 71.72 82.30 68.66 60.66 66.56

ITA-FFT 76.43 89.38 84.80 92.32 85.35 80.50 91.81
ITA-LoRA 77.79 89.96 85.55 92.65 86.60 82.00 95.85
ITA-(IA)3 77.04 90.66 85.67 92.67 84.74 83.73 95.41

IEL-FFT 80.09 89.38 84.89 92.23 82.79 81.42 95.83
IEL-LoRA 79.93 89.53 84.95 92.19 84.49 82.53 95.88
IEL-(IA)3 77.86 89.72 84.57 92.70 85.54 81.50 95.68

training on ImageNet21K [140] – and the samebatch size (128). We compute the
accuracy on all classes at the end of the final task (Final Accuracy, FA). Follow-
ing [25], the hyperparameters are chosen through a grid search on a validation
set (i.e. 10% of the training set). This procedure was repeated for each method,
ensuring careful tuning of the search space.

Comparison with SOTA. As reported in Table 4.1, ITA and IEL outperform
existing approaches on all datasets except MIT-67 and CropDisease. At times,
theymatch SEED;however, its reliance onMixture of Expertsmakes its inference
computationally demanding. Our results far exceed those of TMC, showcasing
the potential of the non-linear regime over linearization. Considering the good
results on RESISC and CropDis., ITA and IEL do not seem affected by large
domain shifts, indicating that our formulation remains effective even when the
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Table 4.2: For ITA, analysis of the impact of the proposed regularization loss (FA [↑]).

Model IN-R C-100 CUB Caltech MIT RESISC CropDis.

ITA-FFT (reg) 76.43 89.38 84.80 92.32 85.35 80.50 91.81
without Eq. 4.12 reg. 8.61 17.59 10.47 12.76 12.01 17.17 20.64
Eq. 4.12 only onCLS 76.00 87.60 83.54 91.04 81.45 75.26 77.00

ITA-LoRA (reg) 77.79 89.96 85.55 92.65 86.60 82.00 95.85
without Eq. 4.12 reg. 50.17 66.58 60.58 74.87 52.74 37.59 55.86
Eq. 4.12 only onCLS 77.33 90.03 85.55 92.59 84.86 80.64 96.22

ITA-(IA)3 (reg) 77.04 90.66 85.67 92.67 84.74 83.73 95.41
without Eq. 4.12 reg. 71.82 88.43 77.61 90.66 69.14 69.01 63.72
Eq. 4.12 only onCLS 76.72 90.48 85.56 92.56 85.25 84.37 95.45

IEL-FFT (reg) 80.09 89.38 84.89 92.23 82.79 81.42 95.83
without Eq. 4.19 reg. 40.85 52.56 14.02 53.76 47.63 39.20 31.24
Eq. 4.19 reg. only onCLS 77.99 85.82 85.30 91.43 77.58 76.87 96.18

IEL-LoRA (reg) 79.93 89.53 84.95 92.19 84.49 82.53 95.88
without Eq. 4.19 reg. 51.15 66.01 60.39 70.71 55.38 42.72 45.25
Eq. 4.19 reg. only onCLS 76.14 86.11 84.43 91.77 82.50 70.05 95.54

IEL-(IA)3 (reg) 77.86 89.72 84.57 92.70 85.54 81.50 95.68
without Eq. 4.19 reg. 73.72 84.00 74.72 89.58 69.82 62.52 66.29
Eq. 4.19 reg. only onCLS 77.23 89.38 84.70 92.76 85.43 81.60 95.72

pre-trainingoptimality is challenged. Finally, given the comparable results of ITA
and IEL, we recommend ITA as the preferred starting point for future research,
in light of the greater flexibility offered by the individual training paradigm.

On the impact of regularization. Table 4.2 reports the results of both ITA
and IEL when the regularization term in Eq. 4.12 is removed. To evaluate the
effect on distinct layers, we additionally assess the model with only the last classi-
fication layer regularized (see Eq. 4.12 only onCLS in Table 4.2). As observed: i)
applying Eq. 4.12 is beneficial for all examined fine-tuning strategies; ii) although
regularizing all layers is the most consistent approach, applying Eq. 4.12 only on
the classification head already yields good accuracy. This suggests that composi-
tionality in closed-setmodels is largely dependent on the learningdynamics of the
last layer. Finally, full fine-tuning (FFT) struggles the most when no regulariza-
tion or partial regularization is applied, in contrast to PEFTmodules like LoRA
and (IA)3 that still manage to achieve decent results. We ascribe this evidence to
the tendency of PEFT modules to forget less of the pre-trained knowledge [18],

89



44444

A Second-Order Perspective onModel Compositionality and Incremental Learning

IN-R C-100 CUB Caltech MIT RESISC CropD
0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

U
p

p
.

b
ou

n
d

&
E

m
p

ir
ic

al
ri

sk

Impact of ITA reg. (Eq. 12)

ˆ̀(θ0)
∑
wt ˆ̀(θt) (w/o reg.)

ˆ̀(θP) (w/o reg.)

∑
wt ˆ̀(θt) (+ reg.)

ˆ̀(θP) (+ reg.)

Figure 4.1: Effect of ITA. Best viewed in color.

a feature we identify as beneficial for model compositionality.
To gain insights into our regularization, we revisit the foundations of ITA:

specifically the inequality in Eq. 4.5, which states that the risk of the composed
model ℓ̂cur(θP) is upper bounded by the weighted risk of the individual models∑

wtℓ̂cur(θt). In practice, there is no guarantee that this upper bound is tight: as
these individual models are trained on disjoint tasks, their risk is likely high for
examples outside their training distribution. We hence expect the upper bound
to be loose: this is shown in Figure 4.1, where we measure the effect of our reg-
ularization on the empirical risk of the composed model
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. From this lens, ITA significantly tightens the upper bound, with a re-

markable reduction of the risk
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Notably, the latter consistently surpasses the pre-trained model ℓ̂cur(θ0)
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(ob-
tained with linear probing). This indicates that there is a good margin to find a
point in parameter space that improves pre-training. Vice versa, the upper bound∑

wtℓ̂cur(θt) does not exceed pre-training, even with regularization applied, rais-
ing the theoretical possibility of regret between the composed model and pre-
training. This work provides empirical evidence to address it but a theoretical
analysis is needed, which we leave for future works.

On the compositional skills of ITA and IEL.We herein investigate specializa-
tion and unlearning capabilities of our approaches. Specifically, given the task
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vectors trained on the sequence of tasks, we freeze and use them to edit the com-
posed model. As these adaptations involve simple additions and subtractions of
task vectors, we can perform specialization and unlearning in a zero-shot fashion
requiring no examples. In particular, through the former test on specialization,
we examine whether composing only a subset of the task vectors can boost the
composed model on the respective selected tasks. In doing so, we focus on three
tasks of the incremental sequence i.e. the first, the central, and the last one. The
performance is thenmeasured considering the average FAacross the taskswewish
to specialize in (FATGT ) and the average FA across the others (FACTRL ). In the
second test, instead, our goal is to eliminate knowledge of a specific task with-
out degrading performance on other tasks (unlearning). Specifically, to unlearn
a given task, we subtract its associated task vector from the composition, which
still includes the weights of the tasks that need to be preserved. Afterwards: i)we
measure the accuracy for the unlearned task (FATGT ) and the others (FACTRL );
ii) the procedure is then repeated for all tasks, with the performance averaged
across them. The results are inTable 4.3, wherewe comparewithTMCby [101],
i.e.model linearization and tangent fine-tuning. Regarding specialization, both
ITA and TMC improve the accuracy on the target tasks. IEL, instead, leads
to a severe drop during specialization. This yields an interesting finding: while
Table 4.1 highlights its performance as satisfying, we observe that the ensemble
struggles when any of its members are removed. In an era where ensemble mod-
els are experiencing renewed attention [98, 110], this evidence should be sobering.
On the other hand, we underline the specialization capabilities of ITA, with the
best absolute performance on the target tasks. We ascribe it to the devised regular-
ization objective and the natural advantages of the non-linear regime. When fo-
cusing on unlearning, ITA shows mixed results. Notably, both ITA and TMC
consistently reduce the performance of the task to be forgotten. While this also
affects the tasks that should be preserved, ITA exhibits a greater distinction be-
tween the target and control tasks, indicating a more effective disentanglement
of knowledge across tasks.
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Table 4.3: Analysis of compositional capabilities. In parentheses, we report the gain (or loss) in
accuracy on the target task.

Dataset Model zero-shot specialization zero-shot unlearning
FATGT [↑] FACTRL FATGT [↓] FACTRL

ITA-LoRA 80.83 (+11.40) 50.52 22.77 (−55.02) 52.72 (−25.07)

IEL-LoRA 73.46 (−06.68) 38.46 18.55 (−61.38) 41.97 (−37.96)IN-R
TMC 69.93 (+08.36) 34.08 45.77 (−14.24) 54.37 (−05.64)

ITA-LoRA 92.80 (+01.63) 60.06 28.67 (−61.29) 71.96 (−17.99)

IEL-LoRA 77.77 (−13.22) 37.90 19.48 (−70.05) 56.52 (−33.01)C-100
TMC 87.53 (+06.49) 45.75 55.63 (−22.79) 71.83 (−06.59)

ITA-LoRA 90.46 (+05.21) 57.87 68.19 (−17.36) 74.63 (−10.92)

IEL-LoRA 74.03 (−10.57) 47.95 22.44 (−62.51) 30.99 (−53.96)CUB
TMC 71.06 (+09.92) 44.93 67.91 (−03.81) 53.22 (−18.50)

ITA-LoRA 89.84 (−01.21) 65.47 80.02 (−12.63) 82.40 (−10.25)

IEL-LoRA 79.70 (−12.99) 62.45 32.00 (−60.19) 42.03 (−50.16)Caltech
TMC 89.23 (+10.63) 49.46 64.52 (−17.78) 73.33 (−08.97)

ITA-LoRA 89.66 (+08.17) 57.30 36.99 (−49.61) 74.75 (−11.85)

IEL-LoRA 56.14 (−19.38) 37.54 06.39 (−78.10) 32.57 (−52.02)MIT
TMC 88.03 (+10.11) 30.56 29.77 (−38.89) 62.03 (−06.63)

ITA-LoRA 89.47 (+06.70) 49.75 33.38 (−48.62) 64.06 (−17.94)

IEL-LoRA 90.13 (+04.92) 48.06 32.77 (−49.76) 65.19 (−17.34)RESISC
TMC 75.77 (+27.63) 17.00 06.64 (−54.02) 52.31 (−08.35)

ITA-LoRA 97.63 (+00.11) 53.05 65.87 (−29.98) 79.24 (−16.61)

IEL-LoRA 90.12 (−04.68) 48.31 34.01 (−61.87) 54.43 (−41.45)CropDis.
TMC 73.60 (+09.23) 15.95 06.24 (−60.32) 53.21 (−13.35)

4.4 Proofs

PROOFOF THEOREM 1

Proof. For the sake of notation, we will use the shortcuts ℓ0 ≜ ℓ(θ0), Jℓ ≜
∇ℓ(θ0), andHℓ ≜ Hℓ(θ0). Given a setting with only two learners A and B, the
second-order approximation of the loss function of the composed modelP is:

ℓcur(θP) = ℓ0 + (θP − θ0)TJℓ +
1
2
(θP − θ0)THℓ(θ− θ0)
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= (wa + wb)︸ ︷︷ ︸
=1

ℓ0 + ( θP − θ0︸ ︷︷ ︸
waτa+wbτb

)TJℓ +
1
2
(θP − θ0)THℓ(θ− θ0)

= waℓ0 + wbℓ0 + (waτa + wbτb)TJℓ +
1
2
(waτa + wbτb)THℓ(waτa + wbτb)

= waℓ0 + wbℓ0 + waτTaJℓ + wbτTb Jℓ +
1
2
(waτTa + wbτTb )Hℓ(waτa + wbτb)

= wa[ℓ0 + τTaJℓ] + wb[ℓ0 + τTb Jℓ] +
1
2
(waτTaHℓ + wbτTbHℓ)(waτa + wbτb)

= wa[ℓ0 + τTaJℓ] + wb[ℓ0 + τTb Jℓ] +
1
2
(w2

aτTaHℓτa + w2
bτ

T
bHℓτb+

+ wawbτTaHℓτb + wawbτTbHℓτa)

Given that τTaHℓτb is a scalar and (ABC)T = (CTBTAT)

→ τTaHℓτb = (τTaHℓτb)T = (τTb Hℓ︸︷︷︸
symm.

Tτa) = τTbHℓτa

ℓcur(θP) = wa[ℓ0 + τTaJℓ]+

+ wb[ℓ0 + τTb Jℓ] +
1
2
(w2

aτTaHℓτa + w2
bτ

T
bHℓτb + 2wawbτTaHℓτb)

= wa[ℓ0 + τTaJℓ]+

+ wb[ℓ0 + τTb Jℓ] +
1
2
(w2

aτTaHℓτa︸ ︷︷ ︸
w2
a=wa(1−wb)
=wa−wawb

+w2
bτ

T
bHℓτb + 2wawbτTaHℓτb)

= wa[ℓ0 + τTaJℓ +
1
2
τTaHℓτa] + wb[ℓ0 + τTb Jℓ] +

1
2
(waτTaHℓτa+

+ wbτTbHℓτb − wawbτTaHℓτa − wawbτTbHℓτb + 2wawbτTaHℓτb)

= wa[ℓ0 + τTaJℓ +
1
2
τTaHℓτa] + wb[ℓ0 + τTb Jℓ+

+
1
2
τTbHℓτb]−

1
2
wawb(τTaHℓτa + τTbHℓτb − 2τTaHℓτb)

= waℓcur(θA) + wbℓcur(θB)−
1
2
wawb(τTaHℓτa + τTbHℓτb − 2τTaHℓτb)

= waℓcur(θA) + wbℓcur(θB)−
1
2
wawb(τa − τb)THℓ(τa − τb).
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In the multiple learning setting, we have that θP = θ0 + τP = θ0 +
∑T

t=1wtτt
with

∑T
t=1wt = 1. Therefore:

ℓcur(θP) = ℓ0 + (θP − θ0)TJℓ +
1
2
(θP − θ0)THℓ(θ− θ0)

=
T∑
t=1

wt︸ ︷︷ ︸
=1

ℓ0 + τPTJℓ +
1
2
τPTHℓτP

=
T∑
t=1

wtℓ0 + (
T∑
t=1

wtτt)TJℓ +
1
2
τPTHℓτP

=

T∑
t=1

wt

[
ℓ0 + τtTJℓ

]
+

1
2
τPTHℓτP .

Let us now focus on the quadratic term:

τPTHℓτP = (

T∑
t=1

wtτt)THℓ(

T∑
t=1

wtτt) = (

T∑
t=1

wtτTt Hℓ)(

T∑
t=1

wtτt)

= (

T∑
t=1

wtτTt Hℓ)(wtτt +
T∑

t′ ̸=t

wt′τt′) =

=
T∑
t=1

wt
2τTt Hℓτt + wtτTt Hℓ

T∑
t′ ̸=t

wt′τt′

=

T∑
t=1

wt
2τTt Hℓτt +

T∑
t=1

wtτTt Hℓ

T∑
t′ ̸=t

wt′τt′

=
T∑
t=1

wt
2τTt Hℓτt +

T∑
t=1

T∑
t′ ̸=t

wtwt′τTt Hℓτt′

Since τTt Hℓτt′ = τTt′Hℓτt (symmetry)

=

T∑
t=1

wt
2τTt Hℓτt + 2

T∑
t,t′<t

wtwt′τTt Hℓτt′
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Given that wt
2 = wt · wt = wt(1−

∑T
t′ ̸=t wt′) = wt − wt

∑T
t′ ̸=t wt′ :

=
T∑
t=1

wt − wt

T∑
t′ ̸=t

wt′

 τTt Hℓτt + 2
T∑

t=1,t′<t

wtwt′τTt Hℓτt′

=

T∑
t=1

wtτTt Hℓτt −
T∑
t=1

wt

T∑
t′ ̸=t

wt′

 τTt Hℓτt + 2
T∑

t=1,t′<t

wtwt′τTt Hℓτt′

=

T∑
t=1

wtτTt Hℓτt −
T∑
t=1

T∑
t′ ̸=t

wtwt′τTt Hℓτt + 2
T∑

t=1,t′<t

wtwt′τTt Hℓτt′

=

T∑
t=1

wtτTt Hℓτt −
T∑

t=1,t′<t

wtwt′(τTt Hℓτt + τTt′Hℓτt′) + 2
T∑

t=1,t′<t

wtwt′τTt Hℓτt′

=
T∑
t=1

wtτTt Hℓτt −
T∑

t=1,t′<t

wtwt′(τTt Hℓτt + τTt′Hℓτt′)− 2wtwt′τTt Hℓτt′

=

T∑
t=1

wtτTt Hℓτt −
T∑

t=1,t′<t

wtwt′(τTt Hℓτt + τTt′Hℓτt′ − 2τTt Hℓτt′)

=

T∑
t=1

wtτTt Hℓτt −
T∑

t=1,t′<t

wtwt′(τt − τt′)THℓ(τt − τt′)
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Therefore:

ℓcur(θP) = ℓ0 + (θP − θ0)TJℓ +
1
2
(θP − θ0)THℓ(θ− θ0)

=

T∑
t=1

wt

[
ℓ0 + τtTJℓ

]
+

1
2
τPTHℓτP .

=

T∑
t=1

wt

[
ℓ0 + τtTJℓ

]
+

1
2

T∑
t=1

wtτTt Hℓτt+

− 1
2

T∑
t=1,t′<t

wtwt′(τt − τt′)THℓ(τt − τt′)

=
T∑
t=1

wt

[
ℓ0 + τtTJℓ +

1
2
wtτTt Hℓτt

]
+

− 1
2

T∑
t=1,t′<t

wtwt′(τt − τt′)THℓ(τt − τt′)

=

T∑
t=1

wtℓcur(θt)−
1
2

T∑
t=1,t′<t

wtwt′(τt − τt′)THℓ(τt − τt′),

which ends the proof of Theorem 1.

PROOFOF EQ. 4.17

Proof. In the dual-learner setting we have:

Ω(A,B) =
1
2
wAwB(τA − τB)THℓ(θ0)(τA − τB).

If we replace the Hessian matrix with the diagonal Fisher matrix F̂θ0 , we get:

Ω(A,B) =
1
2
wAwB(τA − τB)TF̂θ0(τA − τB) =

=
1
2
wAwB

[
τATF̂θ0τA − 2τATF̂θ0τB + τBTF̂θ0τB

]
.
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If we focus on the first term inside the parenthesis, we obtain:

τATF̂θ0τA = τATF̂
1/2
θ0 F̂

1/2
θ0 τA = (F̂1/2

θ0 τA)
T(F̂1/2

θ0 τA) = ∥F̂
1/2
θ0 τA∥

2
2

=

|θA|∑
i=1

F̂(i)θ0 (τ
(i)
A )2 =

|θA|∑
i=1

F̂(i)θ0 (θ
(i)
A − θ(i)0 )2 = EWCθ0(θA).

Therefore, we can rewrite Ω(A,B) as:

Ω(A,B) =
1
2
wAwB

[
EWCθ0(θA) + EWCθ0(θB)− 2τATF̂θ0τB

]
.

We now generalize to T ≥ 2. Starting from Eq. 4.14 and replacing the Hessian
with the diagonal Fisher approximation F̂θ0 , we obtain:

1
2

T∑
t=1,t′<t

wtwt′(τt − τt′)THℓ(τt − τt′) ≈

≈ 1
2

T∑
t=1,t′<t

wtwt′
[
EWCθ0(θt) + EWCθ0(θt′)− 2τTt F̂θ0τt′

]

=
1
2

T∑
t=1,t′<t

wtwt′ [EWCθ0(θt) + EWCθ0(θt′)]−
T∑

t=1,t′<t

wtwt′τTt F̂θ0τt′

=
1
2

T∑
t=1,t′ ̸=t

wtwt′ EWCθ0(θt)−
T∑

t=1,t′<t

wtwt′τTt F̂θ0τt′

=
1
2

T∑
t=1

wt EWCθ0(θt)
T∑

t′ ̸=t

wt′︸ ︷︷ ︸
1−wt

−
T∑

t=1,t′<t

wtwt′τTt F̂θ0τt′

=
1
2

T∑
t=1

wt(1− wt)EWCθ0(θt)−
T∑

t=1,t′<t

wtwt′τTt F̂θ0τt′ ,

which aligns with the result of Eq. 4.17.
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CLOSED FORMGRADIENTS FOR EQ. 4.19

We start by deriving the gradients of ΩF̂(·) (Eq. 4.14) w.r.t. the generic task vec-
tor τk. We initially consider the case of full-fine tuning, and then generalize the
results to LoRA and (IA)3.

To simplify the calculations, we first rearrange ΩF̂(·) as:

ΩF̂(θ1, . . . , θT) =
1
2

T∑
t=1

∑
t′<t

wtwt′(τt − τt′)TF̂θ0(τt − τt′)

≈ 1
2

T∑
t=1

wt(1− wt)EWCθ0(θt)−
T∑

t=1,t′<t

wtwt′τTt F̂θ0τt′ (see Eq. 4.17),

Therefore, we can write:

∂ΩF̂
∂τk

=
∂
[ 1
2
∑T

t=1 wt(1− wt)EWCθ0(θt)
]

∂τk
−

∂
[∑T

t=1,t′<t wtwt′τTt F̂θ0τt′
]

∂τk

=
∂
[ 1
2wk(1− wk)EWCθ0(θk)

]
∂τk

− (4.20)

−
∂
[∑

t′<kwkwt′τTk F̂θ0τt′ +
∑

t̸=k,t′<twtwt′τTt F̂θ0τt′
]

∂τk

= wk(1− wk)
∂
[ 1
2 EWCθ0(θk)

]
∂τk

−
T∑

t′ ̸=k

wkwt′
∂τTk F̂θ0τt′

∂τk

= wk(1− wk) F̂θ0 ⊙ τk − wk

T∑
t′ ̸=k

wt′ F̂θ0 ⊙ τ′t

= wk

[
(1− wk) F̂θ0 ⊙ τk −

T∑
t′ ̸=k

wt′ F̂θ0 ⊙ τ′t
]

= wk

F̂θ0 ⊙ [
(1− wk)τk −

T∑
t′ ̸=k

wt′τ′t
] . (4.21)

We now suppose that training is performed incrementally on a sequence of
1, 2, . . . , k, . . . ,T tasks. During the k-th task, IEL optimizes only τk, namely the
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task vector instantiated at the beginning of the k-th task. Indeed, as discussed in
Section 4.1 (Eq. 4.19), the task vectors τ1, τ2, . . . , τk−1 introduced in preceding
tasks are kept frozen. Moreover, at each round, we devise uniform weights, such
thatwt =

1
k , with t < k. On top of that, we can rewrite the gradients in Eq. 4.20

as:
∂ΩF̂
∂τk

=
1
k

[
F̂θ0 ⊙

[
(1− 1

k
)τk −

1
k
∑
t<k

τt
]]

(4.22)

Notably, the term 1
k
∑

t<k τt is a running average of the preceding task vectors.
As also discussed in Section 4.5, this reduces the memory/time computational
cost for computing the gradients of ΩF̂ toO(1).

As a final step, we can exploit the result in Eq. 4.22 to compute the gradients
of LoRA (τk = BkAk) and (IA)3. For LoRA, we have that:

∂Ω
∂Bk

=
∂Ω
∂τk

∂τk
∂Bk

=
1
k

[
F̂θ0 ⊙

[
(1− 1

k
)τk −

1
k
∑
t<k

τt
]]

AT

∂Ω
∂Ak

=
∂Ω
∂τk

∂τk
∂Ak

=
1
k
BT

[
F̂θ0 ⊙

[
(1− 1

k
)τk −

1
k
∑
t<k

τt
]]

In the case of (IA)3, where τk = θ0 ⊙ ((lk − 1d)⊗ 1d):

∂Ω
∂lk

=
∂Ω
∂τk

∂τk
∂lk

=

[
1
k

[
F̂θ0 ⊙

[
(1− 1

k
)τk −

1
k
∑
t<k

τt
]]
⊙ θT0

]
1d

where 1d is a d-dimensional column vector of ones with shape d× 1.

4.5 Computational analysis

Analysis of ITA.Regarding ITA (i.e. individual training), the learning phase has
constantO(1) time and memory complexity. As each model is optimized in iso-
lation, the training cost is similar to that of EWC [81] and stems from the compu-
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tation and storage of the Fisher InformationMatrix, along with the calculations
of the penalty term. During the evaluation phase, the time complexity of ITA re-
mainsO(1), as it involves a single forward pass on the composed model f(·; θP).
Memory complexity, on the other hand, isO(T) if maintaining separate models
with distinct expertise is desired (e.g. for later re-composition). Otherwise, this
can be avoided by considering the composed model as a cumulative average of
individual models (see later), resulting in a memory cost ofO(1).

Analysis of IEL. Referring to IEL (i.e. ensemble training), it might initially ap-
pear expensive due to theJT of the ensemble. However, the complexity of IEL re-
mains constant toO(1) in terms of bothmemory and time. This reduction is in-
tuitive when we view the ensemble as a cumulative average of individual weights.
To demonstrate this, we begin by considering the following cascade of models to
be learned:

Task#1 → f(·; θP = θ0 + τ1)

Task#2 → f(·; θP = θ0 +
1
2
τ1 +

1
2
τ2)

. . .

Task#t → f(·; θP = θ0 +
1
t
τ1 +

1
t
τ2 + · · ·+

1
t
τt−1 +

1
t
τt)

Ateach task, only the latter componentof the composedmodel is learnable,while
the preceding components are frozen:

Task#t → f(·; θP = θ0 +
1
t
τ1 +

1
t
τ2 + . . .

1
t
τt−1︸ ︷︷ ︸

frozen components

+
1
t

τt︸︷︷︸
learnable

).

Therefore, as the preceding#t− 1 components are kept frozen, we can incorpo-
rate them into the initialization weights θ0 → θ(t)0 and optimize:

Task#t → f(·; θP = θ(t)0 +
1
t
τt) where θ(t)0 = θ0 +

1
t

t−1∑
t′=1

τt′ .
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Under this perspective, the learning of the t-th task is comparable to standardfine-
tuning with a re-scaling factor= 1/t. Therefore, provided that θ(t)0 is computed
once at the beginning of the t-th task, the learning of the t-th task has constant
O(1) time complexity.

It is noted that optimizing Eq. 4.19 via gradient descent can be similarly simpli-
fied, resulting in a constantO(1) time complexity. In fact, the gradients derived
in Section 4.4 involve averaging the weights learned during previous tasks, specif-
ically 1

t
∑t−1

t′=1 τt′ . Since the weights from previous tasks are frozen during the
current task, we can compute this average once and cache it.

To reduce memory complexity to O(1), we must avoid storing τ1, . . . , τt−1

separately. This can be accomplished by assuming an initial null displacement
τ000 = 000 and redefining θ(t)0 as:

θ(t)0 = θ0 +
1
t

t−1∑
t′=1

τt′ = θ0 + τ000 +
1
t

t−1∑
t′=1

τt′ = θ0 +
1
t

t−1∑
t′=0

τt′ =

= θ0 + τ(t)AVG

The term τ(t)AVG = 1
t
∑t−1

t′=0 τt′ is basically the cumulative average of the displace-
ments up to the current task (excluded). The cumulative average is straightfor-
ward to compute and, as is well-known, eliminates the need to store all previous
values appearing in the sum, with resulting memory complexityO(1).

4.6 Implementation details of ITA and IEL

Task pre-consolidation – Linear Probing. At the beginning of each task, dur-
ing the pre-consolidation phase, we train a new classification head to account for
the classes introducedby the current task. While the rest of the backbone remains
frozen, a new linear classification layer is then trained with standard Stochas-
tic Gradient Descent (SGD) for a varying number of epochs, depending on the
dataset (typically either 3 or 8 epochs, as detailed in Section 4.9).

With standard linear probing, the newly trained classification head can be con-
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sidered reliable only for the classes of the current task. However, it may bemiscal-
ibrated for classes from previous tasks. This misalignment could undermine the
role of pre-training in regularization. To mitigate this and enforce the hypoth-
esis of pre-training optimality for the global empirical risk across all tasks, we
adopt a classifier alignment approach inspired by [196]. For each new class, we
fit a class-specificMixture ofmultivariateGaussians (MoG)model on the feature
representations obtained from the frozen pre-trained model. To capture intra-
class variations, we use K = 5 Gaussian components per MoG. In subsequent
tasks, we generateN = 256 synthetic feature vectors using the respective MoGs.
These generated feature vectors, encompassing both past and present classes, are
then used to fine-tune the new classification head. This approach allows us to
enforce the hypothesis of pre-training optimality without relying on input data
from other tasks.

Task pre-consolidation – Update of the FIM.Afterward, the diagonal Fisher
Information Matrix (FIM) has to be updated to incorporate new information
from the current task. Similar to [146], we consider the estimated FIM as an on-
line cumulative average of the squared gradients of the negative log-likelihood.
Unlike [146], we do not introduce the hyper-parameter γ to down-weight the
importance of the previous estimate. Moreover, following [85], we compute
the true FIM as defined in Eq. 4.10: i.e. taking the expected gradient on the
prediction vector ŷ. This approach differs from the majority of existing meth-
ods [146, 81, 31], which apply a further approximationby relyingon the empirical
FIM: i.e. only considering the gradient of the ground truth label. Consequently,
our estimate ismore accurate but requiresmultiple backwardpasses, but the com-
putational impact of this operation can be significantly reduced through batch-
wise parallelization as in [50].

Fine-tuning – Initialization. All methods utilize the same pre-training (super-
vised) on ImageNet21K (‘vit_base_patch16_224.augreg_in21k‘ from the
‘timm‘ library). Following the original works, we initialize the learnable parame-
ters such that task vectors start from the pre-train initialization:
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4.7 Discussion on competing methods
To deliver the most comprehensive and significant comparison with the state of
the art in incremental learning, we chose a combination of well-established stan-
dard approaches (such as EWC,DER++, L2P, andCODA) and recent proposals
emphasizing compositionality skills (e.g. TMC andAPT) and ensemble learning
(i.e. SEED). It is important to note that these methods have been heavily influ-
enced by the research trends prevalent at the time they were originally proposed,
and therefore, they tend to employ different strategies for fine-tuning the model.
To sum up:

• EWC, LwF, DER++, SEED and TMC leverage on full-fine tuning.

• L2P, CODA, APT resort instead to prompting.

Therefore, achieving a direct apple-to-apple comparison is challenging, as the ap-
proaches present in the literature are themselves prone to this issue.

We herein summarize themain aspects of themore important recentmethods
we compared with.

Elastic Weight Consolidation (EWC) As discussed in the main paper, while
our approach regularizes the distance in parameter space with respect to θ0, the
regularization in EWC [81] instead focuses on the weights learned during the
preceding task. However, beyond the different regularizing strategies, there is
another significant difference between ITAandEWC.While ITAfine-tunes each
task starting from the same original pre-trained model θ0, EWC begins with the
weights of the previous task.

It is noted that anEWC-like term that protects the last taskweights couldwork
as well in our framework based on task vectors. We chose to anchor the model to
the pre-trainingweights to allow formore flexible decentralized learning, wherein
multiple task vectors can be trained on different tasks in parallel, with minimal
interactions. In contrast, an EWC-like term, which regularizes each successor
based on its predecessor, would necessitate training the multiple task vectors in
sequence.
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Learning to Prompt (L2P) [174] andCODA-Prompt [149] are two continual
learning techniques based on prompting. They fine-tune a pre-trained model
through a few learnable parameters stored in a prompt pool, which can be either
shared or tied to different tasks. At inference time, the prompts are retrieved from
the pool through a query-key search. In terms ofmemory complexity, our ITA is
in linewithL2PandCODAwhencoupledwith aparameter-efficientfine-tuning
technique such as IA3. Moreover, ITA does not require the additional forward
pass on the frozen pre-trained model required to retrieve the prompts.

À-la-carte Prompt Tuning (APT) [22] is a prompt-based strategy similar to
L2P andCODA.The prompts are trained in isolation (similarly to ITA) and con-
catenated at inference time to create the composed predictor (no prior query-key
search is required). To avoid destructive interference, a tailored masking mech-
anism is employed in self-attention layers. Differently, our approaches fuse pa-
rameters through linear combinations.

Tangent Model Composition (TMC) [101] is a recent approach addressing
continual learning through task arithmetic in the tangent space. TMC builds
upon task vectors and is similar to ITA (full fine-tuning). They differ in two as-
pects: i)TMCapplies a first-order approximation of the forward pass to support
compositionality, making it two to three times slower than a non-linear forward
pass; ii)TMC does not include auxiliary regularization during training.

Selection of Experts for Ensemble Diversification (SEED) [143] is a recent
approach that trains an ensemble of models incrementally. For each incoming
task, an expert model is chosen from the pool and trained. The major differ-
ence with respect to our IEL concerns the inference stage: while IEL performs
an ensemble prediction inO(1) time (thanks to weight averaging), SEEDmakes
inference on all models at test time and averages their predictions.

Model merging. While we address compositionality during training, other ap-
proaches focus on post-training techniques, as simple averaging leads to interfer-
ence [187] when parameters are redundant or have conflicting signs. TIES [187]
discards uninformative parameters and addresses conflicts via majority voting.
Zipit! [154] merges redundant parameters that produce similar features, while
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RegMean [75] exploits a closed-form solution for linear layers. Notably, [113]
weighs the contribution of each parameter through the Fisher matrix, computed
by each individual model at its optimum. This differs from our approach that
evaluates the FIM at the pre-training optimum.

• Full Fine-Tuning: we apply zero-initialization.

• LoRA: we use Gaussian initialization for matrix A and zero initialization
for matrix B.

• (IA)3: we initialize the vectors lwith ones.

Fine-tuning – Loss function. Importantly, while our derivations regard the
second-order approximation ℓcur, the full loss ℓ is instead employed in our algo-
rithms. Indeed, as is common in frameworks similar to ours [31, 119], the Taylor
approximation is employed to build a surrogate of the exact loss that is both ac-
curate and mathematically tractable. However, when it comes to practice, this
proxy is often relaxed, and the full target function is used instead for simplicity.

Following existing works [149, 174], we employ the local cross-entropy loss
as the learning objective. Given an example from the current task, while the
standard cross-entropy loss considers logits related to all classes, including those
learned in previous tasks, the local cross-entropy focuses only on logits corre-
sponding to the classes introduced in the current task. This approach prevents
the logits of past classes from being overly penalized during the current task [27,
20]. To ensure a fair comparison in our experiments, we apply this modification
to other competing methods (e.g. EWC [81]).

Fine-tuning – Optimization. In each experiment, we use the AdamW opti-
mizer [103] with a learning rate of 3 × 10−4 for LoRA and (IA)3 fine-tuning,
and 1 × 10−4 for full fine-tuning. Importantly, in both ITA and IEL, we em-
ploy a decoupled strategy [103] to incorporate the gradients of the regularization
term. Specifically, we apply the gradients of the regularizing objectives directly
to the parameters before the gradient update step, ensuring that the regulariza-
tion term does not interfere with momentum in the optimization dynamics. By
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adopting this approach, we observe an empirical improvement in final accuracy,
attributed to a more effective minimization of the Riemannian distance relative
to the pre-training initialization (see Eq. 4.12). Finally, we apply this decoupled
gradient update exclusively to LoRA and (IA)3. For full fine-tuning, we refrain
from using it as we observed numerical instabilities (i.e. exploding loss).

Furthermore, we decouple the regularization strength applied to the final clas-
sification layer from that applied to the rest of the learnable parameters. This
introduces two additional hyper-parameters: αCLS for ITA and βCLS for IEL. In-
tuitively, by decoupling the regularization weights, we can increase the regular-
ization strength of intermediate layers without causing numerical instabilities,
which often stem from the final classification layer.

4.8 Datasets
We conduct a comprehensive evaluation using a variety of benchmarks. Follow-
ing the current literature on pre-trained CL models [174, 172, 149], we include
conventional image datasets such as Split CIFAR-100 and Split ImageNet-R.We
also include Split CUB-200, Split Caltech-256 and Split MIT-67, recently used
in the context of composable incremental methods [22, 101]. Finally, we assess
the adaptability of these pre-trainedmethods in settings with decreasing domain
similarity to the ImageNet pre-training utilized by our backbonemodel [123, 40].
Specifically, these settings include the satellite and medical domains, represented
by Split RESISC45 and Split CropDiseases, respectively. In the following, we
outline the due details:

• Standard domains: Split CIFAR-100 [84] and Split ImageNet-R [63],
with respectively 100 and 200 classes split into 10 tasks. We train each task
of Split ImageNet-R for 30 epochs and each task of Split CIFAR-100 for
20 epochs. In particular, IN-R is a variant of the ImageNet dataset that
includes artistic renditions such as sketches, cartoons, and paintings. It
is used to evaluate the robustness and generalization capabilities of mod-
els trained on the original ImageNet when tested on out-of-distribution
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data. Following [101], we also employ Split Caltech-256 [55] and Split
MIT-67 [133], dividing both into 10 tasks (5 epoch each).

• Specialized domain: We adopt Split CUB-200 [166] to evaluate compo-
sitional capabilities in a more fine-grained classification scenario, namely
recognizing 200 species of birds. The classes are split across 10 tasks, each
lasting for 50 epochs.

• Aerial domain: we use Split RESISC45 [35], which comprises 30000
RGB satellite images for land use and land cover classification. The dataset
contains 45 classes (e.g. airport, cloud, island, and so on) divided into 9
tasks, with each task lasting 30 epochs.

• Medical domain: wefinally explore themedical setting (i.e. plant diseases)
and conduct experiments on Split CropDiseases [68]. It regards infected
leaves with 7 tasks of 5 classes each (5 epochs).

We base our code on Mammoth [25, 24], a widely adopted framework in the
class-incremental learning literature.

4.9 Hyperparameters

The hyperparameters employed for each experimenmt are reported in Tables 4.4
to 4.10.
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Table 4.4: Hyperparameters for each method tested on ImageNet-R.

Method Hyperparameters

CODA-Prompt lr = 1.0× 10−3

DER++ α = 3.0× 10−1; β = 8.0× 10−1; lr = 1.0× 10−3

EWC ε = 1.0× 102; γ = 1.0; lr = 1.0× 10−2

L2P lr = 2.5× 10−3

LWF-MC wd = 0.0; lr = 1.0× 10−2

SEED lr = 3.0× 10−4

SGD lr = 3.0× 10−2

TMC lr = 1.0× 10−4

InfLoRA lr = 5.0× 10−4; r = 10; ε = 0.98

Shared (ITA, IEL):# epochspre-tuning = 3; lrpre-tuning = 1.0× 10−2.
ITA-FFT α = 5.0× 101; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 1.0× 10−4

ITA-LoRA α = 2.0× 10−2; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−3; lr = 3.0× 10−4

ITA-(IA)3 α = 7.0× 10−1; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 3.0× 10−3

IEL-FFT β = 5.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 3.0× 10−3; lr = 1.0× 10−4

IEL-LoRA β = 2.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−3; lr = 3.0× 10−4

IEL-(IA)3 β = 2.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 3.0× 10−3
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Table 4.5: Hyperparameters for each method tested onCIFAR-100.

Method Hyperparameters

CODA-Prompt lr = 1.0× 10−3

DER++ α = 3.0× 10−1; β = 8.0× 10−1; lr = 1.0× 10−4

EWC ε = 1.0× 102; γ = 1.0; lr = 1.0× 10−3

L2P lr = 2.5× 10−3

LWF-MC wd = 0.0; lr = 1.0× 10−2

SEED lr = 3.0× 10−4

SGD lr = 1.0× 10−2

TMC lr = 1.0× 10−4

InfLoRA lr = 5.0× 10−4; r = 10; ε = 0.95

Shared (ITA, IEL):# epochspre-tuning = 3; lrpre-tuning = 1.0× 10−2.
ITA-FFT α = 2.0× 103; αCLS = 1.0× 10−1; αCLS-prior = 3.0× 10−3; lr = 1.0× 10−4

ITA-LoRA α = 2.0× 10−2; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−3; lr = 3.0× 10−4

ITA-(IA)3 α = 2.0× 10−2; αCLS = 1.0× 10−1; αCLS-prior = 3.0× 10−3; lr = 3.0× 10−3

IEL-FFT β = 2.0× 103; βCLS = 2.5× 10−2; βCLS-prior = 1.0× 10−2; lr = 1.0× 10−4

IEL-LoRA β = 2.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−3; lr = 3.0× 10−4

IEL-(IA)3 β = 2.0× 101; βCLS = 2.5× 10−2; βCLS-prior = 1.0× 10−3; lr = 3.0× 10−4
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Table 4.6: Hyperparameters for each method tested onCUB-200.

Method Hyperparameters

CODA-Prompt lr = 1.0× 10−3

DER++ α = 3.0× 10−1; β = 8.0× 10−1; lr = 1.0× 10−3

EWC ε = 1.0× 101; γ = 9.0× 10−1; lr = 1.0× 10−2

L2P lr = 2.5× 10−3

LWF-MC wd = 1.0× 10−4; lr = 1.0× 10−2

SEED lr = 3.0× 10−4

SGD lr = 3.0× 10−2

TMC lr = 1.0× 10−4

InfLoRA lr = 5.0× 10−4; r = 10; ε = 0.98

Shared (ITA, IEL): lrpre-tuning = 1.0× 10−2;# epochspre-tuning = 8.
ITA-FFT α = 5.0× 102; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 1.0× 10−4

ITA-LoRA α = 5.0; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

ITA-(IA)3 α = 7.0× 10−1; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 3.0× 10−3

IEL-FFT β = 5.0× 103; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 1.0× 10−5

IEL-LoRA β = 2.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

IEL-(IA)3 β = 5.0× 102; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

Table 4.7: Hyperparameters for each method tested onCaltech-256.

Method Hyperparameters

CODA-Prompt lr = 1.0× 10−3

DER++ α = 3.0× 10−1; β = 8.0× 10−1; lr = 1.0× 10−3

EWC ε = 1.0× 102; γ = 1.0; lr = 1.0× 10−2

L2P lr = 2.5× 10−3

LWF-MC wd = 0.0; lr = 1.0× 10−2

SEED lr = 3.0× 10−4

SGD lr = 1.0× 10−2

TMC lr = 1.0× 10−4

InfLoRA lr = 5.0× 10−4; r = 10; ε = 0.99

Shared (ITA, IEL): lrpre-tuning = 1.0× 10−2.
ITA-FFT # epochspre-tuning = 3; α = 2.0× 103; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 1.0× 10−4

ITA-LoRA # epochspre-tuning = 3; α = 2.0× 10−2; αCLS = 1.0× 10−1; αCLS-prior = 3.0× 10−3; lr = 3.0× 10−4

ITA-(IA)3 # epochspre-tuning = 8; α = 7.0× 10−1; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 3.0× 10−3

IEL-FFT # epochspre-tuning = 3; β = 5.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 1.0× 10−4

IEL-LoRA # epochspre-tuning = 3; β = 2.0× 101; βCLS = 5.0; βCLS-prior = 3.0× 10−3; lr = 3.0× 10−4

IEL-(IA)3 # epochspre-tuning = 3; β = 2.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 3.0× 10−3; lr = 3.0× 10−4
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Table 4.8: Hyperparameters for each method tested onMIT-67.

Method Hyperparameters

CODA-Prompt lr = 1.0× 10−3

DER++ α = 3.0× 10−1; β = 8.0× 10−1; lr = 1.0× 10−3

EWC ε = 1.0× 102; γ = 1.0; lr = 1.0× 10−3

L2P lr = 2.5× 10−3

LWF-MC wd = 0.0; lr = 1.0× 10−2

SEED lr = 3.0× 10−4

SGD lr = 1.0× 10−2

TMC lr = 1.0× 10−4

InfLoRA lr = 1.0× 10−3; r = 10; ε = 0.95

Shared (ITA, IEL): lrpre-tuning = 1.0× 10−2.
ITA-FFT # epochspre-tuning = 8; α = 5.0× 103; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−1; lr = 1.0× 10−4

ITA-LoRA # epochspre-tuning = 8; α = 5.0; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

ITA-(IA)3 # epochspre-tuning = 8; α = 5.0; αCLS = 1.0× 10−1; αCLS-prior = 3.0× 10−3; lr = 3.0× 10−4

IEL-FFT # epochspre-tuning = 8; β = 5.0× 103; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 1.0× 10−4

IEL-LoRA # epochspre-tuning = 3; β = 2.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

IEL-(IA)3 # epochspre-tuning = 3; β = 2.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

Table 4.9: Hyperparameters for each method tested onRESISC.

Method Hyperparameters

CODA-Prompt lr = 1.0× 10−3

DER++ α = 3.0× 10−1; β = 8.0× 10−1; lr = 1.0× 10−3

EWC ε = 1.0× 102; γ = 9.0× 10−1; lr = 1.0× 10−2

L2P lr = 2.5× 10−3

LWF-MC wd = 0.0; lr = 1.0× 10−2

SEED lr = 3.0× 10−4

SGD lr = 1.0× 10−2

TMC lr = 3.0× 10−4

InfLoRA lr = 5.0× 10−4; r = 10; ε = 0.98

Shared (ITA, IEL):# epochspre-tuning = 8; lrpre-tuning = 1.0× 10−2.
ITA-FFT α = 1.0× 104; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 1.0× 10−4

ITA-LoRA α = 2.0× 10−2; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

ITA-(IA)3 α = 5.0; αCLS = 1.0× 10−1; αCLS-prior = 3.0× 10−3; lr = 3.0× 10−3

IEL-FFT β = 5.0× 103; βCLS = 1.0× 10−1; βCLS-prior = 3.0× 10−3; lr = 1.0× 10−4

IEL-LoRA β = 2.0× 102; βCLS = 1.0× 10−2; βCLS-prior = 1.0× 10−3; lr = 3.0× 10−4

IEL-(IA)3 β = 2.0; βCLS = 1.0× 10−2; βCLS-prior = 1.0× 10−3; lr = 3.0× 10−4
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Table 4.10: Hyperparameters for each method tested onCropDisease.

Method Hyperparameters

CODA-Prompt lr = 1.0× 10−3

DER++ α = 3.0× 10−1; β = 8.0× 10−1; lr = 1.0× 10−3

EWC ε = 1.0; γ = 1.0; lr = 1.0× 10−2

L2P lr = 2.5× 10−3

LWF-MC wd = 1.0× 10−4; lr = 1.0× 10−2

SEED lr = 3.0× 10−4

SGD lr = 1.0× 10−2

TMC lr = 1.0× 10−4

InfLoRA lr = 5.0× 10−4; r = 10; ε = 0.98

Shared (ITA, IEL):# epochspre-tuning = 8; lrpre-tuning = 1.0× 10−2.
ITA-FFT α = 5.0× 103; αCLS = 2.5× 10−2; αCLS-prior = 1.0× 10−2; lr = 1.0× 10−4

ITA-LoRA α = 5.0; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

ITA-(IA)3 α = 2.0× 10−2; αCLS = 1.0× 10−1; αCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

IEL-FFT β = 2.0× 102; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 1.0× 10−5

IEL-LoRA β = 5.0× 101; βCLS = 1.0× 10−1; βCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

IEL-(IA)3 β = 2.0; βCLS = 2.5× 10−2; βCLS-prior = 1.0× 10−2; lr = 3.0× 10−4

Discussion of limitations and future directions
Second-orderTaylor approximations are valid tools tomake the theorymore tractable.
For instance, a similar approach was used by [119] to support the importance
of wider local minima against forgetting. Nonetheless, these approximations
often rely on certain concessions, the first regarding their validity during train-
ing. Since our approximation is performed at the pre-training weights, it may
become inaccurate as parameters drift. While importance-based terms like ours
may partially mitigate the drift, other techniques could be used (e.g. a L2-norm
penalty on task vectors or low learning rate). Even without explicit countermea-
sures, existing studies suggest that deep networks often fall into a regime where
the loss tends to be almost convex in a neighborhood around their local min-
ima [54, 104, 193]. Also, under some conditions, their training dynamics can
enter the lazy regime [36, 71], where these models rapidly achieve near-zero loss
with minimal changes to their weights.
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Moreover, two other concessions warrant a discussion: approx. i) we implic-
itly model the weight distribution with a Gaussian [31] (Eq. 4.9); approx. ii) the
Fisher matrix is approximated by its diagonal (Eq. 4.11). Regarding approx. i),
while non-Gaussian posteriors are often cumbersome to manage, [47] challenge
the common belief that mean-field approximations are overly restrictive for deep
networks. Moreover, although approx. ii)may seem crude, the diagonal approxi-
mation is efficient, with a lowmemory footprint. Still, our approach could profit
from more accurate estimations of the Hessian, like the Kronecker factored ap-
proximation [112], which considers the interactions betweenweights of the same
layer.

Future work. Through theoretical and empirical analyses, we support the im-
portance of remaining within the pre-training basin to achieve composable deep
networks. However, there is still much to explore along this path. We mainly fo-
cus on closed-set classification models but it would be noteworthy to extend our
analysis to self-supervised pre-training and open-vocabulary models like CLIP.
Indeed, recent works [203] have shown their tendency to forget zero-shot pre-
training capabilities while fine-tuning. In this respect, our second-order regular-
ization could significantly aid compositionality in CLIP-based models. Finally,
webelieve that stayingwithin the pre-train basin is only one aspect to consider; fu-
ture research should emphasize the exploration of the pre-train basin, to achieve
composable modules with a higher degree of specialization on their respective
tasks.

113



A Second-Order Perspective onModel Compositionality and Incremental Learning

114



5
Conclusions

This thesis investigated the challenges of designing Continual Learning
methods capable of operating effectively under noisy supervision and
through compositional mechanisms. The work presented herein fo-

cusedon twodistinct researchdirections: addressing the vulnerability of rehearsal-
based continual learning to label noise, and enablingmodular, composable adap-
tation of pre-trained models through second-order analysis.

The work began in Chapter 2 with an in-depth analysis of how label noise
propagates and accumulates in rehearsal-based continual learning systems. This
research led to the development of Alternate Experience Replay (AER), a novel
training strategy that deliberately exploits forgetting dynamics to maintain sepa-
rability between clean and corrupted samples in the memory buffer. By alternat-
ing betweenbuffer learning andbuffer forgetting phases, coupledwithAsymmet-
ricBalancedSampling (ABS), theproposed approachdemonstrated that forgetting—
traditionally viewed as an obstacle in continual learning—can be transformed
into a mechanism for noise detection and buffer purification.

In Chapter 3, the thesis expanded this investigation to more realistic noise
scenarios through EARL (Embracing Amnesic Replay for Learning with Noisy
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Labels). This work provided theoretical grounding for the forgetting dynamics
under noise, validated the approach across multiple noise sources including hu-
man annotations, web-scraped labels, and machine-generated annotations, and
extended the evaluation beyond vision to natural language understanding tasks.
Crucially, this researchdemonstrated that the amnesic replaymechanismremains
effective across modern pre-trained architectures and prompt-based continual
learning baselines, establishing robustness to noisy supervision as a fundamental
requirement rather than an auxiliary concern.

The thesis then shifted to a complementary perspective on continual learn-
ing, with Chapter 4 exploring model compositionality through the lens of task
arithmetic and second-order optimization. This research addressed a fundamen-
tal question: under what conditions can models fine-tuned on different tasks
be meaningfully combined? By deriving a second-order Taylor approximation
of the loss around pre-trained weights, the work established a principled rela-
tionship between individual model performance and their composition, high-
lighting that successful compositionality requires each module to preserve out-
of-distribution accuracy—a continual learning property. This insight led to two
dual algorithms: Incremental Task Arithmetic (ITA), which optimizes individ-
ual task modules with Fisher-based regularization, and Incremental Ensemble
Learning (IEL), which directly optimizes the composed model while encourag-
ing alignment between task vectors. Both approaches demonstrated that compo-
sitional capabilities and continual learning objectives are intrinsically connected,
offering new perspectives on modular adaptation, task specialization, and selec-
tive unlearning.

Overall, this thesis advances continual learning by tackling two underexplored
issues: robustness to noisy supervision in rehearsal-based methods and the theo-
retical conditions enabling compositional model adaptation. The proposed am-
nesic replay mechanisms demonstrate that controlled forgetting can maintain
buffer quality across diverse noise regimes, while the second-order analysis of task
arithmetic clarifies when and why model composition is theoretically sound.

At the same time, these contributions reveal intrinsic limitations of current ap-
proaches. Noise-robust replay relies on loss-based separation, which can deterio-
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rate under strong instance-dependent corruptions, and it remains inherently tied
to rehearsal, raising scalability and privacy concerns due to data storage. Similarly,
the compositional framework assumes models remain close to their pre-training
state, an assumption that weakens as tasks accumulate or as domain shifts grow.
Despite these constraints, thework shows that explicitly leveraging learningdynamics—
through selective forgetting and geometry-aware regularization—provides a prin-
cipled path toward continual learning systems that remain reliable under realistic,
imperfect conditions.

Ph.D. Activities
This final section presents a list of themain activities carried out by the candidate
during the Ph.D. program in Information and Communication Technologies.

EXCHANGE PERIODS

14 April - 11 October 2025: Visiting PhD Student at the Andalusian Re-
search Institute in Data Science and Computational Intelligence (DaSCI) of
theUniversity ofGranada (Spain), supervisedbyProfessorNataliaDíaz-Rodríguez.

TEACHINGACTIVITIES

2021 - 2024: Teaching Assistant for “Machine Learning andDeep Learning”
course held by Prof. Simone Calderara;

2024: Lecturer for the “Machine Learning andDeepLearning” executive pro-
gram held by the BI-REXConsortium

2024: Lecturer for the “AI andML for Smart Factory” intensive master

CONFERENCEATTENDANCES

May 29th - 31st, 2023 3rd CINI National Conference on Artificial Intelli-
gence (Ital-IA), 2023, Pisa, Italy;
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July 21st - 27th, 2024 41st International Conference on Machine Learning
(ICML), 2024,Vienna, Austria;

November 25th - 28th, 202435thBritishMachine visionConference (BMVC),
2024,Glasgow, UK.

SEMINARS ANDWORKSHOPS

November 2022: Attendance at “GraphSignalProcessing forMachineLearn-
ing: Challenges and Use-cases” seminar, speaker: Prof. Laura Toni;

November 2022: Attendance at “Digital Humanities and Artificial Intelli-
gence for humans in today society” seminar, speaker: Prof. Rita Cucchiara;

December 2022: Attendance at “3DComputerVision forAnimals” seminar,
speaker: Prof. Silvia Zuffi;

June 2023: Attendance at “Academic English Workshop II” course, speaker:
Prof. Silvia Cavalieri;

May 2025: Attendance at “Automatic Machine Learning for Multi-Target
Task”seminar, speaker: Prof. Ricardo Cerri;

June 2025: Attendance at “Advanced Training Strategies for Incremental and
Decentralized Learning” 10 hours course, speaker: Prof. Angelo Porrello;

SCHOOLS

September 4th - 8th, 2023 International Summer School on Machine Vi-
sion (VISMAC), 2023, Padova, Italy.

September 18th - 22nd, 2023 ELLIS Summer School on Large-Scale AI for
Research and Industry, 2023,Modena, Italy.

TECHNICAL PROGRAMCOMMITTEES

Conferences
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18th European Conference on Computer Vision ECCV 2024 (ECCV),
2024,Milan, Italy;

13th InternationalConference onLearningRepresentations (ICLR), 2025,
Singapore, Asia;

November 25th - 28th, 202435thBritishMachine visionConference (BMVC),
2024,Glasgow, UK.
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ABS Asymmetric Balanced Sampling

AER Alternated Experience Replay

AI Artificial Intelligence

ANN Artificial Neural Network

CL Continual Learning

Class-IL Class-Incremental Learning

CLN Continual Learning with Noisy Labels

DER++ Dark Experience Replay++

DL Deep Learning

DNN Deep Neural Network

Domain-IL Domain-Incremental Learning

FAA Final Average Accuracy

FF Final Average Forgetting

FT fine-tuning

GLUE General Language Understanding Evaluation

GMM GaussianMixture Model

JT Joint Training
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LNL Learning with Noisy Labels

ML Machine Learning

NLU Natural Language Understanding

SSL Self-Supervised Learning

Task-IL Task-Incremental Learning

VLM Vision-Language Model
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