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Abstract

Continual learning addresses the problem of incrementally acquiring knowledge from a se-

quence of tasks or a non-stationary data stream, without retraining from scratch. Despite

a wide range of proposed strategies, neural networks trained sequentially often suffer from

catastrophic forgetting, i.e., the tendency to lose performance on previously learned tasks

after learning new ones. On the contrary, humans have a remarkable ability to learn contin-

uously, retaining past experiences while quickly adapting to new tasks and problems. This

gap between artificial and biological learning can be attributed to the inherent structure and

optimization approaches of neural networks, which differ significantly from the way humans

learn and build neural connectivity over a lifetime.

Motivated by this discrepancy, this dissertation investigates biologically inspired mecha-

nisms for continual learning, leveraging neuroscientific insights as design principles to improve

retention while facilitating future adaptation. Architectural inductive biases inspired by neu-

ral selectivity and pattern separation are investigated to promote more compartmentalized

representations that reduce interference between tasks. Drawing inspiration from synaptic

consolidation, strategies that selectively constrain updates to parts of the network are ex-

plored to support rapid adaptation while preserving previously acquired knowledge. This

principle is then developed within a wake-sleep cycle grounded in Complementary Learning

Systems (CLS) theory, where online learning is complemented by offline replay and multi-

timescale memory organization. Within this view, replay and dreaming are conceived as

functional components that support the restructuring of knowledge, which in turn lays the

groundwork for future learning. This perspective is further developed through an approach in

which dreams are generated directly from learned representations, enabling the autonomous

construction of more adaptive representations.

Across standard benchmarks, the experimental results demonstrate that integrating neuro-

science-inspired concepts into continual learning methods improves performance, strength-

ening both the preservation of past knowledge and the ability to learn from new tasks.
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Chapter 1

Introduction

Although machine learning methods are able to reproduce abilities natural to humans, they

rely on foundations that are different from those underlying the human mind. Such diver-

gence results in a lack of adaptability when contrasted with the human brain’s remarkable

capacity to continuously evolve through experience. The roots of this limitation can be found

in the inception and development of machine learning.
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1.1 Experience requires time

The question of how human beings become aware of the world has long been considered a

fascinating problem. From ancient philosophy to contemporary neuroscience, scholars have

investigated how sensory experience is perceived, how knowledge is acquired and retained,

and how reasoning generates ideas. Within philosophy, these issues are addressed by gnose-

ology, the study of the nature and origin of human knowledge. Two of its principal schools

of thought are innatism and empiricism.

First formulated by Plato in 385 BCE, innatism holds that the human mind possesses

innate ideas or structures of knowledge prior to experience [12, 13]. In the Meditationes de

prima philosophia [14], René Descartes offered a seventeenth-century reformulation of this

view, distinguishing between ideas inscribed a priori in the human mind and those derived

from imagination and the experience of the external world. On the empiricist side, in 350

BCE Aristotle laid the foundations of a contrasting view, rejecting the existence of innate

ideas and maintaining that all cognition originates in sensory perception [15, 16]. In the

Essay Concerning Human Understanding [17], John Locke further developed this tradition,

claiming that the human mind at birth is a blank slate upon which ideas are imprinted

through experience, specifically by means of sensation and reflection.

Machine learning models can be associated with Locke’s tabula rasa when trained from

scratch, as their parameters do not encode any task-specific knowledge and all relevant

information must be acquired from the data used for training. In contemporary practice, this

empiricist picture is complemented by a form of “machine innatism”. Through large-scale

pretraining, models are endowed with generic representations that play the role of innate

structures for downstream tasks. In the standard supervised setting, a model is trained once

on a static dataset and subsequently applied to new inputs, where it is expected to perform

without any adaptation. Such an approach largely disregards the incremental nature of

information in real-world scenarios, where data often becomes available only gradually and

must be integrated over time.

In the late eighteenth century, in an effort to transcend the limitations inherent in both

innatism and empiricism, Immanuel Kant articulated a position that foreshadowed many

contemporary insights. In the Critique of Pure Reason [18], he argued that knowledge does

not arise exclusively from experience, since the mind is structured by a priori forms and

categories such as space, time and causality. These structures actively organize sensory

input and thereby make empirical knowledge possible.

The a priori foundations described by Kant are closely aligned with contemporary ev-

idence that humans are born with predispositions, biases, and structural priors that make
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learning possible and orient the acquisition of knowledge from experience. Over time, ex-

perience enables the human mind to build upon these innate predispositions, progressively

acquiring increasingly complex and sophisticated forms of knowledge.

This contrast highlights the asymmetry between natural and artificial learning processes:

humans do not learn from scratch. When confronted with a novel task, we recognize familiar

elements from previous contexts and use them as a starting point.

For instance, once we have formed the concept of a bicycle, we do not need thousands

of examples of bicycles and motorcycles to distinguish between them. A few observations

are sufficient for us to encode their shared structure, which includes two wheels, a frame,

a saddle and handlebars, as well as their systematic differences, such as the presence of an

engine, their typical sound and speed, and the way in which they are started and controlled.

When we later encounter a moped or scooter, we again focus on how it reuses and recombines

familiar features: it still has two wheels and handlebars, but combines a compact frame with

a small engine and a different riding posture. Prior knowledge thus guides attention towards

informative similarities and differences, allowing us to integrate the new concept from very

few examples without overwriting the previous ones.

By contrast, while artificial systems may exhibit inductive biases which favor learning

of certain data modalities, they generally rely on extensive exposure to large amounts of

data in order to achieve comparable performance. A standard deep learning model typically

needs many examples of bicycles, motorcycles and mopeds presented together in a single

training dataset in order to disentangle these categories reliably. If they are learned se-

quentially and no specific mechanism is used to preserve past knowledge, the model instead

tends to overwrite earlier representations, leading to a phenomenon known as “catastrophic

forgetting”.

1.2 Time erodes experience

Continual learning (CL) is the branch of artificial intelligence that studies how to train a

model on a stream of tasks while preserving previously acquired knowledge. In this setting,

neural networks may incur catastrophic forgetting : updates on new tasks can progressively

overwrite earlier representations, leading to an abrupt degradation of performance on past

tasks.

Originally referred to as “catastrophic interference”, this phenomenon was first observed

in early connectionist neural networks [19, 20, 21, 22]. In the late 1980s, McCloskey and

Cohen [23] attributed it to the use of a single set of overlapping, distributed weights to

store multiple memories. Subsequent work by Ratcliff [24] explored alternative strategies
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for updating the weights, including modifying all connections, adapting only a subset of

them, or adding new hidden units. Despite these efforts, none of the variants mitigated the

forgetting problem. In retrospect, these early experiments anticipated several of the design

dimensions explored by modern continual learning methods, such as constraining parameter

updates, allocating additional capacity, or structurally separating new and old knowledge.

Since improving performance on the most recent patterns came at the expense of earlier

ones, these findings reveal an intrinsic trade-off between retaining old information and incor-

porating new experience. This trade-off is an instance of the more general stability–plasticity

dilemma [25]. The dilemma captures two opposing requirements for any learning system: the

plasticity to rapidly encode new information and the stability to preserve useful knowledge

that has already been acquired. Excessive plasticity leads to high levels of forgetting, as

new learning overwrites older memories, while excessive stability makes the system rigid and

unable to adapt to novel situations. Given that addressing this dilemma is far from trivial,

the way the human brain balances stability and plasticity provides a source of inspiration

for artificial neural networks.

Neural population codes provide the substrate for learning, shaping how new information

is integrated and how much it interferes with existing knowledge [26, 27]. Many cortical rep-

resentations are sparse and selective, meaning that only a small subset of neurons responds

strongly to a given stimulus [28, 29]. Beyond efficiency, such coding schemes can limit inter-

ference by reducing overlap between the neural ensembles recruited by different stimuli or

experiences, helping new information coexist with what has already been learned. Moreover,

stabilizing newly acquired information is fundamental to reduce its susceptibility to subse-

quent interference. Synaptic plasticity rapidly adjusts connection strengths to incorporate

recent experience, but these initial traces are fragile. Through synaptic consolidation, tran-

sient modifications are gradually stabilized, making newly acquired knowledge more resistant

to disruption and enabling longer-term reorganization [30, 31, 32]. Nevertheless, when expe-

riences are highly similar, consolidation alone is not sufficient to prevent nearby memories

from collapsing into one another. In such cases, the hippocampal formation is often impli-

cated, as it is thought to implement pattern separation by transforming overlapping inputs

into more distinct internal codes, enabling reliable discrimination between similar episodes

at recall [33, 34].

Further supporting the role of the hippocampus in memory consolidation, the comple-

mentary learning systems (CLS) theory [35, 36] frames learning as an interaction between

two systems operating at different time scales. A fast-learning hippocampal system can

rapidly encode new episodic experiences, while a slow-learning neocortical system gradually

extracts statistical structure across many episodes while avoiding catastrophic interference.
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Rapid hippocampal learning prevents new experiences from disrupting consolidated neocorti-

cal knowledge, whereas offline consolidation and replay progressively integrate hippocampal

traces into more stable cortical representations [37]. Beyond wakefulness, the wake–sleep

cycle provides a window in which recently acquired memories can be reactivated and reorga-

nized [38, 39, 40]. During NREM sleep, slow-wave activity supports active systems consolida-

tion by coordinating hippocampal replay with neocortical and thalamo-cortical oscillations,

promoting the redistribution and long-term storage of memories [41, 42]. In parallel, sleep

may also regulate plasticity via synaptic homeostasis mechanisms, counteracting the net

synaptic potentiation accumulated during wake and restoring conditions that favor future

learning [43].

In contrast, standard artificial neural networks typically incorporate new information by

updating shared parameters, without an intrinsic mechanism to selectively modulate plas-

ticity for those that are important to previously acquired knowledge. As a consequence,

continual learning may induce progressive overwriting and reduced accuracy on earlier expe-

riences. This effect is exacerbated when successive data distributions are highly overlapping,

as similar inputs are mapped to nearby representations and therefore compete for shared

features.

Even aside from the fact that continual learning departs from the standard offline para-

digm, neural network training lacks an intrinsic consolidation stage. In the absence of a

replay mechanism built into the training procedure, past experiences are not spontaneously

reactivated. Therefore, mechanisms that mimic CLS interactions are not inherent to con-

ventional training and thus must be introduced explicitly.

In view of these considerations, it is reasonable to wonder whether neuroscientific mech-

anisms might open up new research directions to address catastrophic forgetting. Indeed,

the continual learning literature has long sought to overcome catastrophic forgetting by de-

signing architectures and learning rules that maintain useful representations across tasks.

Despite the broad range of strategies proposed in the literature, biologically inspired ap-

proaches remain relatively rare and are still far from matching the human ability to learn

over time.

1.3 Injecting brain mechanisms into continual learning

This dissertation aims to address continual learning by leveraging neuroscientific principles

to devise bio-inspired models and training procedures that improve long-term retention and

mitigate catastrophic forgetting.
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Continual learning in literature. Chapter 2 provides the methodological background for

this thesis by formalizing the continual learning problem and introducing the most common

experimental scenarios. It further discusses widely used benchmarks and evaluation metrics,

and concludes with a survey of the major families of continual learning methods, outlining

representative approaches and their key assumptions.

Neuro-inspired and cognitive continual learning. Chapter 3 addresses catastrophic

forgetting by tackling representational interference at its source. Inspired by hippocampal

pattern separation and sparse neural coding, the chapter introduces an architectural induc-

tive bias that promotes highly selective activations. This selectivity is achieved by replacing

standard linear transformations in convolutional neural networks with B-cos transforms,

leading to more compartmentalized and inherently interpretable representations. The em-

pirical analysis shows that these learned representations support continual learning, while

model-inherent explanations reveal a trade-off between accuracy and explanation stability

over time, suggesting that interpretability can provide an additional perspective on forget-

ting.

Complementary to the method discussed above, knowledge retention can also be pursued

through mechanisms inspired by biological memory consolidation. Drawing inspiration from

synaptic consolidation processes in the human brain, Chapter 4 addresses the stability-

plasticity dilemma by introducing parameter freezing strategies that restrict updates to the

most relevant network components. Both static and selective freezing strategies demonstrate

that relevant features learned on previous tasks can be preserved and reused over time,

reducing computational cost without compromising continual learning performance.

Building on this consolidation-inspired perspective, Chapter 5 draws on Complementary

Learning Systems theory and on consolidation processes associated with wake–sleep cycles.

The proposed approach uses a deep neural network to model neocortical learning and a two-

level memory buffer to approximate hippocampal function, separating short-term storage

from long-term consolidation. Within this structure, training is organized into an online

wake phase, where the model rapidly adapts to new experience and stores episodic traces,

and an offline sleep phase that alternates replay-based consolidation with a dreaming pro-

cess. Experimental results show that alternating these states reduces forgetting and enables

positive forward transfer, indicating that offline consolidation can prepare the network for

future knowledge.

Since the initial dreaming mechanism relied on surrogate real data, Chapter 6 moves

toward the autonomous generation of task-relevant “dreams” aimed at constructing repre-

sentations more conducive to future adaptation. By synthesizing dream samples directly
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from the classifier’s internal representations, the proposed generative dreaming process ex-

pands the representation space and turns negative forward transfer into positive.

Applications of continual learning. Beyond standard image classification benchmarks,

the remainder of this thesis illustrates how continual learning extends to real-world applica-

tions. In these domains, the key challenges of continual learning become concrete, as models

must adapt over time under changing conditions and with limited access to past data.

Chapter 7 investigates incremental 6D object pose estimation for robot grasping under

continual learning constraints. In many robotic deployments, access to past data may be

limited or unavailable due to resource constraints and privacy requirements, making re-

peated full retraining impractical [44, 45]. Although evaluated on standard benchmarks, the

proposed setting is motivated by increasingly relevant applications such as robot-assisted

surgery, where accurate pose estimation is essential for safe instrument manipulation in the

presence of evolving workflows and tool inventories [46, 47]. In this setting, results highlight

that continual adaptation can preserve pose estimation performance over time, and that even

modest gains in perception can improve the reliability of downstream grasping.

Chapter 8 investigates mental well-being monitoring from mobile sensing data within a

continual learning framework. Given that psychological stress is recognized as a major health

concern [48, 49, 50], the chapter focuses on reliable personalized methods for monitoring and

predicting stress in daily life. It models each user as an incremental task and evaluates

replay-based strategies, including prompt-based adaptations, in both task- and domain-

incremental settings. The findings indicate that replay-based continual learning can preserve

personalization over time, enabling models to adapt to temporal shifts in user behavior and

evolving sensing streams without requiring full retraining.
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Chapter 2

Foundations of Continual Learning

By more faithfully mirroring the dynamics of real-world learning, the continual learning

setting has found applications across a broad spectrum of domains, ranging from medical

diagnosis to autonomous driving and content recommendation. The present thesis aligns

with that line of research, focusing specifically on the application of continual learning to

visual classification.
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2.1 Problem formulation

Continual learning investigates the training of models in scenarios where data are presented

as non-stationary streams, and the classical assumption of independently and identically

distributed (i.i.d.) samples is not satisfied. Rather than operating on a fixed dataset, the

learner is exposed to information in a sequential fashion, while access to previously observed

samples is either absent or constrained.

Formally, a task is defined as the transition from one stationary data distribution to

another. Let {τ1, . . . , τT} denote a sequence of T tasks with associated data streams D =

{D1, . . . ,DT}. Each sample (x, y) ∈ Di consists of a data point x ∈ X and the corresponding

class label y ∈ Y . Since the distribution may change across tasks in terms of both input data

and class label distributions, samples within Di are i.i.d., whereas the global distribution D
differs from this assumption.

Given a classifier f : X → Y with parameters θ, the objective of continual learning is to

train f on the data stream D under the constraint that, at each task τi, the model receives

inputs sampled exclusively from the corresponding task-specific distribution (x, y) ∼ Di.

The training objective is to minimize a classification loss over the entire sequence of tasks,

while preserving performance on previously learned tasks, for the model evaluated at the end

of training:

arg min
θT

T∑
i=1

E(x,y)∼Di

[
L
(
f (x;θT ) , y

)]
(2.1)

where L denotes a generic classification loss (e.g., cross-entropy).

2.2 Scenarios

In line with the prevailing literature, the incremental learning problem can be posed in terms

of three main scenarios: task-, domain-, and class-incremental learning. These scenarios

provide a common taxonomy for organizing existing methods by clarifying their underlying

assumptions about data availability and task information at inference time [51]. In particular,

they differ in whether the task identity is known or unknown, and in how the output space

is structured across tasks. In what follows, the abovementioned scenarios are presented and

discussed in detail.
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Figure 2.1: Task-incremental learning (Task-IL) scenario. Each task i introduces
a distinct set of classes Yi. At inference time, since task identity is available, the model
is required to predict only among the classes associated with the task to which the input
sample belongs.

2.2.1 Task-incremental learning

In a task-incremental learning (Task-IL) scenario, a model incrementally learns a set of

distinct tasks with Yi∩Yj = ∅,∀i ̸= j, under the assumption that the identity of the current

task is always available. This assumption reduces the problem to distinguishing among the

classes of the current task, thereby making Task-IL the simplest continual learning scenario.

The availability of task identity at test time allows for models with task-specific com-

ponents, such as separate output heads, or even entirely distinct networks per task, in

which case catastrophic forgetting can be avoided. Therefore, the main challenge in task-

incremental learning is to design mechanisms for sharing representations across tasks while

balancing performance and computational cost.

2.2.2 Domain-incremental learning

In the domain-incremental learning (Domain-IL) scenario, a model incrementally encounters

data from different domains while the set of class labels remains fixed across all tasks. The

overall number of classes is specified from the outset, and each task is associated with the

same output space.

Unlike Task-IL, at inference time the task identity is not available, thus catastrophic
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Figure 2.2: Domain-incremental learning (Domain-IL) scenario. Each task i exposes
the model to data from a different domain while sharing the same label space Y . As task
identity is not available at inference, the model must predict among all classes encountered
so far, despite domain shifts that may substantially alter the visual appearance of the inputs.

forgetting cannot be avoided by design through task-specific components. As a consequence,

the main challenge stems from shifts in the input and class-conditional distributions, which

induce different internal representations as new domains are observed. Such domain shifts

may arise, for instance, from changes in lighting, background, sensor characteristics, or from

artificial transformations such as permutations applied independently to each task. This

scenario is closely related to domain adaptation settings [52, 53, 54], with the additional

constraint that a single model must be updated over time while retaining good performance

on previously seen domains.

2.2.3 Class-incremental learning

In the class-incremental learning (Class-IL) scenario, a model is exposed to a sequence of

tasks, each introducing a new subset of classes that does not overlap with those of previous

tasks. As training progresses, the classifier is required to discriminate among an ever-growing

set of categories, while at inference time no information about the task identity is provided.

In contrast to Task-IL, where the prediction space is limited to the classes introduced within

each task, Class-IL requires the model to predict over the union of all previously encountered

classes, resulting in a more demanding classification problem.

The main challenge in this scenario is to preserve the ability to distinguish between classes
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Figure 2.3: Class-incremental learning (Class-IL) scenario. Each task i introduces a
distinct subset of classes Yi. At inference time, since task identity is not available, the model
must discriminate among all classes encountered so far.

that have never been observed together, particularly those belonging to different tasks, as the

model tends to bias its predictions toward the most recently learned classes. This difficulty is

further exacerbated in settings in which storing and replaying examples from previous tasks

is constrained or not permitted, for instance due to privacy constraints or limited memory

resources. Owing to this increased complexity, Class-IL is considered the most challenging

continual learning setting and is thus commonly adopted as the primary benchmark.

2.3 Benchmarks

Benchmarking continual learning methods in image classification typically relies on well-

established vision datasets originally developed for standard supervised classification, which

are then appropriately partitioned into meaningful sequences of tasks.

Early approaches relied on low-resolution digit-recognition benchmarks, including SVHN [55]

and MNIST-based variants [56], where controlled transformations of the input images give

rise to sequences of tasks or domains. Among these, the following benchmarks were fre-

quently employed:

• Split MNIST: constructed from the MNIST dataset, which contains 70,000 28 × 28

grayscale images of handwritten digits across 10 classes. The label space is generally

partitioned into 5 sequential binary classification tasks.
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• Permuted-MNIST [57]: tasks are constructed by applying distinct, fixed random

permutations to the pixels of all images in each task, while preserving the original

label space. As the resulting sequence exhibits substantial domain shifts, Permuted-

MNIST has become a standard benchmark for Domain-IL evaluation.

• Rotated-MNIST: tasks are generated by rotating all images by different angles

(e.g., between 0◦ and 180◦). As with Permuted-MNIST, the label space remains fixed

across tasks, while the input distribution changes systematically, providing a controlled

testbed for studying Domain-IL.

• Split SVHN: derived from Google Street View images [55], SVHN contains over

600,000 32 × 32 RGB images of house-number digits captured in real-world environ-

ments. It comprises 10 classes corresponding to the digits 0-9, which are usually split

into 5 sequential tasks. Split SVHN provides a more challenging benchmark than

MNIST due to cluttered backgrounds, illumination variability, and natural scene com-

plexity.

As the complexity of proposed continual learning methods has increased, more recent

works have also employed ImageNet-based subsets [58]. These datasets offer testbeds that

more closely approximate real-world variability and enable the evaluation of scalability. The

following benchmarks are derived from ImageNet:

• Split Mini-ImageNet [59]: contains 60,000 84× 84 RGB images across 100 classes;

for each class, 500 images are used for training and 100 for evaluation. The classes are

typically organized into 20 sequential tasks, each comprising 5 classes.

• Split Tiny-ImageNet [60]: comprises 100,000 64× 64 RGB images from 200 classes,

usually divided into a sequence of 20 tasks of 10 classes each. For each class there are

500 images for training, 50 images for validation and 50 images for testing.

• Split ImageNet-100 [61]1: contains high-resolution RGB images of 100 animal classes

belonging to 7 different species (annelids, arachnids, birds, clams, fishes, reptiles, shell-

fish), which reduces inter-class semantic diversity and makes the classification tasks

more fine-grained. Each class contains 1,300 samples for training and 50 for evalua-

tion. The classes are generally split into a sequence of 20 tasks of 5 classes each.

• Split ImageNet-Rendition (ImageNet-R) [62]: comprises artistic and non-pho-

torealistic renditions of 200 ImageNet classes (e.g., paintings, sculptures, embroidery,

1Split ImageNet-100 is derived from https://www.kaggle.com/datasets/ambityga/imagenet100
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cartoons), with 150 samples per class, introducing strong intra-class variations. The

class set is partitioned into 10 tasks of 20 classes each. It serves as a benchmark for

evaluating model performance under significant domain shifts between tasks.

In addition to those discussed above, other relevant datasets include:

• Split CIFAR-10 [63]: contains 60,000 32 × 32 RGB images across 10 classes, with

5,000 training images and 1,000 test images per class. The label space is commonly

split into 5 sequential binary classification tasks, each involving 2 classes.

• Split CIFAR-100 [63]: obtained by typically dividing the 100 classes of the original

dataset into 10 sequential tasks of 10 classes each. Each class consists of 500 training

and 100 test 32 × 32 RGB images, resulting in 5,000 training images and 1,000 test

images per task.

• Split CUB-200 [64]: based on the CUB-200-2011 dataset, this benchmark consists

of 11,788 high-resolution RGB images of 200 bird species. The classes are usually split

into 10 sequential tasks of 20 classes each, with approximately 30 training and 30 test

images per class, which are resized to 224× 224.

• Split DomainNet [65]: a large-scale dataset for multi-domain image classification,

comprising about 600,000 RGB images over 345 classes collected from 6 distinct do-

mains: real, clipart, painting, sketch, infograph, and quickdraw. Each domain is treated

as a separate task sharing the same label space, providing a challenging benchmark for

Domain-IL under severe distribution shifts.

2.4 Evaluation metrics

To evaluate the quality of continual learning methods, several metrics have been proposed

that quantify how training on one task influences performance on others over time. In the

following, let ati denote the accuracy on the i-th task after training up to task t, and let T

be the total number of tasks.

Final Average Accuracy (FAA). It is the primary evaluation metric and measures the

average accuracy across all tasks after learning the last task. The FAA is defined as:

FAA ≜
1

T

T∑
i=1

aTi , (2.2)
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In an ideal scenario, acquiring new tasks would both facilitate future learning and leave

previously acquired knowledge intact. In particular, learning earlier tasks would make it

easier to learn subsequent ones, e.g., by providing reusable representations or more general

features. At the same time, when new tasks are learned, performance on earlier tasks would

remain unchanged, meaning that no interference occurs. Such desirable effects are captured

by two metrics referred to as forward and backward transfer, respectively.

Final Backward Transfer (FBWT). First introduced in [66], this metric measures how

learning subsequent tasks affects performance on previously learned ones. Final Backward

Transfer is defined as:

FBWT ≜
1

T − 1

T−1∑
i=1

(aTi − aii), (2.3)

i.e., the average difference between the final accuracy on each task i (after training on all

T tasks) and its accuracy immediately after it was learned. Positive values indicate positive

backward transfer, meaning that training on later tasks has improved performance on earlier

ones, whereas negative values reflect forgetting.

Final Forward Transfer (FFWT). This metric quantifies how learning preceding tasks

influences performance on tasks that have not yet been trained on. Following [66], Final

Forward Transfer is computed as:

FFWT ≜
1

T − 1

T∑
i=2

(a i−1
i − arandomi ), (2.4)

where a i−1
i denotes the accuracy on the i-th task obtained by a model that has been trained

on tasks 1, . . . , i − 1, and arandomi denotes the accuracy on the i-th task using the same

architecture with random initialization. A positive value of FFWT indicates that prior

training on earlier tasks leads to better-than-random performance on future tasks, capturing

beneficial forward transfer.

While these metrics are designed to capture desirable properties of continual learning, in

practice their behavior often departs from the ideal case. When models are trained sequen-

tially, performance on earlier tasks typically deteriorates as additional tasks are learned,

leading to negative backward transfer values as a direct manifestation of catastrophic for-

getting. Moreover, genuine beneficial influence of past learning on future tasks is rarely

observed. In Class-IL and Task-IL scenarios, where distinct classes are introduced in sep-

arate tasks, such beneficial influence would require the model to correctly classify classes
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that have not yet been observed, making positive forward transfer essentially unattainable.

By contrast, in Domain-IL settings, where the same classes reappear under different trans-

formations or domains, positive values of forward transfer may be feasible, since knowledge

acquired on one domain can, in principle, facilitate learning in subsequent domains.

Final Forgetting (FF). This metric quantifies the severity of performance degradation

on previously learned tasks. It is defined as the average drop in accuracy between the best

performance achieved on each past task and its final accuracy after learning all T tasks:

FF ≜
1

T − 1

T−1∑
i=1

max
l∈{1,...,T−1}

ali − aTi , (2.5)

where ati denotes the accuracy on the i-th task after training up to task t. A positive value

of FF indicates that the model has forgotten part of what it initially learned on earlier

tasks, whereas a negative value implies that subsequent training has improved performance

on those tasks.

In addition to the evaluation metrics discussed above, criteria related to computational

and architectural overhead may also be considered. Many approaches rely on storing task-

specific parameters, replay buffers, or auxiliary structures, which directly affects the memory

footprint of the method. The practicality of a given approach therefore depends on how much

additional data and metadata must be maintained over time; this includes not only the size

of the core model, but also the cumulative amount of stored examples required for replay.

Similarly, the computational cost associated with training and inference is an important

factor, for instance in terms of additional passes over previously seen data or extra modules

that must be evaluated at test time.

Furthermore, an essential aspect is whether the algorithm assumes access to explicit task

boundaries, that is, whether it must be informed when a task starts and ends or can instead

operate in a fully online setting without such information.

Taken together, these requirements strongly influence the suitability of a method for real-

time or streaming environments, in which computational resources are constrained and task

changes are not explicitly reported.

2.5 State of the Art

In recent years, a significant number of methods has been proposed to mitigate catastrophic

forgetting in continual learning. Most approaches can be organized into four broad fami-
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lies, depending on how they store, constrain, or otherwise exploit task-specific information

throughout sequential training [67]. This section briefly surveys the main representatives of

each family, which will serve as reference baselines in the experimental analysis.

2.5.1 Regularization-based methods

Regularization-based approaches address catastrophic forgetting by constraining parameter

updates during training on new tasks, so as to preserve knowledge that is estimated to be

important for previously learned tasks. To this end, additional penalty terms are intro-

duced into the loss function, to discourage large deviations from parameter configurations

that were beneficial in the past or to promote shared representations across tasks. This

strategy is particularly effective when tasks share a substantial portion of their underlying

feature representations, since many of the features learned on earlier tasks can be reused and

selectively adapted for subsequent ones.

Regularization techniques can be divided into two subcategories: functional and struc-

tural methods.

Functional methods. Inspired by knowledge distillation [68, 69], these methods operate

by regularizing the model at the output or feature level rather than directly on its parameters.

The core idea is to maintain consistency between the responses of the model on previously

learned tasks and its responses after learning new tasks, by adding distillation losses on logits

or intermediate representations.

• Learning without Forgetting (LwF) [70] is one of the most relevant functional

methods. Before training on a new task, the outputs of a frozen copy of the previous

model are computed on the new task data and then used as soft targets during op-

timization. A distillation loss encourages the current model to match these reference

predictions associated with previous tasks, preserving prior knowledge while learning

the new task. However, its effectiveness can degrade when the distribution of the new

task is poorly aligned with that of earlier tasks, as the stored outputs may become

biased or uninformative in the presence of strong domain shift.

• Encoder-Based Lifelong Learning (EBLL) [71] extends LwF by preserving low-

dimensional feature representations of previous tasks. For each task, an undercomplete

autoencoder is trained jointly with the backbone network to reconstruct the features

extracted from that task’s data. When a new task is introduced, an additional reg-

ularization term constrains the current feature projections not to deviate from those

reconstructed by the task-specific autoencoders, helping retain discriminative features

32



CHAPTER 2. FOUNDATIONS OF CONTINUAL LEARNING

learned on earlier tasks. As a consequence, a disadvantage of this design is that a

separate autoencoder must be stored for each task and evaluated during training on

new tasks.

Structural methods. These approaches estimate a per-parameter importance measure

after training on each task and then introduce a regularization term that discourages large

updates to these parameters when learning subsequent tasks. The model is encouraged

to retain useful knowledge from earlier tasks while still adapting its remaining degrees of

freedom to new data.

• Elastic Weight Consolidation (EWC) [72] preserves performance on previously

learned tasks by penalizing changes to parameters that are estimated to be important

for those tasks. After training on a task, the diagonal of the Fisher Information Matrix

is used to compute an importance score for each parameter. For subsequent tasks, EWC

augments the loss with a quadratic penalty that keeps important parameters close to

their previously learned values. Achieving this reduction in interference among tasks

requires storing, for each task, the corresponding parameter values and their associated

importance scores used in the regularization term.

• Online Elastic Weight Consolidation (oEWC) [73] is an online variant of EWC

that avoids maintaining a separate Fisher matrix for every task. Instead, it keeps a

single consolidated estimate of parameter importance, updated in a recursive manner as

new tasks are learned, and applies a corresponding quadratic penalty during training.

The memory and computational cost of oEWC remains independent of the number of

tasks, while often achieving performance comparable to the original EWC.

• Synaptic Intelligence (SI) [74] is conceptually similar to EWC, but computes pa-

rameter importance in a fully online fashion during training. For each parameter, SI

accumulates a path integral over time of the product of the parameter updates and the

corresponding gradients, measuring how much that parameter contributed to reducing

the loss on the current task. After training on the task, these importance scores are

normalized and used to define a quadratic penalty that discourages large changes to

important parameters when learning new tasks.

• Memory Aware Synapses (MAS) [75] is an online and unsupervised regularization

method. For each parameter, MAS accumulates an importance score based on the

sensitivity of the network’s output to small perturbations of that parameter on a stream

of unlabeled data. When a new task is learned, a quadratic penalty exploits these scores

to discourage large updates to those deemed highly relevant.

33



CHAPTER 2. FOUNDATIONS OF CONTINUAL LEARNING

2.5.2 Architectural methods

Architectural methods tackle catastrophic forgetting by modifying the network structure to

accommodate new tasks while preserving knowledge of previous ones. In these approaches,

disjoint or sparsely overlapping subsets of parameters are allocated to different tasks, either

by dynamically expanding the network with new layers, neurons, or heads, or by isolating

task-specific parameter subsets through masks, gates, or similar mechanisms. When a new

task arrives, the model instantiates a new subnetwork or task-specific modules while keeping

the parameters associated with earlier tasks fixed. A major disadvantage of this design is

that it requires access to a task identifier or an external task-selection mechanism at test

time, restricting these methods to Task-IL scenarios. Moreover, the number of parameters

grows with the number of tasks, which limits scalability and reduces their suitability for

resource-constrained settings.

• Progressive Neural Networks (PNN) [76] were proposed in a deep reinforcement

learning setting, but the underlying idea can also be applied to supervised continual

learning. For each new task, a new task-specific parallel network, or column, is added

to the architecture, while the parameters of previously trained columns are frozen.

Lateral connections from earlier to later columns allow the new task to reuse features

learned on previous tasks while preventing interference in the opposite direction.

• Expert Gate [77] implements a network of experts: each task is assigned its own

expert model and an autoencoder-based gate. At test time, each task-specific autoen-

coder computes the reconstruction error on the input, and the sample is routed to

the expert whose autoencoder attains the lowest error. The main limitations of this

design are the need to store a separate expert–gate pair per task and the reliance on

accurately identifying the active task at test time.

• PackNet [78] allows several tasks to be “packed” into a fixed-capacity network with

limited additional memory overhead. After training on a task, a subset of low-mag-

nitude weights is pruned and the remaining weights are fine-tuned to recover perfor-

mance. The freed weights are then reused to learn new tasks, with binary masks

indicating which weights are reserved for previous tasks and which remain available

for adaptation. As more tasks are added, the pool of free weights shrinks, which can

eventually limit performance on later tasks.

• Hard Attention to the Task (HAT) [79] is a task-incremental method that employs

per-task attention masks to activate specific units of the network. During training on
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a new task, the model jointly learns the weights and a mask that gates activations and

gradients, so that parameters identified as important for previous tasks are protected

from further updates.

• Dynamically Expandable Network (DEN) [80] learns a shared but partially task-

specific representation by selectively expanding the architecture. After training on a

new task, sparse regularization and selective retraining are used to identify parameters

that are sufficient to fit the new data. If this capacity is insufficient, additional units

and connections are added to specific layers, while redundant neurons are split or

pruned to keep the model compact.

2.5.3 Replay-based methods

Replay-based or rehearsal methods mitigate catastrophic forgetting by replaying data from

previous tasks while learning new ones. In most implementations, a fixed-size buffer stores

a subset of past examples, which are then interleaved with the current task data during

training. These methods often outperform regularization-based approaches and, unlike most

architectural methods, do not require knowledge of the task identity at inference time. Due to

their simplicity and empirical effectiveness, rehearsal-based approaches are widely employed

to preserve previously acquired knowledge in dynamic real-world scenarios.

The main limitation of rehearsal methods is the need to retain real samples in memory,

which may be impractical in scenarios with limited storage or stringent privacy constraints.

To mitigate this issue, a subcategory of replay approaches, known as generative methods,

replaces stored samples with synthetic data generated by a learned generative model, such

as GANs [81], VAEs [82, 83], or diffusion-based models [84, 85]. This strategy, however,

introduces additional complexity: the generative model itself must be trained in a continual

fashion and is prone to its own form of forgetting, distribution drift, or mode collapse.

Moreover, training and sampling from such models can be computationally expensive, and

the quality and diversity of the generated samples often fall short of real data. On commonly

used vision benchmarks with moderate buffer sizes, simple rehearsal with real exemplars

remains a very strong baseline, and generative replay has so far struggled to consistently

match its performance, even though recent advances in latent and diffusion-based generative

replay are beginning to narrow this gap.

• Experience Replay (ER) [86] is one of the earliest rehearsal strategies: during train-

ing on a new task, mini-batches are formed by mixing samples from the current data

stream with examples drawn from a replay buffer. When the buffer has limited capac-

ity, reservoir sampling [87] can be used to maintain an approximately uniform sample
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of all previously seen data. Despite its simplicity, ER has inspired many subsequent

replay-based methods and remains a strong baseline in continual learning.

• Incremental Classifier and Representation Learning (iCaRL) [88] uses a dis-

tillation loss to preserve the network’s predictions on previously learned classes. Clas-

sification is performed using a nearest-mean-of-exemplars rule in the learned feature

space. The fixed-size buffer is updated using a herding strategy to approximate the

class mean of each category and provide a compact summary of past data.

• Gradient Episodic Memory (GEM) [66] augments rehearsal with gradient-based

constraints that prevent performance degradation on past tasks. At each update, GEM

projects the gradient for the current mini-batch onto the closest direction that does not

increase the loss on any episodic memory stored in the buffer. This mechanism requires

storing separate memories for all past tasks and solving a constrained optimization

problem at every training step.

• Function Distance Regularisation (FDR) [89] adds a loss term that penalizes

the L2 distance between the outputs of the current network and those of the previous

network on samples stored in the replay buffer, effectively performing self-distillation

on stored exemplars and limiting interference with prior knowledge.

• Bias Correction (BiC) [90] introduces a small bias-correction layer after the clas-

sifier, whose parameters are fitted on a held-out, class-balanced validation set. This

post hoc calibration compensates for the tendency to overpredict new classes.

• Gradient-based Sample Selection (GSS) [91] updates the replay buffer to max-

imize gradient diversity, so that the stored samples remain informative about past

tasks. More specifically, sample selection is formulated as a constraint-reduction prob-

lem where the goal is to retain a fixed-size subset whose gradients closely approximate

the feasible region induced by all past updates.

• Averaged Gradient Episodic Memory (A-GEM) [92] is an efficient variant of

GEM that enforces a single constraint on the average loss over replay samples instead

of maintaining separate constraints for each past task. At each update, the gradient for

the current mini-batch is projected so that it does not increase the loss on a randomly

sampled batch from the episodic memory.

• Learning a Unified Classifier Incrementally via Rebalancing (LUCIR) [93]

combines rehearsal with a cosine-normalized classifier, a feature-distillation loss, and
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a margin-based inter-class separation loss. This rebalancing strategy encourages class-

discriminative representations, mitigating the bias towards new classes.

• Hindsight Anchor Learning (HAL) [94] learns a small set of anchor points for

each class via bilevel optimization, selecting samples that are estimated to be most

susceptible to forgetting. A regularization term then keeps the model’s predictions on

these anchors close to their past values, improving retention especially when the replay

buffer is small.

• Greedy Sampler and Dumb Learner (GDumb) [95] maintains a fixed-size, ap-

proximately class-balanced memory while performing no parameter updates on the

data stream. Incoming samples are greedily stored in the buffer to preserve class bal-

ance, and the model is re-trained from scratch on the buffered examples whenever

evaluation is required.

• Dark Experience Replay (DER) [96] extends experience replay by storing, for each

buffered example, the logits produced by the model when the example is first observed.

During replay, the model is trained not only with a cross-entropy loss on the current

labels but also with an auxiliary self-distillation loss that regresses towards these stored

logits, promoting consistency with its past predictions across tasks. DER++ [96]

further augments this objective by adding an additional cross-entropy loss on replayed

samples.

• eXtended Dark Experience Replay (X-DER) [97] builds on DER/DER++ by

revising both how logits are stored and how the classifier is trained. First, the stored

logits of buffered examples are periodically updated to incorporate future past infor-

mation, i.e., relationships between stored samples and classes introduced in later tasks.

Second, future-preparation and bias-mitigation losses warm up logits associated with

unseen classes and reduce the bias towards the current task.

• Regular Polytope Classifier (RPC) [98] mitigates classifier bias by pre-allocating

and freezing classifier weights for all classes that will appear across tasks, arranging

them as vertices of a regular polytope in the feature space. During each incremental

step, only the feature extractor is updated using classification and distillation losses,

while the fixed classifier reduces the model’s prediction bias towards new classes.

• DualNet [99] introduces a dual-backbone architecture that decouples incremental clas-

sification from representation learning. A slow learner backbone is trained with a self-

supervised objective on i.i.d. samples drawn from the replay buffer, aiming to build

37



CHAPTER 2. FOUNDATIONS OF CONTINUAL LEARNING

a transferable representation. A separate fast learner backbone is then trained in a

standard supervised manner on the continual stream, solving the incremental tasks

while leveraging the features provided by the slow learner.

• Continual Prototype Evolution (CoPE) [100] performs classification using class

prototypes in the learned feature space. As new data arrive, prototypes are incre-

mentally updated to balance the influence of recent samples with the need to preserve

previously acquired structure in the latent space, mitigating abrupt shifts in decision

boundaries.

• Contrastive Continual Learning (CO2L) [101] replaces the standard cross-entropy

objective with a supervised contrastive loss [102] applied to samples from the replay

buffer and the current stream. By optimizing this contrastive objective, CO2L encour-

ages class-discriminative, well-clustered representations that better exploit replayed

examples. For evaluation, a linear classifier is trained on the features of the buffered

samples.

• Experience Replay with Asymmetric Cross-Entropy (ER-ACE) [103] refines

standard ER by decoupling the cross-entropy contributions of current and replay sam-

ples. In ER-ACE, the loss is designed so that gradients from current data do not

overwrite already learned logits associated with past classes, while replay samples fo-

cus on reinforcing previous decision boundaries. This asymmetric treatment of stream

and replay examples alleviates the bias towards the most recent classes.

2.5.4 PEFT-based methods

Parameter-efficient fine-tuning (PEFT) methods adapt large pretrained models by freezing

most backbone parameters and learning only a small number of additional task-specific

parameters.

A prominent line of work operates on pretrained Vision Transformers (ViTs) and keeps

the backbone frozen while learning prompt vectors that are injected as additional tokens or

inputs to the transformer [104, 105, 106]. Other approaches generalize PEFT to a broader

class of modules, such as adapters or low-rank updates [107, 108]. Although these meth-

ods can achieve strong performance in rehearsal-free or low-buffer regimes on benchmarks,

they rely on the availability of a large pretrained model and on the alignment between its

pretraining distribution and the downstream continual learning tasks, which makes direct

comparison with methods trained from scratch non-trivial.
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• Learning to Prompt (L2P) [104] is one of the first prompt-based continual learning

methods for pretrained ViTs. While the backbone is kept frozen, a pool of learnable

prompts is maintained. For each incoming sample, a query mechanism selects a subset

of prompts based on the input features and prepends them to the token sequence.

This mechanism makes L2P rehearsal-free and removes the need for task identity at

test time.

• DualPrompt [105] extends L2P by decoupling shared and task-specific conditioning

in the prompt space. At each transformer layer, it introduces two complementary

types of prompts: general prompts, which capture task-invariant knowledge shared

across tasks, and expert prompts, which encode task-specific information.

• CODA-Prompt [106] employs a decomposed, attention-based prompting mechanism.

Instead of selecting a single prompt per input, it learns a set of prompt components and

uses input-conditioned attention weights to assemble them into prompts, generating

input-dependent prompt vectors.

• Learning-Accumulation-Ensemble (LAE) [107] proposes a unified framework that

can incorporate different PEFT modules (e.g., adapters, LoRA, prefix tuning) into

continual learning. LAE decomposes adaptation into three stages: Learning, which

tunes an online PEFT module on the current task; Accumulation, which transfers

task-specific knowledge into an offline PEFT module via momentum updates; and

Ensemble, which combines the predictions of online and offline experts at inference

time.

• InfLoRA [108] injects low-rank adaptation [109] branches into a frozen pretrained

backbone to reparameterize its weights. Each branch is decomposed into a fixed pro-

jection matrix and a learnable expansion matrix. Before training on a new task, the

projection matrix is constructed using estimates of the gradient subspaces of old and

new tasks, so that it is approximately orthogonal to gradients of previous tasks while

lying within the gradient subspace of the current one. During training, only the expan-

sion matrix of the current branch is updated, while the backbone and all projection

matrices remain frozen.
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Architectural Inductive Bias

for Mitigating Catastrophic Forgetting

Catastrophic forgetting arises when features learned for earlier tasks are indiscriminately

updated to accommodate subsequent tasks, a problem amplified by the high plasticity of

standard neural network layers. From a neuro-inspired perspective, hippocampal pattern

separation reduces representational overlap between highly similar experiences by trans-

forming them into more distinct internal codes, limiting mutual interference in episodic

memory [33, 34]. Beyond this mechanism, sparse and selective neural coding limits rep-

resentational collisions by concentrating strong activation on a relatively small subset of

units [27, 28, 29]. Hence, an ideal continual learning model would develop robust, task-

specific features and, to a certain degree, “protect” them from being overwritten. This

motivates methods that instill an inductive bias for feature selectivity directly into the

model’s architecture, encouraging the learning of representations that are naturally more

compartmentalized and resistant to destructive updates.

In this chapter, we argue that architectural choices at the neuron level can provide such

an inductive bias. We propose the use of B-cos networks [110], which replace standard

linear operations with a cosine similarity-based transform. The underlying idea is that this

modification fundamentally changes the condition under which a neuron activates in a way

that is suitable to the goals of continual learning. Unlike a standard linear unit that responds

to any input in a broad half-space defined by its weights, a B-cos unit fires strongly only

when an input vector is closely aligned with the neuron’s weight vector. This architectural

modification has the effect of narrowing a neuron’s activation cone, encouraging the model to

learn features that are highly selective and task-specific. We hypothesize that this inherent

selectivity acts as a protective mechanism: when the model is trained on a new task, features

learned for previous tasks are less likely to activate, thereby shielding their weights from

40



CHAPTER 3. ARCHITECTURAL INDUCTIVE BIAS

destructive gradient updates introduced by later tasks and that may cause forgetting.

We incorporate the B-cos transform into standard deep learning backbones, such as

ResNet [111], resulting in “B-cosified” architectures that retain the advantages of their origi-

nal structure, while adding the alignment requirements of neuron activation typical of B-cos

networks. To support learning over time, we combine these models with a standard rehearsal-

based continual learning method, employing a replay buffer that stores a limited number of

samples from previous tasks. This setup allows us to rigorously evaluate the architectural

contribution of B-cos layers to mitigating forgetting, complementing the memory-based pro-

tection offered by experience replay.

To assess the effectiveness of our approach, we conduct experiments on three benchmarks

of increasing complexity: Split CIFAR-10 [74], Split Mini-ImageNet [59], and Split ImageNet-

100 [61], within a class-incremental learning setting, where task identity is unavailable at

inference time. We compare our B-cosified models with traditional replay methods, evalu-

ating them on class-incremental accuracy. Results show that B-cosified networks achieve a

significant increase in accuracy, demonstrating superior resistance to catastrophic forgetting,

which we hypothesize is due to the structural alignment promoted by the B-cos transform,

leading to more stable internal representations. To further investigate the role of architec-

tural choices, we conduct a generalization study, comparing different backbone configurations

and quantifying their impact on performance.

Moreover, since each B-cos layer implements an input-dependent linear transform, the

network’s output can be summarized as a single linear mapping that can be directly visu-

alized as a contribution map for the given input. We therefore analyze how these built-in

explanations behave in a continual learning scenario, assessing whether they remain stable

and faithful as new tasks are learned.

Our contributions can be summarized as follows:

• We identify feature selectivity as a key architectural principle for mitigating catas-

trophic forgetting and propose B-cos networks as a direct and effective implementation

of this principle.

• We demonstrate empirically that B-cosified ResNets, when combined with a simple

replay buffer, significantly outperform standard architectures on challenging class-

incremental learning benchmarks.

• We provide an analysis suggesting that the performance gains stem from the B-cos

layers’ tendency to learn more selective, non-overlapping representations, which are

inherently more robust within a sequential training paradigm.
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• We investigate interpretability in continual learning by analyzing contribution maps

across tasks, combining qualitative evidence with quantitative metrics of temporal

stability and faithfulness.

This work opens a promising direction for developing continual learning methods with

strong architectural inductive biases. Emphasizing feature-level selectivity, motivated by

biological mechanisms that limit representational overlap, can reduce gradient cross-talk

across tasks, supporting robust continual learning systems.

3.1 Related work

Architectural inductive biases for continual learning. Our approach is centered on

the idea that modifying the intrinsic properties of network layers can create an inductive

bias that is beneficial for continual learning. We propose using B-cos networks [110], which

replace standard linear transforms with cosine-based operations, encouraging highly selective

neurons that fire only for a narrow cone of inputs. This principle of reducing interference

by shaping feature representations is shared by other lines of work. For instance, several

methods aim to enforce orthogonality between either the features or the parameter updates

of different tasks. Approaches like Orthogonal Weights Modification (OWM) [112] project

gradients to maintain independence between task solutions, thereby minimizing destructive

interference. Similarly, our goal of learning selective features is conceptually related to

methods that promote sparsity. By ensuring that any given input only activates a small and

specific subset of neurons, methods like SupSup [113] also limit the representational overlap

between tasks, effectively shielding inactive neurons from gradient updates.

Unlike methods that require complex gradient manipulations or explicit sparsity regular-

izers, our B-cos approach instills the desired property of feature selectivity through a simple,

local architectural change. To our knowledge, we are the first to analyze and leverage B-cos

networks from this perspective, demonstrating that their inherent inductive bias for selective

features provides a powerful and elegant mechanism for mitigating catastrophic forgetting

in continual learning.

Interpretability in deep neural networks. Interpretability methods aim to make neu-

ral networks more transparent by identifying the input evidence that drives model deci-

sions. Post-hoc attribution techniques, including gradient-based methods [114, 115], class-

activation approaches such as Grad-CAM [116], and local surrogate models like LIME [117],

attempt to explain individual predictions by analyzing gradients or perturbing inputs. How-

ever, post-hoc explanations may be weakly faithful to the underlying computation and can
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be sensitive to noise or randomization [118]. More recent work has explored inherently in-

terpretable models, including ProtoPNet [119], BagNets [120], and CoDA-Nets [121], which

introduce structural constraints so that explanations emerge directly from the forward pass

rather than from a post-hoc approximation. Other inherently interpretable approaches rely

on explicit intermediate semantics. Concept Bottleneck Models (CBM) [122] constrain pre-

dictions to be mediated by human-interpretable concepts. GlanceNets [123] extend this

idea by promoting alignment between learned concepts and underlying generative factors,

while combining disentangled representation learning with open-set recognition to mitigate

concept leakage.

In continual learning, interpretability has been investigated along several independent

directions. LwM [124] exploits explanations during training by introducing an attention dis-

tillation loss that penalizes changes in attention maps across the task sequence. CLEX [125]

instead examines explanation drift in class-incremental learning by comparing how different

attribution methods evolve over time on low-resolution benchmarks. ICICLE [126] adopts a

prototype-based framework that encourages the reuse of visual concepts as new tasks arrive,

reducing interpretability concept drift and making explanations more consistent across tasks.

Yu et al. [127] employ CBMs and, to mitigate forgetting, enhance them through semantic-

guided prototype augmentation that generates pseudo-features for previously learned classes.

Differently from these approaches, which exploit explanations (or concept/prototype su-

pervision) during training to improve retention over time, our contribution mainly focuses

on the architectural inductive bias induced by the B-cos transformation and its impact in

continual learning. This study is complemented by an analysis of how the intrinsic inter-

pretability of B-cos Networks evolves over time.

3.2 Method

We frame our investigation within the standard paradigm of continual learning for classifi-

cation, as detailed in Sec. 2.1. Our work then focuses on rehearsal-based methods, which are

a dominant and effective family of approaches for mitigating catastrophic forgetting. These

methods augment the training process with a small, fixed-size memory buffer, M, which

stores a representative subset of samples from past tasks. When the model F is learning

task τi, it does not only train on the new data from Di but also on samples replayed from

the bufferM. After training on task τi is complete, the buffer is updated with samples from

Di to be used in future tasks.

The general training objective at task τi is to update the model parameters θ by minimiz-

ing a compound loss function that balances performance on the current task with knowledge
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retention of past tasks. This can be expressed generally as:

L(θ) = E(x,y)∼Di

[
Ltask(F (x;θ), y)

]
+

+ E(xm,ym)∼M

[
Lreplay(F (xm;θ), ym)

] (3.1)

where Ltask represents the loss on the new data (e.g., standard cross-entropy), while Lreplay

is a loss term applied to the replayed samples from the buffer. The specific formulations of

these loss terms vary across different state-of-the-art rehearsal methods; our contribution is

however architectural and orthogonal to the specific loss formulation. The ultimate goal is

to produce a final model that performs well on the union of all classes seen during training,

Yall =
⋃T

i=1 Yi.

3.2.1 B-cos networks

At the core of our architectural modification is the B-cos transform, introduced by Böhle et

al. [110]. This transform replaces the standard linear operations found in typical neural net-

work layers. To understand its impact, we first consider the standard dot product operation

performed by a single neuron with input x and weight vector w:

f(x;w) = w⊺x = ∥w∥ ∥x∥ cos(̸ (x,w)). (3.2)

Geometrically, this neuron produces a positive activation for any input x that lies in

the open half-space defined by the hyperplane to which w is the normal vector, with the

specific response depending on the activation function that receives the value f(x;w). This

broad activation condition allows features to respond to a wide range of inputs, which can

contribute to representational interference between tasks.

The B-cos transform modifies this operation to make activation far more selective. It is

defined as:

B-cos(x;w) = ∥ŵ∥ ∥x∥ |cos(̸ (x, ŵ))|B · sgn(cos( ̸ (x, ŵ))), (3.3)

where ŵ = w/∥w∥ is the unit-normalized weight vector, sgn(·) is the sign function, and

B ≥ 1 is the main hyperparameter of the transformation, whose effect will be described

shortly. The authors show the expression in Eq. 3.3 is equivalent to a rescaled dot product:

B-cos(x;w) = ŵ⊺x |cos(̸ (x, ŵ))|B−1 . (3.4)

The critical component is the scaling factor |cos(̸ (x, ŵ))|B−1. Since the cosine similarity

between the input and the normalized weight is always in the range [−1, 1], its absolute
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Figure 3.1: Visualization of the classification tasks for different values of B. For B =
1 (first column), the neuron behaves as a standard linear unit, activating over the positive
semi-hyperplane defined by its weight vector. Assuming the yellow cluster is the same in
both tasks, the optimal separating direction differs substantially across tasks (compare rows
within the same column). As B increases, the neuron’s activation hypercone narrows around
its weight vector, making activations more selective and the resulting decision regions more
consistent across tasks (last column), reducing task-dependent representational interference.

value is in [0, 1]. For any non-perfect alignment (i.e., when |cos(̸ (x, ŵ))| < 1), raising this

value to the power of B − 1 (for B > 1) suppresses the output. As the hyperparameter

B increases, this suppression becomes exponentially stronger for inputs that are not closely

aligned with the weight vector.

This has a powerful and intuitive geometric effect: it narrows the neuron’s activation

cone. While a standard linear neuron activates for any input in the positive semi-hyperplane

defined by the weights, a B-cos neuron only produces a significant output for inputs that fall

within a narrow hypercone around its weight vector w, with the “width” of this cone being

inversely controlled by B. By encouraging neurons to learn such highly selective features, the

B-cos architecture provides a strong inductive bias against the representational interference

that causes catastrophic forgetting. Fig. 3.1 provides a visual interpretation of the effect of

B-cos activations.
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3.2.2 B-cosified architectures

An advantage of the B-cos transform is its versatility as a drop-in replacement for standard

linear operations. This allows us to adapt well-established and powerful architectures, such

as ResNet [111] and DenseNet [128] models, for our continual learning experiments. We refer

to these adapted models as “B-cosified” architectures. The conversion process, guided by

the principles outlined in [110], involves several specific modifications:

• Every standard 2D convolutional layer within the models, including those in the resid-

ual blocks, bottleneck layers, and downsampling paths of ResNet, as well as the dense

blocks and transition layers of DenseNet, is replaced with a B-cos convolutional layer.

The final fully connected classification layer is also replaced with a 1×1 B-cos convo-

lutional layer, which acts as a convolutional classifier.

• The B-cos transform with B > 1 is inherently non-linear, which enables the removal of

standard non-linear activation functions, most notably ReLU. This leads to a desirable

explainability property, that is the possibility of collapsing the network’s computation

into a single linear transform. However, it is still possible to add non-linearities: specif-

ically, the authors of [110] employ MaxOut [129] activations, which act as “conditional”

linear paths, increasing model capacity while keeping explainability properties. In our

implementation, we also adopt MaxOut, setting the number of units k = 2.

• Batch normalization is removed, as it would interfere with the magnitude of the feature

vectors passed between layers, disrupting the scaling mechanism of the B-cos transform.

• In the initial feature extraction block of the standard DenseNet-121 architecture, the

max-pooling layer is replaced with an average pooling, to ensure that the transforma-

tions remain smoother and less aggressive.

Essentially, while the high-level structure, such as the residual connections in ResNet

or the feature concatenation in DenseNet, is preserved to benefit from their advantages in

gradient flow and feature reuse, the underlying operations are entirely replaced to promote

feature selectivity based on B-cos transform principles.

3.3 Experimental results

3.3.1 Datasets and metrics

Our experiments consider three continual learning benchmarks obtained by splitting standard

image classification datasets into a sequence of disjoint tasks: Split CIFAR-10 [74], Split
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Mini-ImageNet [59], and Split ImageNet-100 [130].

To evaluate performance, we employ two standard continual learning metrics: Final

Average Accuracy (FAA) and Final Average Forgetting (FAF). Since lower FAF indicates

better knowledge retention and greater resistance to forgetting, it is relevant for evaluating

our hypothesis that B-cos architectures promote more stable and protected representations.

Further details on these benchmarks and metrics are provided in Sec. 2.3 and Sec. 2.4,

respectively.

3.3.2 Baselines

We assess our architectural proposal by integrating it into a rehearsal-based method and

comparing its performance against a set of well-established baselines: Experience Replay

(ER) [131], DER++ [96], ER-ACE [103]. All methods use the same memory buffer size

for a fair comparison. While we report the results of all three methods as baselines, we

specifically choose to integrate B-cos layers with ER-ACE, due to its stronger performance

(see Tables 3.1, 3.2, and 3.3 later in this section).

3.3.3 Training procedure

For our experiments, we use ResNet-18, ResNet-50 [111], and DenseNet-121 [128] backbones.

Training is carried out for 50 epochs per task, using the Adam optimizer [132] initialized

with a learning rate of 0.001. Batch size is set to 32 for Split CIFAR-10 and to 8 for all other

datasets. For all B-cos models, we vary the hyperparameter B between 1.4 and 2, as we

empirically found this range to provide the most promising results. Given the lower number

of classes in Split CIFAR-10, we adopt smaller buffer sizes of 70, 100, and 200 samples. For

Split Mini-ImageNet and Split ImageNet-100, we evaluate larger buffers of 200, 500, and

1000 samples to accommodate their increased complexity.

All results are obtained in the class-incremental setting and reported as mean and stan-

dard deviation over three runs for both metrics.

3.3.4 Results

We hereby discuss our results, analyzing the performance of the compared methods sepa-

rately for each dataset, with each table reporting both FAA and FAF metrics. Tables 3.1, 3.2,

and 3.3 present results for Split CIFAR-10, Split Mini-ImageNet, and Split ImageNet-100,

respectively.
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FAA (↑) FAF (↓)

Buffer size 70 100 200 70 100 200

ER [103] 35.64±1.96 41.53±1.39 48.26±2.47 68.87±2.04 60.42±3.40 53.08±2.27

DER++ [96] 53.80±2.85 56.77±2.55 62.62±1.66 43.64±3.00 36.64±1.90 29.38±1.32

ER-ACE [131] 46.06±1.97 51.48±3.92 59.73±2.18 25.77±4.23 22.70±1.35 14.01±1.23

↪→ B=1.40 51.64±2.86 51.82±3.28 60.89±5.40 38.69±3.38 35.22±3.31 27.36±0.56

↪→ B=1.50 54.45±2.97 59.02±2.32 66.25±0.91 36.53±4.52 30.92±0.81 25.01±0.83

↪→ B=1.60 55.03±1.74 58.25±1.33 63.66±1.65 39.09±1.71 33.90±1.56 27.19±1.35

↪→ B=1.70 54.72±1.68 57.19±1.11 63.41±1.12 39.94±1.64 35.79±0.90 29.11±0.91

↪→ B=1.80 51.54±1.92 55.74±1.85 62.32±1.05 39.19±4.70 34.68±1.52 26.33±0.39

↪→ B=1.90 50.89±2.09 56.00±1.26 62.25±0.53 40.34±3.13 36.14±1.98 32.03±0.80

↪→ B=2.00 49.95±1.94 53.21±1.05 60.51±2.69 41.09±2.38 35.55±2.05 32.49±1.23

Table 3.1: Results on Split CIFAR-10 in class-incremental learning with varying
buffer sizes. We report final average accuracy (FAA ↑) and final average forgetting (FAF ↓).
We compare standard experience replay methods with our B-cosified models using different
values of the B parameter. Bold values indicate the best performance in each column.

Across all datasets and buffer sizes, integrating B-cos layers yields consistent and signif-

icant improvements over the standard rehearsal baselines. On Split CIFAR-10 with a buffer

of 200, our best B-cos model achieves an accuracy of 66.25%, substantially outperforming

both ER-ACE (59.73%) and the strong DER++ baseline (62.62%). This trend is amplified

on the more difficult datasets: on Split Mini-ImageNet (buffer size 1000), our top-performing

model reaches 28.43%, again surpassing ER-ACE (18.80%) and DER++ (14.81%) by a large

margin.

The performance gains are particularly remarkable on Split ImageNet-100, our most chal-

lenging benchmark. With a buffer size of 1000, our B-cos model achieves 27.40% accuracy,

more than doubling the performance of DER++ (10.33%) and delivering a relative improve-

ment of over 50% against ER-ACE (17.79%). This demonstrates that the architectural

pressure toward feature selectivity is especially crucial in fine-grained scenarios with high

inter-class similarity, where representational overlap is a major contributor to forgetting.

Our experiments also reveal the sensitivity to the hyperparameter B. The best results

are consistently achieved with moderate values, typically between B = 1.4 and B = 1.8.

This suggests an important trade-off: higher values of B enforce stricter feature selectivity,

which helps mitigate forgetting, but excessive values (B ≥ 2) can overly regularize the

model, hindering its plasticity and ability to learn new concepts effectively. Furthermore, the

performance gains from using B-cos layers are generally more pronounced as the buffer size
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FAA (↑) FAF (↓)

Buffer size 200 500 1000 200 500 1000

ER [103] 4.97±0.28 5.76±0.43 7.53±0.76 86.21±0.29 84.27±0.36 82.97±0.34

DER++ [96] 9.65±1.15 12.67±1.32 14.81±8.60 68.99±5.47 64.66±3.15 58.94±7.42

ER-ACE [131] 12.22±0.71 16.27±0.46 18.80±0.35 43.13±1.90 45.39±0.70 46.72±0.50

↪→ B=1.40 13.19±0.86 20.69±1.08 25.94±3.00 42.00±4.23 35.66±0.78 36.98±4.65

↪→ B=1.50 13.27±0.71 19.95±1.50 27.68±1.94 40.31±1.23 37.78±2.29 37.12±4.66

↪→ B=1.60 13.85±0.76 20.42±0.64 25.15±3.20 43.35±2.42 39.39±2.80 40.46±6.07

↪→ B=1.70 13.04±1.13 20.03±0.52 28.15±0.89 42.33±0.15 44.45±0.93 36.61±0.95

↪→ B=1.80 12.54±0.44 20.33±0.97 28.43±2.11 38.55±2.68 44.32±1.38 39.30±0.59

↪→ B=1.90 12.65±0.51 19.39±0.45 26.18±0.72 44.56±2.69 44.75±1.36 38.89±0.97

↪→ B=2.00 11.39±0.85 20.25±1.27 25.89±1.00 48.15±5.00 42.95±2.01 41.08±0.96

Table 3.2: Results on Split Mini-ImageNet in class-incremental learning with
varying buffer sizes. We report final average accuracy (FAA ↑) and final average forgetting
(FAF ↓). We compare standard experience replay methods with our B-cosified models using
different values of the B parameter. Bold values indicate the best performance in each
column.

increases, indicating that our architectural approach scales well and effectively complements

the information provided by a larger replay capacity.

Next, we analyze the results in terms of final average forgetting, providing a direct mea-

sure of how well each method preserves past knowledge, with a lower value indicating less

forgetting. The results reveal a nuanced story that reinforces our hypothesis. On the more

complex Split Mini-ImageNet and Split ImageNet-100 datasets, B-cosified models consis-

tently demonstrate lower forgetting than the ER-ACE baseline, especially with larger buffer

sizes. For example, on Split Mini-ImageNet with a buffer size of 1000, the best B-cos model

achieves an FAF of 36.98%, a marked improvement over ER-ACE’s 46.72%. This directly

supports our claim that the feature selectivity induced by B-cos layers provides a protective

effect against the representational interference common in complex, multi-task scenarios.

Interestingly, on the simpler Split CIFAR-10 benchmark, the B-cos models exhibit slightly

higher forgetting than ER-ACE, despite achieving higher final accuracy. A possible expla-

nation of this behavior could be due to the low resolution of CIFAR-10 images (32 × 32),

which may inherently limit the degree of feature specialization possible. The lack of fine-

grained detail might force the network to learn features that are more general, reducing the

effectiveness of the B-cos selectivity mechanism. Further investigation of this phenomenon

is needed to better understand its causes. Nevertheless, the substantial reduction in forget-
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FAA (↑) FAF (↓)

Buffer size 200 500 1000 200 500 1000

ER [103] 4.34±0.14 4.50±0.06 4.72±0.07 63.89±0.37 63.14±0.17 63.88±0.79

DER++ [96] 6.20±0.98 8.69±1.04 10.33±1.61 60.68±7.58 63.89±2.00 59.76±5.44

ER-ACE [131] 10.39±0.51 14.38±1.45 17.79±0.58 43.81±1.71 47.77±2.26 50.44±2.12

↪→ B=1.40 13.47±0.33 20.15±1.63 27.40±2.60 44.93±2.36 46.32±5.84 43.62±7.74

↪→ B=1.50 12.25±1.34 22.09±1.63 25.69±2.62 44.58±1.43 44.73±5.53 43.26±1.17

↪→ B=1.60 11.18±0.49 19.51±1.87 24.12±2.44 53.63±4.72 46.35±4.35 41.82±1.46

↪→ B=1.70 12.07±1.35 19.09±0.31 26.48±2.18 41.84±4.80 45.77±1.91 40.31±1.11

↪→ B=1.80 10.33±0.38 17.09±2.00 23.07±1.42 49.23±3.25 45.47±2.03 43.28±0.53

↪→ B=1.90 11.31±0.99 17.62±0.43 24.93±0.04 44.38±3.25 44.39±3.46 43.58±0.92

↪→ B=2.00 10.55±0.16 16.46±0.43 24.01±0.20 49.18±2.36 49.61±2.32 44.80±1.40

Table 3.3: Results on Split ImageNet-100 in class-incremental learning with vary-
ing buffer sizes. We report final average accuracy (FAA ↑) and final average forgetting
(FAF ↓). We compare standard experience replay methods with our B-cosified models us-
ing different values of the B parameter. Bold values indicate the best performance in each
column.

ting on more challenging, fine-grained datasets confirms that the architectural bias is most

impactful on more complex tasks, which is a desirable property that makes the approach

more suitable for real-world problems.

3.3.5 Generalization analysis

To assess how B-cosification generalizes across architectural backbones, we extend our eval-

uation beyond the ResNet-18 backbone used in Sec. 3.3.4. In particular, we consider two

widely adopted, higher-capacity convolutional networks: ResNet-50 [111] and DenseNet-

121 [128]. These models introduce substantially higher representational capacity and depth,

allowing us to assess the robustness of our method under increased architectural complexity.

The ER-ACE model [131], identified as the top-performing method when combined with our

approach, is used as the baseline model for this study. All experiments are performed on the

Split Mini-ImageNet dataset [59].

With a ResNet-50 backbone, B-cosification consistently improves upon the standard ER-

ACE model. For a buffer size of 500, the best B-cos model achieves a final accuracy of

13.05%, a significant relative improvement compared to the 10.29% from its standard coun-

terpart. This advantage becomes more pronounced with a buffer size of 1000, where the

best configuration achieves 16.33% accuracy versus 12.95% for the standard ER-ACE. The
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ResNet-50 DenseNet-121

Buffer size 200 500 1000 200 500 1000

ER [103] 4.38±0.08 5.40±0.60 5.69±0.35 5.56±0.03 7.81±0.46 9.74±0.08

DER++ [96] 6.98±1.53 7.86±1.79 6.13±0.21 7.66±0.94 9.86±1.29 11.66±0.42

ER-ACE [131] 8.12±0.31 10.29±0.86 12.95±0.06 8.24±1.34 13.75±0.74 19.49±1.27

↪→ B=1.40 8.61±0.09 10.93±1.32 14.93±0.20 9.59±0.16 14.84±0.83 19.51±0.52

↪→ B=1.50 9.67±0.18 12.48±0.09 15.47±0.21 9.15±0.66 15.34±0.29 20.14±0.38

↪→ B=1.60 9.01±0.48 12.66±0.77 16.33±0.05 9.32±0.13 14.38±0.67 19.38±0.15

↪→ B=1.70 8.85±0.23 12.80±0.74 15.80±0.66 9.20±0.38 14.39±0.38 17.48±0.44

↪→ B=1.80 9.53±0.47 13.05±0.04 15.94±1.34 9.79±0.25 14.58±0.16 17.66±1.05

↪→ B=1.90 8.69±0.46 12.76±1.19 15.80±0.33 8.90±0.83 13.86±0.30 17.39±0.51

↪→ B=2.00 8.04±0.23 12.22±0.18 14.24±1.32 8.79±0.37 13.81±0.42 16.50±0.92

Table 3.4: Results on Split Mini-ImageNet in class-incremental learning using
ResNet-50 and DenseNet-121 as backbones. We report final average accuracy (FAA
↑) for different buffer sizes. We compare standard experience replay methods with our B-
cosified models using different values of the B parameter. Bold values indicate the best
performance in each column.

same trend is observed for buffer sizes of 200 and 500 with the DenseNet-121 architecture,

which relies on a fundamentally different feature-reuse mechanism (dense concatenation).

For a buffer size of 1000, DenseNet-121 exhibits a more nuanced behavior. While the best

B-cos model still achieves the top result with 20.14% accuracy, accuracy drops below the

ER-ACE baseline for B ≥ 1.60. A plausible explanation is that, when the rehearsal memory

is large, ER-ACE already enforces a strong stability signal, reducing the marginal gains from

additional feature selectivity. In this setting, increasing B too much can over-constrain repre-

sentations, undermining within-task learning. This effect may be amplified in DenseNet-121

due to its reliance on feature reuse via dense concatenation: overly selective activations can

make shared features less broadly useful across layers, underutilizing model capacity and

resulting in a drop in accuracy. Overall, performance gains are observed for values of the

B-cosification parameter B within the range from B = 1.40 to B = 1.60, with DenseNet-

121 at larger buffer sizes favoring the lower end of this range. The consistent improvement

across these varied and deeper architectures provides evidence that instilling the inductive

bias for feature selectivity via B-cos layers is a robust and architecture-agnostic principle for

improving continual learning performance.

A noteworthy, and perhaps counter-intuitive, observation is that the absolute perfor-

mance on Split Mini-ImageNet is higher with the shallower ResNet-18 than with the deeper
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ResNet-50 and DenseNet-121 backbones. This holds true for both the standard ER-ACE

baseline and our B-cosified models. For instance, the best B-cos ResNet-18 with a buffer size

of 500 reaches 20.69% accuracy, while the best B-cos ResNet-50 and DenseNet-121 top out at

13.05% and 15.34% respectively. This phenomenon highlights a known challenge in contin-

ual learning: larger, higher-capacity models are often more prone to catastrophic forgetting,

as their larger parameter space is more difficult to regularize effectively, especially with the

limited information provided by a small memory buffer. On top of this, complex models are

more likely to suffer from overfitting on small tasks. The consistent relative improvement

provided by B-cos across all these architectures reinforces the claim that our architectural

approach provides a robust benefit, independent of model depth.

3.4 Interpretability

A key advantage of B-cos networks is that their design enables model-inherent explanations

that are directly tied to the model’s computation, rather than relying on post-hoc surrogates.

In this section, we describe how these explanations are computed and then analyze their

behavior and implications in a continual learning context.

3.4.1 Explanations

Let Wj denote the weight matrix of layer j, with the k-th row given by the weight vector

of the k-th neuron. Following [110], a B-cos layer computes an input-dependent linear

transform:

W̃j(aj) =
∣∣∣cos(aj;Ŵj)

∣∣∣B−1

⊙ Ŵj, (3.5)

where Ŵj denotes Wj with each row scaled to unit norm, and ⊙ denotes element-wise

multiplication (with row-wise broadcasting when applied to a vector and a matrix).

The output of a B-cos network can be expressed as a sequence of input-dependent linear

transforms applied to the input x:

f(x;θ) = W̃L(aL)W̃L−1(aL−1) · · ·W̃1(a1 = x)x. (3.6)

Such a formulation allows the network to be rewritten as a single linear mapping of the

input. In particular, the model output is given by

f(x;θ) = W1→L(x)x, (3.7)
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where W1→L(x) summarizes the sequence of layer-wise transforms applied to x. Under this

formulation, the class-c logit can be written as the inner product between the input x and the

corresponding class-specific weight vector. Accordingly, the c-th row of W1→L(x) indicates

which input patterns contribute positively or negatively to the prediction for class c.

The resulting spatial contribution maps can be used to quantitatively evaluate the ex-

planations. For a target neuron indexed by j at layer l, we compute the input contributions

as

s l
j(x) = [W1→l(x)]⊤j ⊙ x. (3.8)

For image inputs, the contribution from a single pixel location (x, y) is obtained by

summing over color channels k, i.e.,
∑

k [s l
j(x)](x,y,k).

3.4.2 Qualitative results

To analyze interpretability in a continual learning setting, we qualitatively inspect how

explanations evolve across the sequence of tasks. Specifically, we compare the proposed B-

cos contribution maps against Grad-CAM explanations [116] for standard rehearsal-based

baselines. We assume that, when the model effectively learns a target class in the task in

which it is introduced, its explanations should highlight the most discriminative visual cues

for recognizing that class. Under successful knowledge retention, these highlighted regions

are expected to remain stable over time; conversely, substantial drift or degradation in the

maps may signal interference and the loss of class-relevant representations.

Given an example image taken from the first task of Split Mini-ImageNet, Figure 3.2

shows the corresponding explanation maps computed for different values of B and visualized

throughout the subsequent task sequence. Over time, Grad-CAM maps for ER and DER++

progressively lose localization, either becoming broadly diffuse or exhibiting frequent shifts,

whereas ER-ACE maps instead remain more object-focused while still showing a soft rele-

vance spillover into the surrounding context. In contrast, the behavior of B-cos explanations

varies with the value of B. For lower values of B, despite higher accuracy (as shown in

Sec. 3.3.4), the narrower neuronal activation cone leads to contribution maps that are gran-

ular and sparse, and therefore harder to interpret. Increasing B widens the activation cone

and produces more coherent and stable maps, improving readability but reducing overall

accuracy.

Since B-cos explanations for B = 2 are the most informative, we provide additional

qualitative comparisons with Grad-CAM for ER-ACE, the strongest rehearsal baseline in

our setting (Fig. 3.3). Like the other baselines, ER-ACE Grad-CAM maps can still drift

and spread to contextual regions over time. We also observe that deviations from the more
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Figure 3.2: Explanation degradation across tasks. Comparison of Grad-CAM maps for
ER, DER++, and ER-ACE (top) and B-cos explanations for different values of B (bottom)
over the task sequence. Red borders indicate instances in which the model produces an
incorrect prediction.

informative B-cos patterns seen in earlier tasks often co-occur with performance drops and

misclassifications.

Figure 3.4 shows examples from later tasks, together with the model’s outputs on the

same inputs in earlier tasks. As expected, for classes not yet seen during training (orange

borders), explanations are largely uninformative, suggesting that the attribution signal is

tied to learned representations rather than spurious patterns.

3.4.3 Quantitative results

We report quantitative results aimed at characterizing the temporal stability of explanation

maps as new tasks are learned. To this end, we employ three complementary similarity

metrics that capture different aspects of agreement between explanation maps: Pearson
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PCC IoU Dice Insertion

ER [103] 0.434±0.052 0.308±0.029 0.461±0.033 0.611±0.061

DER++ [96] 0.396±0.080 0.334±0.038 0.486±0.041 0.232±0.062

ER-ACE [131] 0.541±0.065 0.367±0.033 0.521±0.035 0.540±0.093

↪→ B=1.40 0.489±0.044 0.339±0.023 0.502±0.028 0.877±0.035

↪→ B=1.50 0.517±0.035 0.337±0.019 0.501±0.021 0.945±0.008

↪→ B=1.60 0.688±0.060 0.409±0.025 0.576±0.027 0.770±0.060

↪→ B=1.70 0.740±0.029 0.476±0.020 0.641±0.020 0.777±0.036

↪→ B=1.80 0.673±0.041 0.456±0.026 0.619±0.025 0.791±0.039

↪→ B=1.90 0.725±0.029 0.515±0.024 0.673±0.022 0.810±0.038

↪→ B=2.00 0.795±0.044 0.493±0.027 0.653±0.027 0.753±0.048

Table 3.5: Interpretability evaluation results on Split Mini-ImageNet in class-
incremental learning with buffer size of 500. We compare standard experience replay
methods with our B-cosified models using different values of the B parameter. Bold values
indicate the best performance in each column.

Correlation Coefficient (PCC), Intersection over Union (IoU), and Dice coefficient (Dice).

PCC measures the linear agreement between explanation maps across time: higher values

indicate that the overall relevance pattern is preserved, whereas lower values suggest substan-

tial drift. For each image, we compute these metrics across consecutive tasks by comparing

the current explanation to the corresponding one from the previous task, which serves as the

reference, and averaging the resulting scores over the task sequence. To focus on the most

discriminative evidence, IoU and Dice are computed on binarized maps obtained by retaining

the top-20% most relevant pixels. We report both metrics since IoU is union-normalized and

is therefore more conservative, while Dice behaves as an F1-like measure and is typically less

punitive under partial overlap.

Beyond stability, we assess the faithfulness of the produced explanations, i.e., whether

highlighted regions are causally relevant for the prediction, via the Insertion metric [133].

Starting from a zero-initialized reference image, we construct a sequence of partially revealed

inputs by inserting pixels in decreasing order of relevance induced by the explanation map

(from most to least relevant), and we record the target-class score after each insertion step.

The area under the resulting insertion curve (AUC) is reported, where higher values indicate

that the ranking identifies evidence that is causally aligned with the model’s prediction. The

metric is computed using the model after the last task, to test whether evidence highlighted

at earlier tasks remains predictive after learning the full task sequence.

All metrics are computed per image, then averaged within each class and finally across
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Figure 3.3: Explanation degradation across tasks using images from the first task.
Comparison of Grad-CAM maps for ER-ACE and B-cos explanations for B = 2 over the
task sequence. Red borders indicate instances in which the model produces an incorrect
prediction.

classes. As reported in Table 3.5, B-cosification preserves the spatial attribution pattern

more reliably over time than rehearsal-based baselines. Interestingly, the configuration that

maximizes FAA (B = 1.40) is not the most stable: it attains the lowest stability overall,

below all other B settings and ER-ACE. This is consistent with the effect of B: smaller values

increase plasticity and can improve end-of-stream performance, but they also allow stronger

task-to-task reorganization, leading to larger attribution drift. Increasing B progressively

mitigates this effect, improving inter-task agreement with only marginal FAA differences.

Faithfulness follows the opposite trend within the B-cos family, as insertion generally

peaks at smaller B. This suggests more causally effective relevance rankings, even though

temporal stability is reduced. Nevertheless, all B-cos settings outperform replay baselines in

insertion AUC, suggesting improved causal alignment between attributions and the model

decision. Overall, these results point to a trade-off between maximizing temporal consistency

(larger B) and maximizing the causal effectiveness of the relevance ranking (smaller B).
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Figure 3.4: Explanation degradation across tasks using images from later tasks in
the sequence. Comparison of Grad-CAM maps for ER-ACE and B-cos explanations for
B = 2 over the task sequence. Red borders indicate instances in which the model produces
an incorrect prediction, while orange borders indicate instances for which the model has not
been trained on the corresponding task yet.

3.5 Discussion

In this chapter, we address catastrophic forgetting by drawing inspiration from brain-inspired

mechanisms such as pattern separation and neural coding. By replacing standard linear lay-

ers with a cosine-similarity transform, our models develop narrow activation cones that

foster feature selectivity and reduce destructive interference across tasks. When integrated

into ResNet backbones and combined with a simple rehearsal buffer, these “B-cosified” archi-

tectures consistently outperform their vanilla counterparts on class-incremental benchmarks

57



CHAPTER 3. ARCHITECTURAL INDUCTIVE BIAS

of varying complexity, demonstrating a marked improvement in both average accuracy and

forgetting metrics.

Our empirical analysis shows that, besides memory replay, the performance gains also

derive from the architectural bias introduced by B-cos layers: by learning highly aligned,

task-specific representations, the network protects previously acquired knowledge from being

overwritten during subsequent training. The generalization analysis further confirms that

the selectivity induced by the B-cos transform is a critical driver of this effect, with greater

alignment yielding more stable class boundaries over time.

Beyond accuracy, we studied the impact of continual learning on the inherent inter-

pretability of B-cos Networks. Both qualitative evidence and quantitative metrics reveal

a systematic trade-off, guided by the choice of B, between predictive performance and the

temporal consistency of explanations. Smaller B increases plasticity and often improves final

average accuracy, but leads to highly selective yet fragmented contribution maps; conversely,

larger B produces more coherent and temporally stable explanations, at a moderate cost in

predictive performance.

Looking forward, we envisage several directions for further investigation. First, extending

B-cos networks to other backbone families (e.g., Vision Transformers) and continual learning

paradigms (e.g., task-agnostic or unsupervised settings) could further validate the generality

of our approach. Second, a deeper theoretical investigation into the relationship between

angular margin, feature sparsity, and forgetting could yield refined transforms with tunable

selectivity. On a related note, it would be interesting to better study the effect of hyperpa-

rameter B: our results show that a suitable choice of B for a specific combination of dataset

and buffer size is necessary in order to achieve the best performance. For this reason, we

intend to investigate the causes of this phenomenon, so that a principled choice of B can be

made for specific use cases. Finally, combining B-cos layers with complementary strategies,

such as dynamic expansion or parameter isolation, may lead to even greater resilience in

lifelong learning systems.
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Chapter 4

Selective Freezing

for Efficient Continual Learning

Considering the environmental and resource implications of training large-scale deep learn-

ing models, developing learning strategies that are both effective and resource-efficient has

become an increasingly important priority for the research community. State-of-the-art

architectures, particularly those operating at the frontier of performance across multiple

domains, often require substantial computational resources for training. As these demands

increase, so does the associated energy consumption, leading to a significant environmen-

tal footprint [134]. Therefore, identifying ways to reduce the computational requirements

without a substantial performance loss has become an imperative.

In this chapter, we draw inspiration from neuroscientific accounts of synaptic consoli-

dation, which emphasize that learning unfolds across multiple timescales and that stability

emerges by progressively constraining plasticity for representations that have proven reliable

over experience [30, 31, 32]. Building on this perspective, we first present an exhaustive

empirical analysis of the effect of layer freezing in a continual learning context. Our results

reveal that there exist configurations that allow us to freeze a significant portion of the model

without suffering a notable decrease in accuracy. This shows that a substantial portion of the

representations learned on earlier tasks remains reusable over time, enabling transfer across

tasks without requiring all layers to be continually updated. Motivated by these findings, we

propose a method designed to address the twin challenges of continual learning and computa-

tional efficiency. Our approach leverages the intuition that suitable freezing of layers in deep

learning models during training can support both objectives, by providing a mechanism to

preserve important features from previous tasks, while reducing the amount of computation

required, which directly affects the energy impact of model training. In detail, at the begin-

ning of each continual learning task at training time, we perform a fast adaptation stage of
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the model on the new task, by testing different freezing strategies to dynamically identify a

subset of layers that optimizes plasticity on the new task and stability on the previous ones.

Experimental results show that our approach achieves performance that is competitive with

manually-tuned optimal freezing strategies. This eliminates the need for time-consuming

and expertise-intensive hyperparameter tuning, further augmenting the computational effi-

ciency of our approach. Additionally, we show that our freezing strategy effectively reduces

the amount of computation and energy requirements, which we quantitatively estimate in

terms of number of parameters and number of updates required to train a model.

The results presented herein may serve as a step towards more sustainable and efficient

deep learning, suggesting that the regulation of plasticity inspired by multi-timescale synaptic

consolidation in the human brain can preserve the benefits of continual learning. This

underscores the value of the brain as a principled source of inspiration for designing machine

learning systems that are both environmentally responsible and effective.

4.1 Related work

Several approaches in the continual learning literature have investigated strategies that rely

on freezing subsets of network parameters. Once a task has been learned, parameter freezing

allows the acquired knowledge to remain fixed, thus reducing forgetting of previous tasks.

Most works have focused on defining mask-based methods, where a learned mask for individ-

ual weights or groups of weights is used to selectively freeze or constrain certain parameters.

Piggyback [135] uses a binary mask on the weights of a pre-trained model to create differ-

ent sub-networks, introducing an overhead of 1 bit per network parameter for each task.

Similarly, Kang et al. [136] introduced Winning SubNetworks (WSN), which sequentially

learns and selects an optimal subnetwork for each task by means of an accumulated binary

mask. WSN updates only weights that have not been selected in previous tasks, resulting

in a task-specific subnetwork. HAT [79] learns near-binary attention vectors by using gated

task embeddings for each task. These vectors are then used to define hard attention masks

for each task, which are used to constrain the network’s weight updates for the following

task. Masana et al. [137] proposed a ternary mask-based approach for the task-incremental

learning scenario. Differently from the above-mentioned approaches, these masks are applied

to the features of each layer rather than weights, reducing the number of mask parameters

for each new task. Sparse-MAML [138] proposes a meta-learning approach, where a subset

of weights is frozen during the inner-loop learning process. Similarly to the previous meth-

ods, a binary mask is learned and then multiplied element-wise with gradient updates. The

PathNet algorithm [139] employs agents embedded in the neural network to identify which
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parts can be reused for new tasks. Task-relevant paths that evolved during the previous

tasks can be frozen or partially reused in the following tasks. Shi et al. [140] introduced

the BLIP approach, which preserves the information gain on model parameters provided

by each task through a guided bit freezing. In particular, weight quantization is exploited

to determine the weights to be frozen to prevent forgetting. Jung et al. [141] defined an

algorithm that prevents the model from drifting by freezing the weights associated with the

information learned in previous tasks, called nodes, while learning future tasks. Specifically,

the loss function involves two group sparsity-based regularization terms that are used to

define the importance of a node for carrying out the preceding tasks. Yang et al. [142]

proposed a progressive task-correlated layer freezing method to be used in the context of

self-supervised continual learning (SSCL). More specifically, a task correlation ratio, based

on the gradient projection norm, is defined to formally characterize the correlation between

current and previous tasks.

4.2 Method

Following the formulation described in Sec. 2.1, we frame our setting as a supervised classifi-

cation problem on a non-i.i.d. stream of data D = {D1, . . . ,DT}, under the assumption that

task boundaries, which mark changes in the data distribution, are known at training time.

Given a classifier F : X → Y , parameterized by θ, the training objective is to minimize a

classification loss over the sequence of tasks, such that the final model achieves high accuracy

on both current and past tasks.

The classification model may also keep a limited memory buffer M of past samples, to

reduce forgetting of features from previous tasks. The model update step between tasks can

be summarized as:

⟨F,θi−1,Mi−1⟩
Di−→ ⟨F,θi,Mi⟩, (4.1)

where θi and Mi represent the set of model parameters and the memory buffer at the end

of task τi.

4.2.1 Selective freezing

In accordance with synaptic consolidation [30, 31], we propose a method for parameter

freezing to maximize stability and plasticity. Specifically, we propose to train the model

at the beginning of each task for a limited number of iterations under varying parameter

freezing settings, providing an opportunity to the model to find the optimal configuration

that combines retaining of previous knowledge and learning of the new task.
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Figure 4.1: ResNet-18 architecture and selective freezing strategy. After an initial
convolutional layer (apart from the last fully-connected layer), each colored portion rep-
resents a network’s main block, consisting of two residual basic blocks, each applying two
convolutions. For our selective freezing strategy, we treat each basic block as the smallest
unit of freezing, named layer.

Formally, we want to model the joint probability between task data Di, previous experi-

ence Mi−1, model parameters θi and a binary freezing mask mi, with the same dimensions

as θi and such that mi,j = 1 indicates that parameter θi,j should be frozen:

P (x, y,θi,mi) = P (y | x, F (x,θi,mi))P (θi,mi)P (x), (4.2)

where x and y represent samples and labels from Di∪Mi−1. The first term of the decompo-

sition of Eq. 4.2 is the likelihood of correct labels given the input and the model prediction,

while the joint distribution P (θi,mi) describes the relation between model parameters θi

and the freezing strategy defined by mi, and can be expressed as:

P (θi,mi) = P (θi |mi)P (mi), (4.3)

where

P (θi |mi) =
∏
j

N
(
θi,j; θi−1,j, σ

2
i )
)1−mi,j . (4.4)

In this formulation, we model the distribution of each parameter θi,j as a Gaussian distri-

bution depending on the corresponding mask value mi,j, which removes a term from the

overall probability when mi,j = 1. Note that the mean of each parameter is set to θi−1,j,

i.e., its value at the end of the previous task (or to 0 for the first task, based on common

initialization strategies).

In order to model P (mi) in a practically feasible way, we employ some simplifying as-
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sumption based on the layered structure of deep learning models. Given F = l1 ◦ l2 ◦ . . . ◦ lL,

where each lk represents a network layer with parameters θ|k and θ =
[
θ|1, . . . ,θ|L

]
, let us

similarly define 0|k and 1|k as two tensors with the same size as θ|k, with all values set to 0

and 1, respectively. Then, we impose that possible values for mi must be parameterized by

a value l as follows:

mi(l) =
[
1|1, . . . ,1|l,0|l+1, . . . ,0|L

]
∨mi−1 (4.5)

with l ∈ {1, . . . , L}. In practice, parameters frozen at previous tasks must remain so at the

current task, and a layer’s parameters can only be frozen altogether if all previous layers are

also frozen.

Given these constraints, our goal is to find the optimal binary mask mi that maximizes

the likelihood of the labels y given the inputs x from current task Di and from long-term

memory Mi−1. This is expressed as the following optimization problem:

arg max
mi,θi

P (y | x, F (x,θi,mi))P (θi |mi)P (mi)P (x), (4.6)

where the optimization is over parameters θi and all feasible binary masks mi. Hence, the

search over mi is restricted to the discrete set of masks induced by Eq. 4.5 and performed

by testing each admissible configuration individually, retaining the one that best balances

stability and plasticity according to the objective.

The choice of mi is thus formalized through the maximization of this likelihood, carried

out via the optimization of the selective freezing loss function Lsf:

(4.7)Lsf = E(x,y)∼Di
[L (y, F (x,θi,mi))] + αE(x,y)∼Mi−1

[L (y, F (x,θi,mi))] ,

where mi varies as described above, and α is a weighting factor between data sources. It

is important to notice that, while optimizing for mi necessarily requires updating θi as well

(since freezing, per se, does not alter inference performance), the objective is to prepare the

model by identifying the optimal set of parameters that should be kept from previous tasks

in a way that ensures both knowledge retention and room for plasticity. For this reason,

optimization is carried out for a single epoch over Di. Note that the choice of L is arbitrary:

the proposed formulation allows for plugging in any existing continual learning method,

enhancing it with the proposed training strategy.
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4.3 Experimental results

4.3.1 Datasets and metrics

In our experiments, in order to define a set of continual learning tasks {τ1, . . . , τT}, we employ

the Split CIFAR-10 [96] dataset, which is obtained by splitting the CIFAR-10 dataset [63].

For the experiments with a pre-trained backbone, the datasets used for the pre-training

phase are ImageNet [143], CIFAR-100 [63] and ImageNette [144].

The proposed approach and the related baselines have been evaluated in the standard

class-incremental learning (Class-IL) setting, in which the model is required to gradually

solve the complete problem while classes become available at different times. For the per-

formance evaluation, we report the average classification accuracy over all dataset classes

in the test set; we assume that the model has no access to task identity when classifying a

given input.

4.3.2 Baselines

We carry out a set of experiments, freezing different portions of the backbone network ac-

cording to different criteria, while employing the well-known continual learning DER++ [96]

and ER-ACE [103] approaches. As a backbone for both approaches, we employ a ResNet-18

network [111], illustrated in Fig. 4.1. In standard implementations of the model1, the feature

extraction portion of the network consists of four main blocks (depicted with distinct colors

in the figure), each of which includes two basic blocks ; in turn, each basic block applies

two convolutions with a residual connection. In the following experiments, we will treat each

block as the smallest unit of freezing, named layer. Consequently, the network is divided into

eight layers, aligning with the original structure of the basic blocks. The first convolution of

the network is assumed to be part of the first layer.

4.3.3 Training procedure

In our experiments, we follow [96] and adopt the same training settings. All models are

trained by means of Stochastic Gradient Descent (SGD) with a fixed learning rate of 0.03.

Training is performed separately for 50 epochs for each task. Training batches are composed

by mixing data retrieved from the current task and previous samples from the replay buffer.

Buffer sizes 200 and 500 were used in our experiments. The training dataset is normalized

1We refer to the PyTorch implementation.
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Pretraining ImageNet-1k CIFAR-100 ImageNette

Layer 200 500 200 500 200 500

l1 69.84 80.31 55.63 67.42 67.87 74.98

l2 70.18 78.44 56.07 67.39 69.52 75.09

l3 69.27 78.95 57.96 68.15 70.02 74.34

l4 70.34 80.08 54.79 66.51 68.02 74.17

l5 70.10 80.85 54.62 67.29 71.82 75.40

l6 69.06 76.69 53.66 63.56 71.64 75.48

l7 62.02 75.68 43.08 55.39 71.49 77.23

l8 10.13 9.09 7.92 10.18 71.44 74.47

not frozen 72.96 81.96 57.64 68.78 67.51 75.97

Table 4.1: Effect of layer freezing when using a pre-trained backbone with
DER++. Results are computed at the end of the last task on Split CIFAR-10, for dif-
ferent pre-training modalities, in the Class-IL setting.

using the mean and the standard deviation values computed on data used for the training

process. The data augmentation strategy includes random crop and horizontal flip.

For evaluating the freezing strategies, the optimization of Eq. 4.7 is carried out on a

distinct portion of the training set, which we refer to as validation set. Specifically, for

a given task τi, we optimize Lsf on the corresponding validation Di,val ∪ Mi−1,val, where

Di,val contains 10% of the training set Di, and Mi−1,val includes 10% of the buffer Mi−1.

Additionally, as alternative approaches, we also try using only the data from the current

task (Di,val), or exclusively with the data contained in the buffer (Mi−1,val).

All experiments were run on a single NVIDIA RTX 3090 GPU and implemented using

the PyTorch framework.

4.3.4 Static freezing

We first present a set of experiments aimed at assessing the overall impact of different static

freezing strategies (i.e., where the choice of which layers to freeze and the task at which

they are frozen is performed a priori, independently of the model’s performance). This

preliminary analysis provides useful hints on how continual learning performance is affected

by feature freezing in general; moreover, it allows us to establish a reference for comparison

in our experiments with selective freezing.

We first analyze the effect of layer freezing with a pre-trained ResNet-18 backbone. A

common setting of continual learning methods assumes that model features are trained from
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scratch, in order to assess a method’s capability to learn strong features that support forward

transfer and are not spurious or task-specific. In our scenario, it is interesting to evaluate the

extent to which layer freezing interacts with the availability of pre-trained features: indeed,

this setting should reduce the need for forward transfer (as we can assume that pre-trained

features mitigate spurious feature learning) and robustness to forgetting (due to freezing).

The results of these experiments are shown in Tab. 4.1 (for DER++) and Tab. 4.2 (for

ER-ACE). We report the class-incremental learning (Class-IL) accuracy computed after the

last task in Split CIFAR-10, for buffer sizes 200 and 500, when freezing up to a certain

layer (in the table, the row corresponding to li refers to when the i -th layer w.r.t. Fig. 4.1

is frozen, along with all previous layers); we take into account classification pre-training on

three different datasets, CIFAR-100, ImageNette2 and ImageNet-1k [143]. It is interesting to

note that the Class-IL accuracy does not decrease significantly when freezing up to layer l6,

in several cases even improving accuracy with respect to the non-frozen case. As mentioned

above, this can be expected, since freezing pre-trained features helps reduce forgetting while

reusing already good features, at the cost (in this case, negligible) of giving up learning

task-specific low-level features. However, going deeper with freezing, performance drops

when using pretrained features from CIFAR-100 and ImageNet-1k, showing that a certain

degree of feature customization may be in order. Interestingly, this drop is mitigated when

pre-training on ImageNette (see Tables 4.1 and 4.2). A possible explanation lies in the fact

that ImageNette only has ten classes: as such, it is tailored towards learning features that

are less class-specific and that can be effectively leveraged by the final fully-connected layer,

even when the entire backbone of the model is frozen.

The previous results show that layer freezing does not seem to incur a significant per-

formance loss in a continual learning setting, thanks to pre-training. However, it is more

interesting to see how this changes when the entire backbone is trained from scratch. To

this aim, Figures 4.2, 4.3, 4.4, 4.5 show the results for DER++ and ER-ACE without a

pre-trained backbone. Accuracy is reported in terms of Class-IL for different buffer sizes, on

Split CIFAR-10. In detail, each table reports these metrics when the backbone is frozen up

to a certain layer at the end of a certain task: during previous tasks, the entire backbone

is updated. This setting thus takes into account not only the depth but also the moment

at which backbone features are frozen, allowing us to study the trade-off between freezing

early (encouraging feature preservation but reducing plasticity) or late (encouraging adapt-

ability to new tasks but risking catastrophic forgetting). As expected, in the absence of

a pre-training stage, freezing tends to reduce model performance compared to full training

of the entire backbone. A general trend can be identified for both DER++ and ER-ACE

2ImageNette is available at: https://github.com/fastai/imagenette
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Pretraining ImageNet CIFAR-100 ImageNette

Layer 200 500 200 500 200 500

l1 79.87 84.94 66.78 73.02 59.69 59.18

l2 79.62 85.80 65.38 73.41 60.32 61.65

l3 79.62 86.03 65.22 72.90 55.93 57.98

l4 80.31 84.47 66.14 71.00 57.79 56.97

l5 80.06 85.76 65.08 69.72 53.45 54.02

l6 79.80 85.56 64.60 70.24 50.76 52.25

l7 79.01 83.96 60.62 67.35 50.71 49.61

l8 11.74 10.47 10.35 11.17 38.57 39.96

not frozen 80.70 85.11 64.94 73.70 59.33 65.66

Table 4.2: Effect of layer freezing when using a pre-trained backbone with ER-
ACE. Results are computed at the end of the last task on Split CIFAR-10, for different
pre-training modalities, in the Class-IL setting.

Figure 4.2: Effect of layer freezing, when training from scratch, performed at end
of different tasks when using the DER++ method and a buffer size of 200. Results
are computed at the end of the last task on Split CIFAR-10 in the Class-IL setting. “NF”
refers to the baseline setting where no layer is frozen.

and for both tested buffer sizes: later freezing (with respect to the sequence of tasks) yields

higher accuracy, as the model can work at its full capacity for a longer time; deeper freezing

(with respect to the sequence of layers in the backbone), tends to reduce accuracy, for a

similar reason, since the model is forced to reuse features that — unlike in the pre-training

experiments — may not be representative for future tasks. Nevertheless, it is possible to find

67



CHAPTER 4. SELECTIVE FREEZING FOR EFFICIENT CONTINUAL LEARNING

Figure 4.3: Effect of layer freezing, when training from scratch, performed at end
of different tasks when using the DER++ method and a buffer size of 500. Results
are computed at the end of the last task on Split CIFAR-10 in the Class-IL setting. “NF”
refers to the baseline setting where no layer is frozen.

Figure 4.4: Effect of layer freezing, when training from scratch, performed at
end of different tasks when using the ER-ACE method and a buffer size of 200.
Results are computed at the end of the last task on Split CIFAR-10 in the Class-IL setting.
“NF” refers to the baseline setting where no layer is frozen.

a “sweet spot” among the different freezing configurations, representing good compromises

between accuracy and efficiency. For instance, while freezing after the first task may be too

early to learn good features, freezing after the second task, even up to l3, leads to a relatively

small decrease in accuracy, on both the Class-IL and Task-IL metrics. This behavior appears
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Figure 4.5: Effect of layer freezing, when training from scratch, performed at
end of different tasks when using the ER-ACE method and a buffer size of 500.
Results are computed at the end of the last task on Split CIFAR-10 in the Class-IL setting.
“NF” refers to the baseline setting where no layer is frozen.

Validation set
DER++ ER-ACE

200 500 200 500

Di,val ∪Mi−1,val 60.20 66.92 59.52 64.65

Di,val 62.20 69.89 58.52 66.26

Mi−1,val 58.84 62.35 57.50 64.62

vanilla training 64.83 72.13 63.81 71.86

Table 4.3: Effect of selective freezing obtained using DER++ and ER-ACE meth-
ods. Results are computed at the end of the last task on Split CIFAR-10 in the Class-IL
setting, for both 200 and 500 buffer sizes.

to be consistent for DER++ and ER-ACE, for buffer sizes 200 and 500.

4.3.5 Selective freezing

In this section, we present the results obtained while applying the proposed selective freezing

strategy to DER++ and ER-ACE on the Split CIFAR-10 dataset, for different buffer sizes.

In detail, Tab. 4.3 reports Class-IL accuracy at the end of the final task with the three

variants of selective freezing described in Sect. 4.3.3, i.e., when the validation set of freezing

decision includes either training samples only (from the new task), or buffer samples only,

or both.
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Validation set
DER++ ER-ACE

200 500 200 500

Di,val ∪Mi−1,val 57.57 67.90 66.21 71.86

Di,val 58.11 67.56 64.84 71.02

Mi−1,val 56.46 64.77 64.23 69.53

vanilla training 58.21 69.00 66.33 73.77

Table 4.4: Effect of selective freezing with DER++ and ER-ACE methods using
a backbone pre-trained on the CIFAR-100 dataset. Results are computed at the end
of the last task on Split CIFAR-10 in the Class-IL setting, for both 200 and 500 buffer sizes.

It can be observed that generally the results obtained with selective freezing are slightly

lower compared to the case of vanilla training, with a drop in accuracy in the range of 3

to 6 percentage points. The overall performance aligns with the optimal strategy identified

through static freezing, which involves freezing after task 2 up to l5. Moreover, it seems that

training on new task data only (i.e., without buffer samples) leads to improved performance,

indicating that adaptation to new data during selective freezing plays a more important role

than recalling past knowledge, which is instead handled during standard training.

Tab. 4.4 reports results from the same experiments, carried out starting from a pre-

trained backbone. It is interesting to notice that, in this scenario, ER-ACE seems to benefit

from pre-training significantly more than DER++. This may indicate that ER-ACE exhibits

better properties at feature reuse and forward transfer; interestingly, this interpretation is

also supported by the results shown in the following, according to which ER-ACE has a

stronger tendency to selectively freeze larger parts of the backbone at earlier tasks.

We finally assess the computational efficiency of our selective freezing strategy on DER++

and ER-ACE compared to standard training. Fig. 4.6 illustrates the prevailing freezing

scheme observed in DER++ during training on CIFAR-10, over 10 different experimental

runs, while Figure 4.7 shows the resulting efficiency in terms of the number of parameter

updates required during the entire training process. Notably, the efficiency gain shows an

increasing trend with the growth of the number of epochs per task. When the number of

epochs is relatively low (e.g., 10), selective freezing leads to a higher number of updates

compared to standard training. This is due to the fact that during the first epoch of the

second task, up to 7 different model configurations are trained and evaluated in parallel.

However, as the number of epochs increases, the overhead introduced during this phase

becomes progressively more marginal, leading to a considerable efficiency gain of 12.34%

with 100 epochs per task.
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Figure 4.6: Most frequent automatically learned freezing scheme for DER++ on
Split CIFAR-10. Results are computed over 10 runs. Values within each bar segment
indicate the number of parameters.

Figure 4.7: Total number of parameter updates for DER++ with and without
selective freezing. The number of updates is computed over the complete training for
different numbers of epochs. Values above the vanilla DER++ bars report the relative
change (%) with respect to the selective freezing strategy, where positive values denote more
updates.

It is worth noting that the specific behaviors of freezing can also depend on the particular

methods of continual learning employed in the experiments. As an example, ER-ACE tends

to freeze more layers in the initial phase, showing a preference for a more conservative

configuration right at the beginning of the second task, as depicted in Figure 4.8, while
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Figure 4.8: Most frequent automatically learned freezing scheme for ER-ACE on
Split CIFAR-10. Results are computed over 10 runs. Values within each bar segment
indicate the number of parameters.

Figure 4.9: Total number of parameter updates for ER-ACE with and without
selective freezing. The number of updates is computed over the complete training for
different numbers of epochs. Values above the vanilla ER-ACE bars report the relative
change (%) with respect to the selective freezing strategy, where positive values denote more
updates.

DER++ adopts a more gradual freezing strategy. Indeed, freezing more layers in an early

stage has a positive impact on efficiency: for ER-ACE the efficiency gain ranges from 8.38%

in the case of 10 epochs per task, to a remarkable 18.72% extending the number of epochs

to 100, as shown in Figure 4.9.
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4.4 Discussion

In this chapter, we have presented a neuro-inspired approach that performs selective layer

freezing to address the challenges of continual learning and computational efficiency in deep

learning models. Building on ideas from multi-timescale synaptic consolidation, our method

explicitly regulates where plasticity is allowed to remain high and where it is progressively

constrained, mirroring the interplay between fast adaptive changes and slower stabilizing

mechanisms in the human brain. Our findings highlight the potential for freezing a signifi-

cant portion of the model without sacrificing accuracy: by dynamically identifying a subset

of layers to freeze during training, we achieve a balance between plasticity on new tasks

and stability on previous ones. Experimental results demonstrate the competitiveness of our

approach compared to manually tuned freezing strategies. We have also quantitatively esti-

mated the reduction in computation and energy requirements achieved through our freezing

strategy, showing that biologically inspired control of plasticity can mitigate catastrophic

forgetting while lowering the resource consumption of large-scale deep learning models.

While the proposed approach is able to achieve promising results, its simplicity introduces

certain limitations that need to be addressed. First, our experiments focus on a specific

network architecture, ResNet-18. Although this backbone is a de facto standard in much of

the continual learning literature, it is important to assess the impact of selective freezing on

different and deeper architectures. Second, our analysis and experiments are conducted on

a specific dataset and task setup: the effectiveness of our approach may vary with different

task characteristics, dataset sizes, and variation in task sequence.

In the future, we also aim to explore more sophisticated freezing strategies, for instance

by introducing a finer selection of parameters, rather than working at the layer level. Sec-

ondly, investigating the interplay between freezing strategies and other techniques, such as

regularization methods, knowledge distillation or architectural modifications, could provide

additional insights into improving continual learning and computational efficiency.

4.5 Publications

Sorrenti, A., Bellitto, G., Salanitri, F. P., Pennisi, M., Spampinato, C., & Palazzo, S. (2023).

“Selective freezing for efficient continual learning”. In Proceedings of the IEEE/CVF Inter-

national Conference on Computer Vision Workshops (pp. 3550-3559), Workshop on Visual

Continual Learning.
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Chapter 5

Wake-Sleep Consolidated Learning

The gap between artificial neural networks and humans in learning over time can be at-

tributed to inherent differences in network structure and optimization approaches. Accord-

ing to the Complementary Learning Systems (CLS) theory [35, 36], effective human learning

occurs through the interplay between the hippocampus and the neocortex, where the former

extracts representations from experience and the latter supports consolidation and long-

term retention. This view has inspired continual learning methods [99, 105] which translate

CLS concepts into computational frameworks, suggesting that grounding artificial neural

networks to cognitive neuroscience may result in improved performance. Though promising,

these approaches are rather rigid as the structures of the two learning parts are defined a

priori, while neural networks in primates perform fast adaptation by flexibly re-configuring

synapses while learning from new experience. Moreover, prior work does not consider the role

of offline brain states such as sleep. Current theories suggest that sleep and dreaming play

a crucial role in consolidating memories and facilitating learning, by increasing knowledge

generalization [38, 39, 40]. During sleep, neurons are spontaneously active without external

input and generate complex patterns of synchronized activity across brain regions [41, 42].

Such dynamics are believed to be due to the brain replaying and consolidating memories,

while reorganizing synaptic connections [43].

In this chapter, we propose Wake-Sleep Consolidated Learning (WSCL), a CLS-grounded

formulation structured around the alternation of wakefulness and sleep, and built on the fast

adaptation mechanism introduced in Chapter 4. This integration is achieved by introducing

a sleep phase at training time that mimics the offline brain states during which synaptic

connection, memory consolidation and dreaming occur. In WSCL, a deep neural network

(DNN) is used to emulate the functions of the neocortex, while a two-layered buffer for

short-term and long-term memory mimics the role of the hippocampus. Training is orga-

nized in two main phases: 1) a wake phase, where fast adaptation of the DNN to new sensory
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experience is carried out and episodic memories are stored in the short-term memory; 2) a

sleep phase, consisting of two alternating stages: a) Non-Rapid Eye Movement (NREM),

where the network replays episodic memories collected during the wake step, consolidates

past experiences in the long-term memory, and optimizes its neural connections to support

synaptic plasticity; b) Rapid Eye Movement (REM), where dreaming simulates new expe-

rience, preparing the brain for future events. The hypothesis is that dreaming serves as an

“anticipatory” mechanism, helping the brain to identify relationships between different types

of information and making it easier to learn and remember new information.

Our computational formulation of the wake-sleep process is tested on several benchmarks,

including Split CIFAR-10, Split CIFAR-100, Split Tiny-ImageNet and Split ImageNet-100.

In all cases, our method outperforms the baselines and prior work, yielding a significant

gain in classification tasks. Remarkably, the WSCL approach is the first continual learning

method yielding positive forward transfer, demonstrating its ability to prepare synapses to

future knowledge. We also show that all three steps are necessary: the wake stage is essential

to ensure efficiency and to favor network plasticity by the NREM stage, while the REM stage

helps to increase feature transferability and reduce the forgetting of acquired knowledge.

5.1 Related work

As introduced in Sec. 2.5.3, rehearsal-based approaches emerge as the most promising avenue

for combating catastrophic forgetting in continual learning scenarios especially in dynamic

real-world applications. Unlike static models prone to overwriting prior knowledge, rehearsal-

based techniques capitalize on past experiences by storing select samples in a small buffer,

which the model continues to train on even when presented with new tasks. While current

solutions help reduce forgetting, real-world applications prove difficult, as typical CL evalua-

tions are carried out on oversimplistic benchmarks [145, 146]. Most approaches tackling this

challenging scenario combine a replay strategy [147, 24, 86, 131] with regularization on logits

sampled throughout the optimization trajectory [96]. Some works focus on memory man-

agement: GSS [91] introduces a specific optimization of the basic rehearsal formula meant to

store maximally informative samples; HAL [148] individuates synthetic replay data points

that are maximally affected by forgetting. CaSpeR [147] adopts a rehearsal-based strategy

enforcing latent space regularization on buffer samples through geometric constraints. Other

works propose tailored classification schemes: CoPE [149] uses class prototypes to ensure

a gradual evolution of the shared latent space; ER-ACE [103] makes the cross-entropy loss

asymmetric to minimize imbalance between current and past tasks. Recent works introduce

a surrogate optimization objective: CR [150] employs a supervised contrastive learning ob-
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jective and OCM [151] leverages mutual information: both aim at learning features that are

less subject to forgetting.

In the literature, a few neuroscience-informed CL methods have been proposed. Elastic

Weight Consolidation (EWC) [72] and Synaptic Intelligence [74], introduced in Sec. 2.5.3,

both employ regularization to preserve important weights learned during previous tasks

while allowing the network to adapt to new tasks, emulating fast adaptation happening in

the neocortex. FearNet [152] adopts an auxiliary network (in line with CLS theory) to detect

catastrophic forgetting and trigger knowledge-preserving regularization. Co2L [101] learns

stable representations through contrastive learning and self-supervised distillation.

Existing approaches similarly inspired by CLS theory are DualNet [99], DualPrompt [105]

and CLS-ER [153]. DualNet [99] employs two learning networks: a slow learner that emu-

lates the memory consolidation process in the hippocampus and a fast learner that adapts

current representations to new observations. DualPrompt [105] adapts transformer models

via learnable prompts for rapid task adaptation, mirroring the complementary specialization

of the hippocampus and the neocortex. CLS-ER [153] implements semantic memory using

two separate neural networks to model short-term and long-term memory dynamics. While

these approaches yield good results, they ignore offline states that appear fundamental in

human learning. Alternating between wake and sleep phases has already been shown to have

the potential for learning improved and robust semantic representations [154, 155]. Sleep

Replay Consolidation [156] employs sleep-based training using local unsupervised Hebbian

plasticity rules for mitigating catastrophic forgetting of ANN. The recent SIESTA [157] in-

troduces alternating waking and sleeping and it primarily focuses on online learning with

intermittent consolidation phases.

WSCL further unfolds the sleep phase by detailing the NREM and REM stages, inte-

grating the dreaming process into the learning loop. This integration, which appears to

contribute significantly to human learning, has a positive impact on the training of neural

networks (as shown in the results). The computational formulation of the wake-NREM-

REM of WSCL is inspired by [43], where the role of adversarial dreaming for learning visual

representations is preliminary investigated. However, simple strengthening of existing con-

nections through unsupervised learning as proposed in [43, 156] does not seem sufficient to

build robust representations during sleep [40]: our work thus explores more sophisticated

restructuring of neural connections in the neocortex guided by the hippocampus.

In addition, WSCL adopts the parameter selective freezing strategy introduced in Chap-

ter 4. This strategy aims exclusively to enhance model efficiency, mirroring human fast

adaptation, and operates during training without task-specific parameter selection during

inference. This strategy is fundamentally different from architectural approaches such as the
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Figure 5.1: Wake-Sleep Consolidated Learning. In the wake stage, the model (which
emulates the neocortex) fast adapts to the new sensory experience, storing episodic mem-
ories (as in the hippocampus) in the short-term memory to be replayed during sleep. The
sleep phase foresees two alternating processes: 1) the NREM stage, where the DNN model
consolidates its synapses based on the replayed (recent and past) samples and the long-term
memory is updated; 2) the REM stage, where the DNN is trained with dreamed samples to
prepare the model for future sensory inputs.

ones in [73, 78, 113, 158, 159] that, instead, learn task-specific parameters which are then

selected, at inference time, based on task identifiers [78] or mask entropy [113] or scaling

parameters [159]: WSCL maintains a unified network for all tasks, eliminating the necessity

for task-specific masks or parameters during inference.

5.2 Method

In accordance with CLS theory [35, 36], a classifier network F : X → Y is used as an

abstraction of neocortical processing, and the hippocampal episodic memory is modeled

through a long-term memory and a short-term memory. Formally, Mi refers to the long-

term memory at the end of task τi, while Ms is used to denote the short-term memory1.

The objective is to train the model F over a sequence of T tasks {τ1, . . . , τT}, assuming

that, during task τi, training data are available only from the corresponding data distribution

Di, i.e., (x, y) ∼ Di. As defined in Sec. 2.1, the training objective is to minimize the

classification loss L over the sequence of tasks, while balancing plasticity and stability [23].

An overview of the WSCL approach is presented in Fig. 5.1, showing how the training

stage on a new task is divided into two phases: a wake phase and a sleep phase. During

1For brevity, we drop task index i from short-term memoryMs, as it is re-created at each task.
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the wake phase, the model is exposed to the new task, with the objective of performing fast

adaptation of existing knowledge to the task characteristics. In this stage, the model quickly

updates its parameters in order to find a balance between previously-acquired knowledge and

new information, storing the latter in a short-term memory for later reuse during the sleep

stage. In implementation terms, this balance is achieved by dynamically and adaptively

freezing layer representations, identifying plasticity requirements for learning the new task

while enforcing stability. Thus, during the wake stage, WSCL focuses primarily on quickly

learning general and transferable representations by combining both current and past expe-

rience, as well as identifying which part of the network has to be trained. In the sleep phase,

the model consolidates newly acquired knowledge by revisiting the hippocampus short-term

memory containing the task data, merging it into existing knowledge by updating synaptic

connections, moving it into a long-term memory for future reference, and exploring the rep-

resentational space through task-agnostic “dreaming”. These stages are mapped into our

training procedure by means of supervised training on task data, buffering task informa-

tion, and employing an auxiliary dataset (uncorrelated to task data) as a surrogate for the

generative process associated to dreaming.

5.2.1 Wake phase

According to the established cognitive foundation, we define the waking stage in the proposed

learning paradigm as the combination of two simultaneous processes, short-term memoriza-

tion and fast model adaptation.

Short-term memorization has the objective of storing part of the current task experi-

ence, for later reuse — in particular, for processing and consolidation during the sleep stage.

In a continual learning setting, we model short-term memorization into Ms as a sampling

of task data Di:

Ms = {(xj, yj) ∼ Di}Ns

j=1 , (5.1)

where Ns is the amount of samples collected from the Di distribution. Note that Ms is

reset during each wake phase and is distinguished from the long-term memory Mi, which

includes a smaller permanent number of samples Nl from past tasks (in practice, the buffer

of rehearsal-based methods).

Fast model adaptation. Inspired by synaptic consolidation [30, 31], we employ the se-

lective freezing strategy introduced in Chapter 4 to enable fast model adaptation during the

wake stage. This strategy operates only during the model’s training, as it aims at adapting
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quickly the model to the current data distribution, while it does not activate at inference

time when the model’s knowledge is already consolidated. Specifically, fast model adapta-

tion works by training the model for a limited number of iterations under varying parameter

freezing settings, providing an opportunity to the model to rapidly learn new information

in the wake stage while retaining the previous knowledge; in-depth consolidation of task

information is carried out separately in the sleep stage. Unlike approaches such as Dual-

Net, where the structure of the slow and fast networks is predefined, in WSCL the part of

the network that reuses past knowledge and the part accounting for plasticity are identified

on-line during the wake phase.

Following nomenclature from Chapter 4, let θi denote the model parameters after training

on task τi, and let mi be a binary freezing mask with the same dimensions as θi, where

mi,j = 1 indicates that parameter θi,j should be frozen. The joint distribution over data

samples from Di ∪Mi−1, the model parameters θi, and the freezing mask mi is defined as:

P (x, y,θi,mi) = P (y | x, F (x,θi,mi))P (θi,mi)P (x). (5.2)

The joint distribution between θi and mi can be written as P (θi,mi) = P (θi |mi)P (mi)

where:

P (θi |mi) =
∏
j

N
(
θi,j; θi−1,j, σ

2
i )
)1−mi,j . (5.3)

The distribution of each parameter θi,j is a Gaussian distribution depending on the corre-

sponding mask value mi,j, so that frozen parameters (mi,j = 1) do not contribute to the

update.

Fast adaptation is then performed by minimizing the following objective:

Lfma = E(x,y)∈Di

[
L(y, F (x,θi,mi))

]
+ αE(x,y)∈Mi−1

[
L(y, F (x,θi,mi))

]
,

(5.4)

where α weights the contribution of replay samples from Mi−1.

Since freezing does not change the model output by itself, searching over mi requires

updating θi. The resulting objective selects parameters to preserve from past tasks while

maintaining plasticity, and is optimized for a single epoch on Di. The choice of L is generic,

enabling integration with arbitrary continual learning methods.

Further details on the problem formulation of the freezing strategy are provided in

Sec. 4.2.
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5.2.2 Sleep phase

During sleep, the brain cycles multiple times through two phases, known as rapid eye move-

ment (REM) and non-rapid eye movement (NREM) sleep. In the NREM phase, the hip-

pocampus replays and consolidates the information acquired at waking time by facilitating

its transfer to the neocortex, where long-term memory storage occurs [38, 160]. REM sleep

is thought to play a role in creativity and problem-solving [161, 162], allowing the brain to

form new connections and generate novel ideas. In our WSCL approach, we analogously

distinguish between two alternating training modalities, conceptually mapped to the NREM

and REM phases.

During the former, we access examples from the current task (stored in the short-term

memory) and from previous tasks (retrieved from long-term memory) to train the model —

partially frozen during the wake stage — and stabilize present knowledge. In the REM stage,

we emulate the dreaming process by providing the model with examples from an external

data source, with classes unrelated to any continual learning task. This approach allows the

model to learn task-agnostic features which can be interpreted as prior knowledge supporting

task-specific learning and forward transfer.

NREM stage. The main objective of this stage is to transfer information from the short-

term memoryMs, built in the previous wake phase, to the model, strengthening the synaptic

connections associated to the current task and thus enforcing plasticity, while retaining

previously acquired knowledge thanks to long-term memoryMi−1. In this setting, we apply

parameter freezing mask mi (defined in the wake phase), which is however not updated in

the process.

Formally, in this stage we model the same distribution as in Eq. 5.2, but optimize for θi

alone, while leaving mi constant. The objective thus becomes:

arg max
θi

P (y | x, F (x,θi,mi))P (θi |mi)P (x), (5.5)

where the prior on parameters P (θi |mi) is essentially the same as in Eq. 5.3, with the

difference that the mean of the distribution is the value of θi as computed at the end of

the wake stage, rather than θi−1. Optimizing the above objective amounts to minimizing a

variant of the loss in Eq. 5.4:

LNREM =E(x,y)∼Ms [L (y, F (x,θi,mi))]

+ αE(x,y)∼Mi−1
[L (y, F (x,θi,mi))] ,

(5.6)
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where Ms is employed instead of the whole dataset Di.

In this stage, we also gradually update long-term memory Mi, using reservoir sam-

pling [66] to inject task experience from short-term memoryMs intoMi, so that it becomes

available to future tasks.

REM stage. We approximate the sleeping mechanism performed by the human brain in

the REM stage by providing the model with an additional source of previously unseen knowl-

edge (a “dreaming” dataset with no semantic overlap with CL classes), that can help the

model to generalize better to new and unseen data, as suggested by cognitive literature [43].

Let Ddream be the dreaming dataset from which we can sample data points (x, y), with

x ∈ X and class label y ∈ Ydream. We assume that Ydream∩Y = ∅ (the latter being the set of

continual learning classes), to prevent any overlap between auxiliary and continual learning

classes. Given this premise, the proposed optimization objective becomes:

arg max
θi

P (y | x, F (x,θi,mi))P (θi |mi)P (x), (5.7)

where (x, y) ∼ Ddream, while the other terms are the same as in Eq. 5.5. This objective is

then mapped to a training loss function defined as:

LREM = E(x,y)∼Ddream
[L (y, F (x,θi,mi))] . (5.8)

During REM stage, training with two distinct class label sets, Y from the continual learning

problem and Ydream from the dreaming dataset has been addressed following the procedure

reported in [163].

5.3 Experimental results

5.3.1 Datasets and metrics

We evaluate WSCL on a subset of the continual learning benchmarks described in Sec. 2.3.

Since the REM stage requires additional dreaming samples, we additionally identify a dream-

ing counterpart for each benchmark:

• Split CIFAR-10 [74]: the dreaming counterpart is a subset of 50 CIFAR-100 classes,

selected after removing those semantically related to CIFAR-10.

• Split CIFAR-100 [74]: the dreaming counterpart, referred to as ImageNetaux, consists
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of 100 ImageNet classes selected after removing those semantically related to CIFAR-

100.

• Split Tiny-ImageNet [60]: we use the first 100 classes as the main training dataset

Tiny-ImageNet1/2 (split into 5 tasks of 20 classes) and the remaining 100 classes as the

dreaming dataset, referred to as Tiny-ImageNetD.

• Split ImageNet-1002: the dreaming counterpart, referred to as ImageNetNO, consists

of 100 additional ImageNet classes selected after removing all synsets descending from

organism (NO stands for “non-organism”).

To evaluate performance, we report final average accuracy (FAA), final average forgetting

(FAF) and final forward transfer (FFWT) after training on the last task in the class-

incremental setting.

5.3.2 Training procedure

Our approach employs a ResNet-18 backbone for feature extraction and classification. ResNet-

18 includes, at a high level, four layers with two blocks each, for a total of eight blocks3 With

reference to the definition of model f in Sect. 5.2.1, we map each layer li to each ResNet-18

block.

In the wake stage of task i, we train multiple instances of the model, starting from

parameters θi, with all possible configurations of mi: if the deepest frozen layer is lj, the

number of possible values for mi is L−j+1, with L being the total number of layers. Training

is carried out for a single epoch with mini-batch SGD and a learning rate of 0.03. Batch size

is set to 32 for Split CIFAR-10 and Tiny-ImageNet1/2, and to 8 for Split ImageNet-100. The

α hyperparameter in Eq. 5.4 is set to 1, and the Ns dimension of the short-term buffer to

5,000. It is important to mention that, in our implementation, the optimization of Eq. 5.4

(fast model adaptation loss Lfma) and Eq. 5.6 (NREM loss LNREM) on long-term memory

Mi is carried out on disjoint portions of the whole set of stored samples. In particular,

10% of Mi is used when optimizing Lfma, while the remaining 90% is used for LNREM.

This separation mitigates the risk of overfitting of LNREM on data that will be used, in the

wake phase, to determine to which extent model layers should be frozen: indeed, in case of

overfitting, the wake phase would encourage model freezing, as it would more easily minimize

the corresponding loss term.

2Split ImageNet-100 is derived from https://www.kaggle.com/datasets/ambityga/imagenet100
3https://pytorch.org/vision/master/_modules/torchvision/models/resnet.html
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Target dataset CIFAR-10 CIFAR-100 Tiny-ImageNet1/2 ImageNet-100

Dreaming dataset CIFAR-100 ImageNetaux Tiny-ImageNetD ImageNetNO

Buffer size 200 500 200 500 200 500 200 1000

GDumb [95] 33.81±1.52 46.01±3.26 6.71±1.55 10.95±0.20 5.74±0.45 9.85±0.50 4.54±0.23 9.79±1.18

↪→WSCL 66.85±1.60 72.35±0.72 14.79±0.28 23.68±0.72 17.79±2.34 26.84±0.84 7.70±0.14 16.43±0.10

ER [103] 48.76±0.57 59.75±2.51 14.31±0.47 20.71±0.95 16.25±0.85 21.07±1.43 4.23±0.15 5.05±0.51

↪→WSCL 51.86±4.40 63.71±1.35 16.91±1.26 24.25±0.44 18.81±0.48 23.63±0.85 6.01±0.64 15.26±3.59

DER++ [96] 57.35±5.47 69.06±1.24 14.93±2.23 23.26±3.19 16.62±1.76 23.40±1.66 5.95±0.49 8.59±1.11

↪→WSCL 63.97±3.38 72.33±0.99 24.00±0.94 31.96±1.19 23.70±0.91 31.81±0.70 6.48±1.22 11.70±0.14

ER-ACE [131] 59.98±2.65 67.17±1.54 25.85±1.93 32.85±4.02 27.81±1.24 32.10±2.21 9.42±0.78 11.58±3.59

↪→WSCL 71.15±2.15 74.18±1.28 34.44±0.40 39.78±0.36 35.68±1.18 41.25±1.75 12.51±0.86 20.51±0.56

DualNet [99] 31.31±2.05 43.20±2.81 9.49±0.28 11.04±4.39 16.45±0.39 18.98±0.71 9.78±1.24 16.54±0.85

CoPE [149] 21.20±0.28 23.64±1.56 13.71±0.43 21.03±0.49 16.50±0.62 20.50±0.47 6.23±0.61 12.57±3.69

CLS-ER [153] 34.97±4.83 45.17±4.20 23.85±1.16 30.22±0.76 15.38±0.43 18.19±0.85 9.06±1.32 15.15±1.48

Table 5.1: Final average accuracy of rehearsal-based methods with and without
WSCL in the Class-IL setting. Results are reported for different buffer sizes. Bio-
inspired methods are included for comparison. Bold values indicate the best performance in
each column.

In the sleep stage, we train the model using LNREM and the LREM losses on alternating

batches. We perform 10 epochs of training, with the same optimizer settings and hyperpa-

rameters as above. All the reported results are computed in the class-incremental setting

and reported as mean and standard deviation computed over 5 runs.

5.3.3 Results

We first evaluate how WSCL contributes to classification accuracy of state-of-the-art models.

To accomplish this, we select recent rehearsal-based methods, namely, ER [131], DER++ [96],

and ER-ACE [103], and compare their performance when the WSCL training strategy is

employed, by plugging them in as the L loss term in Eq. 5.4, 5.6, 5.8. We address rehearsal-

based methods only, as WSCL requires a memory buffer to model long-term memory. We

further provide a lower bound, consisting of training without any countermeasure to forget-

ting (Fine-tune), and an upper bound given by training all tasks jointly (Joint). Results

in Table 5.1 show that, on all four benchmarks, WSCL leads to a significant performance

gain that varies from about 2 percent points on Split ImageNet-100 to 12 percent points on

Split CIFAR-10, substantiating our claims on the importance of leveraging human learning

strategies for building better computational methods. Table 5.1 also reports the comparison

with: a) DualNet [99], which leverages CLS theory and the same backbone, i.e., ResNet-18;

b) CoPE [149] that integrates contrastive learning — another technique inspired by cogni-
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Target dataset CIFAR-10 CIFAR-100 Tiny-ImageNet1/2 ImageNet-100

Dreaming dataset CIFAR-100 ImageNetaux Tiny-ImageNetD ImageNetNO

Buffer size 200 500 200 500 200 500 200 1000

ER [103] −7.36±5.75 −12.20±0.74 −0.80±0.48 −0.92±0.52 −1.00±0.33 −1.32±0.08 −1.05±0.06 −1.02±0.09

↪→WSCL 1.68±2.16 6.03±2.58 7.07±1.37 6.49±2.01 12.41±0.98 12.60±0.43 3.82±0.64 3.17±0.73

DER++ [96] −12.29±0.18 −6.23±5.63 −0.87±0.51 −0.72±0.43 −0.84±0.49 −1.06±0.47 −0.08±0.00 −1.05±0.42

↪→WSCL 1.06±6.05 2.83±5.27 8.83±0.30 7.52±0.84 12.16±1.25 12.24±1.52 1.78±0.43 2.31±0.07

ER-ACE [131] −8.58±5.03 −8.97±2.21 −1.01±0.61 −1.02±0.14 −0.73±0.51 −0.94±0.47 −1.04±0.02 −1.17±0.14

↪→WSCL 0.48±5.53 −1.87±3.12 6.25±0.81 6.06±0.43 8.60±0.96 9.06±1.22 1.83±0.69 1.19±0.67

Table 5.2: Final forward transfer of rehearsal-based methods with and without
WSCL in the Class-IL setting. Results are reported for different buffer sizes. Bold
values indicate the best performance in each column.

tive neuroscience [43] — for better feature transferability to later tasks4; c) CLS-ER [153],

another method inspired by CLS theory that implements a semantic memory with two sep-

arate deep neural networks to model short-term and long-term memory dynamics. We do

not include DualPrompt [105] as it uses a large pre-trained ViT [164] as a backbone, lead-

ing to an unfair comparison with the simpler ResNet-18. All methods combined with our

WSCL strategy improve over DualNet (up to about 40 percent points), CoPE and CLS-ER,

demonstrating how mimicking offline brain states improves performance even in a purely dis-

criminative supervised learning regime. We also measure forward transfer (FWT) of WSCL,

a desirable property in CL that indicates how much a model leverages previous knowledge

to learn a new task [66]. Forward transfer is estimated as the average difference between

the accuracy of a task when learning it in a CL setting and when learning it from random

initialization (details in [66]). Table 5.2 shows how WSCL tends to enhance FWT, turning

it from negative to positive values. This is highly remarkable as the majority of existing CL

methods show a negative forward transfer.

Furthermore, it is equally important to measure forgetting (the lower, the better) to assess

how well an approach tackles no-iid data. Cross-checking results in Table 5.3 with those

available in Table 5.1 highlights how WSCL effectively reduces forgetting, while enhancing

forward transfer skills and accuracy performance in a way sensibly higher than the baselines.

Previous results have primarily been derived from experiments conducted on common

continual learning (CL) benchmarks, where dreaming datasets typically exhibit a semantic

distribution shift, meaning their image classes do not overlap with those of the target task.

In order to further validate the efficacy of WSCL, we extend our evaluation to scenarios in-

volving domain distribution shifts. Specifically, we assess the performance of WSCL strategy,

4Results for DualNet and CoPE are computed using their original implementations and hyperparameters.
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Target dataset CIFAR-10 CIFAR-100 Tiny-ImageNet1/2 ImageNet-100

Dreaming dataset CIFAR-100 ImageNetaux Tiny-ImageNetD ImageNetNO

Buffer size 200 500 200 500 200 500 200 1000

ER [103] 56.66±2.64 43.21±3.41 73.13±1.04 65.49±1.78 62.63±3.43 58.16±1.13 74.04±2.09 73.45±2.06

↪→WSCL 50.23±4.94 36.04±2.52 68.66±1.04 60.80±1.60 56.71±1.68 50.63±1.37 76.79±0.67 63.93±0.91

DER++ [96] 31.23±2.07 22.63±1.68 67.76±2.87 54.76±5.15 62.15±1.27 50.81±2.56 67.10±2.83 63.63±4.12

↪→WSCL 35.53±3.28 23.52±2.29 54.63±1.42 46.33±0.81 51.30±2.26 43.91±0.75 59.84±1.59 52.39±2.01

ER-ACE [131] 16.55±2.03 15.21±2.05 38.37±0.86 30.77±6.28 34.41±1.35 28.15±1.96 32.61±3.56 36.44±2.46

↪→WSCL 11.78±1.61 10.69±2.02 28.20±1.05 25.91±0.89 28.23±1.52 23.29±4.47 27.24±0.55 33.53±0.76

Table 5.3: Final forgetting of rehearsal-based methods with and without WSCL in
the Class-IL setting. Results are reported for different buffer sizes. Bold values indicate
the best performance in each column.

Target dataset CORe50

Buffer size 200 500

ER [103] 19.97±0.02 19.93±0.10

DER++ [96] 19.88±0.05 19.94±0.06

ER-ACE [131] 19.90±0.03 19.96±0.02

Dreaming dataset CIFAR-10 CIFAR-100 Tiny-ImageNetD ImageNetNO

Buffer size 200 500 200 500 200 500 200 500

ER [103] ↪→WSCL 36.40±1.91 44.03±0.79 34.40±3.33 51.71±2.71 37.30±2.44 56.07±4.00 43.89±2.93 60.94±2.15

DER++ [96] ↪→WSCL 47.43±2.41 54.31±4.28 41.83±2.57 58.83±1.25 53.13±4.99 63.85±2.34 60.43±3.86 71.20±5.01

ER-ACE [131] ↪→WSCL 59.46±3.93 68.48±0.67 61.62±1.68 71.12±0.76 60.53±2.19 71.02±3.30 66.85±1.53 76.94±2.57

Table 5.4: Final average accuracy on CORe50 with multiple dreaming datasets
in the Class-IL setting. Results are reported for rehearsal-based methods, with and
without WSCL, across different buffer sizes. Bold values indicate the best performance in
each column.

when combined to ER, DER++ and ER-ACE, on the challenging CORe50 dataset [165] with

multiple dreaming datasets. As shown in Table 5.4, our approach achieves exceptional per-

formance gains, with improvements of up to 50 percent points, across all dreaming datasets.

These results not only underscore the effectiveness of the WSCL strategy but also high-

light its applicability to extremely complex datasets where conventional approaches often

fall short.

We further expand performance analysis by grounding WSCL to other prominent con-

tinual learning methods5. For this evaluation, we employ the model that yields the best

results, i.e., ER-ACE combined to WSCL (as shown in Table 5.1). As shown in Table 5.5,

ER-ACE w/ WSCL (indicated as “Ours”) significantly outperforms all existing methods.

5Results obtained using the original code released along with the relative papers.
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Method CIFAR-10 CIFAR-100 Tiny-ImageNet1/2 ImageNet-100

Joint 85.15±1.99 61.83±0.47 50.81±1.65 43.39±1.76

Fine-tune 19.47±0.10 9.11±0.11 13.84±0.55 3.88±0.33

Buffer-free methods

LwF [70] 19.33±0.16 8.44±0.39 13.87±1.11 3.83±0.11

oEWC [73] 18.96±0.24 7.11±0.40 13.87±0.53 3.48±0.18

SI [74] 19.27±0.23 7.86±1.08 13.12±1.63 3.75±0.35

Ours (Wake+REM) 41.58±3.94 18.17±1.04 25.68±0.44 6.27±0.89

Buffer-based methods

Buffer size 200 500 200 500 200 500 200 1000

A-GEM [92] 19.45±0.25 20.21±0.38 8.34±0.97 8.02±1.25 13.75±0.37 13.56±0.39 4.00±0.20 4.15±0.06

BiC [90] 55.03±1.93 66.24±1.65 21.80±3.81 29.52±2.06 16.26±0.87 12.88±5.50 8.10±2.75 7.03±4.71

DER++ [96] 57.35±5.47 69.06±1.24 14.33±1.97 23.26±3.32 16.62±1.76 23.40±1.66 5.95±0.49 8.59±1.11

ER [103] 48.76±0.57 59.75±2.51 14.31±0.47 20.71±0.95 16.25±0.85 21.07±1.43 4.23±0.15 5.05±0.51

ER-ACE [131] 59.98±2.65 67.17±1.54 25.86±1.94 32.85±4.02 27.81±1.24 32.10±2.21 9.42±0.78 11.58±3.59

FDR [89] 38.72±8.93 31.91±5.08 13.41±1.02 19.34±2.29 17.67±1.04 23.17±1.69 4.44±0.77 3.91±0.22

GDumb [95] 33.81±1.52 46.01±3.26 6.71±1.55 10.95±0.20 5.74±0.45 9.85±0.50 4.54±0.23 9.79±1.18

GEM [66] 21.93±2.04 20.80±0.23 10.40±2.19 14.39±4.11 14.57±0.57 15.20±1.28 4.36±0.11 4.29±0.28

GSS [91] 41.36±6.46 48.83±4.41 11.11±0.63 12.78±0.18 15.92±0.88 18.15±0.61 4.05±0.42 4.46±1.20

iCaRL [88] 64.52±1.18 60.94±1.34 14.22±0.22 16.01±0.52 20.40±0.36 22.68±0.30 10.40±0.20 11.17±0.79

LUCIR [93] 53.48±7.62 63.01±3.40 24.06±1.81 32.54±1.16 22.65±1.18 32.15±0.88 6.08±0.32 13.19±0.32

RPC [98] 49.37±1.47 55.19±2.73 14.38±1.36 21.01±0.95 16.58±0.52 20.95±0.59 4.13±0.16 5.83±0.30

Ours 71.15±2.15 74.18±1.28 34.44±0.40 39.78±0.36 35.68±1.18 41.25±1.75 12.51±0.86 20.51±0.56

Table 5.5: Final average accuracy of state-of-the-art continual learning methods
in the Class-IL setting. Results are reported for different buffer sizes where applicable.
Bold values indicate the best performance in each column.

Notably, when excluding the buffer for training ER-ACE w/ WSCL (which means using the

model without NREM stage, indicated in Table 5.5 as Wake+REM), it achieves a substan-

tial performance improvement, from approximately 12% (on Tiny-ImageNet1/2) to about

23% on Split CIFAR-10, over existing buffer-free methods, namely, LwF [70], SI [74], and

oEWC [73].

5.3.4 Ablation study

In our ablation study, we adopt ER-ACE as the baseline, as it achieves the best performance

in Table 5.1. We evaluate its performance on both the Tiny-ImageNet1/2 and CORe50

datasets, examining scenarios involving semantic and domain shifts. Initially, we conduct

ablations on the processing phases of WSCL. Results in Table 5.6 demonstrate that NREM

and REM sleep states contribute equally to the final model performance across both bench-

marks.
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Target dataset Tiny-ImageNet1/2 CORe50

Dreaming dataset Tiny-ImageNetD

Method FAA FWT FAA FWT

Only Wake 4.70 -0.93 15.00 -7.49

Wake + REM 25.68 11.89 23.82 -11.80

Wake + NREM 27.61 -0.67 54.15 -12.61

Wake + REM + NREM 35.68 8.60 60.53 -5.62

Table 5.6: Ablation on the WSCL processing stages. Results refer to ER-ACE on
Tiny-ImageNet1/2 and on CORe50 datasets with buffer size of 200.

Figure 5.2: Impact of dreaming quality, in terms of noise (left) and image resolution
(right). Results refer to ER-ACE and DER++ with WSCL (solid lines) and without it
(dotted line).

Notably, on the Tiny-ImageNet1/2 dataset, the REM phase exhibits positive forward

transfer, aligning with cognitive neuroscience findings indicating REM’s role in priming

brain synapses for future experiences [161, 162]. This pattern of forward transfer is observed

across the majority of the tested datasets (see Table 5.2), except for CORe50. This deviation

can be attributed to the nature of the CORe50 benchmark, which inherently restricts feature

reuse across tasks due to its strong background bias.

We then evaluate the impact of the quality of dreaming, by adding Gaussian noise (at

different percentages) and reducing the spatial resolution of dreaming samples. Fig. 5.2

indicates that WSCL still outperforms the baseline when dreaming images are affected by

noise up to 30% or scaled down by 6×, suggesting that the role of REM stage in consolidating

knowledge is mostly independent from the visual details of the dreamed samples, which

merely serve to learn additional reusable features.
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Dataset CIFAR-10 CIFAR-100

DER++ [96] 67.38 28.01

↪→CaSpeR [147] 69.11 32.16

↪→WSCL 72.18 35.00

ER-ACE [131] 66.13 34.99

↪→CaSpeR [147] 69.58 36.70

↪→WSCL 73.56 39.33

Table 5.7: Comparison between WSCL and CaSpeR in terms of final average
accuracy in the Class-IL setting. Results are reported only for DER++ and ER-ACE,
as the remaining methods on which CaSpeR is applicable manipulate future logits, hindering
WSCL application. Dreaming datasets are CIFAR-100 and ImageNetaux, respectively, for
CIFAR-10 and CIFAR-100 benchmarks. Buffer size is 500.

We further investigate the impact of the size of the dreaming dataset on the results.

Figure 5.3 illustrates how the dreaming stage allows for enhanced performance even when

the additional dreaming dataset is reduced by approximately 70%.

Dreaming in WSCL serves as an implicit regularizer for the learned latent space within

the model, maintaining consistent partitioning across classes, especially on low-dimensional

buffers. In this study, we contrast our WSCL approach with a regularization method, namely

CaSpeR [147], which explicitly encourages partitioning behavior in the learned space by

imposing constraints on its Laplacian spectrum. To ensure a fair comparison, we replicated

the experimental setup detailed in [147], conducting tests over the same number of epochs

(20) and batch size of 64 on the Split CIFAR-10 and Split CIFAR-100 datasets with buffer

500 (as these represent the intersection between [147] evaluation and ours). The results,

presented in Table 5.7, highlight how WSCL outperforms CaSpeR as a regularizer.

We finally assess the efficiency aspects of WSCL. Indeed, the human brain is capable of

performing complex tasks with remarkable speed and accuracy, at a relatively low energy

cost: cerebral parallel processing architecture, plasticity, and ability to adapt to changing

environments are all factors that contribute to its efficiency [166, 167]. In WSCL, efficiency

is encouraged in the wake stage, by letting the model selectively freeze different portions

of the network: this is analogous and consistent to cognitive neuroscience evidence that a

synchronization of neural activity across different brain regions and changes in the balance

between excitation and inhibition enable efficient processing [168, 169].

Fig. 5.4 shows the most frequent (over 10 different runs) set of frozen backbone layers

at each task, when training ER-ACE with WSCL on Tiny-ImageNet1/2, as well as the total

number of performed parameter updates using the training procedure presented in Sect. 5.3.2.
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Figure 5.3: Impact of dreaming dataset dimension. Results refer to ER-ACE and
DER++ with WSCL (solid lines) and without it (dotted line).

It is important to note, however, that the freezing strategy employed during the wake stage

of WSCL depends on the specific continual learning method and the target dataset. Figure

5.5 illustrates the predominant freezing scheme of ER-ACE when evaluated on the Split

ImageNet-100 dataset, as well as the resulting efficiency. Unlike Tiny-ImageNet1/2, where

ER-ACE typically freezes almost all layers after the completion of the first task, on Split

ImageNet-100, ER-ACE gradually freezes the layers of its backbone network until task τ5.

Despite this more gradual freezing strategy, the efficiency gain achieved is approximately

17.14%, indicating fewer updates compared to the baseline model trained without the wake-

sleep strategy in WSCL. Thus, WSCL’s training procedure reduces the overall number of

updates for the entire training of the ResNet-18 model, by a quantity that tends to increase

with the number of training epochs (from 2% to about 17% less updates), thus confirming

the suitability of the wake stage in supporting efficient training.

Furthermore, we conduct an analysis to assess how the freezing strategy scales with the

backbone size and the number of epochs, focusing on the performance of ER-ACE on the

Tiny-ImageNet1/2 dataset. Our results, reported in Table 5.8, indicate that the efficiency

gains achieved through selective freezing tend to increase with both the number of epochs and

the depth of the considered model. For instance, when training ResNet-18 for 100 epochs, we

observed a reduction of approximately 17% in parameter updates compared to the baseline

model. In contrast, with ResNet-151 and the same number of epochs, the reduction in

parameter updates reached about 24%. Notably, the selectively freezing strategy primarily

targets reducing training computation costs and has minimal impact on performance during
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Figure 5.4: WSCL model efficiency: Left: the most frequent automatically learned freez-
ing scheme (values within bars are number of parameters) during the wake phase for ER-ACE
on Tiny-ImageNet1/2. Right: number of parameter updates for the whole training of ER-
ACE with and without WSCL on Tiny-ImageNet1/2 (from 10 epochs to 100 training epochs).

Figure 5.5: WSCL model efficiency: Left: the most frequent automatically learned freez-
ing scheme (values within bars are number of parameters) during the wake phase for ER-
ACE on Split ImageNet-100. Right: number of parameter updates for the whole training of
ER-ACE with and without WSCL on Split ImageNet-100 (from 10 epochs to 100 training
epochs). The numbers above the green bars represent the improvement in percent points
with respect to the baseline alone.
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Backbone ResNet-18

# epochs 10 50 100

FAA (↑) ∆U (↓) FAA (↑) ∆U (↓) FAA (↑) ∆U (↓)

Selective Freezing 41.25
+8.83

44.50
-16.22

45.22
-17.14

No Freezing 41.22 44.24 44.26

Backbone ResNet-151

# epochs 10 50 100

FAA (↑) ∆U (↓) FAA (↑) ∆U (↓) FAA (↑) ∆U (↓)

Selective Freezing 35.96
+44.73

44.66
-16.43

43.68
-24.07

No Freezing 38.40 45.36 42.62

Table 5.8: Impact of the selective freezing strategy on ER-ACE with WSCL. We
report final average accuracy and parameter updates (∆U), i.e., the percentage change in
the number of parameter updates induced by selective freezing relative to the no-freezing
baseline. Results are computed on Tiny-ImageNet1/2 with buffer size 500 for different num-
bers of epochs.

inference. These findings underscore the scalability and effectiveness of the wake stage in

WSCL for achieving efficient continual learning across a range of model architectures and

training durations.

5.4 Discussion

The integration of Complementary Learning Systems (CLS) theory and sleep mechanisms in

artificial neural networks holds great potential for enhancing continual learning capabilities.

Inspired by the interaction between the hippocampus and neocortex in humans, Wake-Sleep

Consolidated Learning (WSCL) introduces a sleep phase that mimics offline brain states dur-

ing which memory consolidation and synaptic reorganization occur. By leveraging the wake

phase for fast adaptation and episodic memory formation, and the sleep phase for memory

consolidation and dreaming, WSCL shows superior performance compared to prior work on

various benchmarks. Importantly, WSCL achieves positive forward transfer, exhibiting the

ability to prepare synapses for future knowledge. These findings highlight the importance of

all three stages — wake, NREM and REM — in supporting network plasticity and reducing

forgetting for improved learning and memory.

The main limitations of WSCL concern memory and dreaming modeling techniques,
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which currently rely on conventional rehearsal methods to facilitate memory retention and

on the employment of external datasets for generating dream-like experiences. With regard

to memory modeling, an interesting direction is to explore more nuanced and dynamic ap-

proaches that better capture the intricacies of memory formation, storage, and retrieval, by

also devising mechanisms to account for memory decay and interference. Likewise, dream

modeling can move beyond the current reliance on external datasets. To this end, Chap-

ter 6 introduces a mechanism based on generative models capable of simulating dream-like

experiences from the network’s existing knowledge and latent representations. This design

aims to enable the generation of diverse, creative, and contextually relevant dream scenarios,

improving their realism.

5.5 Publications

Sorrenti, A., Bellitto, G., Salanitri, F. P., Pennisi, M., Palazzo, S., & Spampinato, C. (2024).

“Wake-Sleep Consolidated Learning”. IEEE Transactions on Neural Networks and Learning

Systems, vol. 36, no. 7, pp. 12668-12679, July 2025.
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Chapter 6

Dream2Learn:

Structured Generative Dreaming

During sleep, the brain replays and reorganizes recent experiences, generating dream content

grounded in waking life and potentially supporting subsequent knowledge acquisition [38,

39, 40]. In contrast, deep learning models in continual learning often struggle to effectively

balance stability and plasticity, limiting both long-term knowledge retention and the capacity

for adaptation [149, 170]. Among existing approaches, rehearsal-based strategies are widely

used due to their ability to stabilize learning by replaying stored examples. Yet, despite their

effectiveness, such approaches diverge significantly from how the human brain consolidates

memory. Rather than relying on the exact replay of past experiences, the brain engages

in generative processes during dreaming, recombining perceptual elements from daily life to

construct novel and plausible future scenarios [161, 162]. This process allows for efficient

knowledge reinforcement, enabling the brain to improve generalization and anticipate future

challenges. Translating this process into artificial neural networks is non-trivial, as it requires

the ability to synthesize meaningful and structured representations of the previously learned

knowledge without relying on external supervision.

To accomplish this task, in this chapter we present Dream2Learn (D2L), a generative

dreaming process that synthesizes training samples directly from the classifier’s internal

representations. Unlike WSCL, which relies on surrogate real data to simulate dreams, and

other sleep-based approaches that primarily reinforce existing representations [171, 157], D2L

autonomously constructs future-adaptive representations (the dreams, indeed), ensuring task

relevance and enhancing the model’s ability to generalize to new tasks.

As illustrated in Fig. 6.1, D2L generates structured dreamed classes that serve as in-

termediate representations, facilitating continual learning. Instead of merely blending past

class features, these dreamed samples form coherent yet distinct new concepts, expanding
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Figure 6.1: Dreamed classes generated by D2L. Examples of dreamed classes synthe-
sized from their corresponding real classes (left). These samples emerge as semantically
distinct yet structurally coherent representations in the generator’s latent space, forming
intermediate concepts that enhance the continual classifier’s generalization to future tasks.

the representation space in a way that supports future task adaptation. By integrating

“dreamed classes” into training, the classifier learns high-level reusable features, reinforc-

ing forward transfer while mitigating catastrophic forgetting. This process mirrors the role

of REM sleep, where synthetic experiences help refine learned representations, maintaining

long-term adaptability as new data distributions emerge. Our experiments on Split Mini-

ImageNet, Split ImageNet-100, and Split ImageNet-R show that our strategy significantly

boosts performance when integrated with standard continual learning methods.

6.1 Related work

Generative Replay (GR) [81, 172, 173] has emerged as an alternative to buffer-based experi-

ence replay by synthesizing past samples, but early methods often faced mode collapse and

underperformed compared to traditional replay. Although DDGR [85], SDDR [174], and

DiffClass [175] improve sample fidelity, the role of GR remains retrospective: the generator

mainly acts as a memory proxy, reconstructing prior distributions for rehearsal rather than

proactively reorganizing representations. Inspired by cognitive neuroscience, several works

explore memory mechanisms modeled on brain function. DualNet [99] and DualPrompt [105]

introduce parallel learning pathways, while CLS-ER [153] and FearNet [176] implement short-
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and long-term memory systems. These approaches focus on stabilizing representations dur-

ing learning but do not incorporate offline processes for restructuring knowledge. Sleep-based

learning offers a complementary perspective, drawing from evidence that wake-sleep cycles

refine memory representations [177, 43]. Sleep Replay Consolidation [171] applies Hebbian

plasticity, and SIESTA [157] introduces intermittent consolidation to support online learning.

The approach presented in Chapter 5 alternates wake and sleep cycles to emulate dream-

like replay mechanisms for memory consolidation. However, instead of generating internal

experiences during sleep phases, it shapes the latent space of the classifier using pre-defined

representations, limiting the biological plausibility of the dreaming process.

D2L reframes generation as a prospective mechanism: rather than replicating past data

for rehearsal, generation is used to proactively structure the representation space towards

upcoming tasks. It introduces a self-sufficient generative dreaming mechanism, by gener-

ating additional training signals from the classifier’s internal representations, ensuring task

relevance and autonomous dreaming. Through soft prompt optimization, it identifies se-

mantically distinct yet structurally coherent classes in the diffusion model’s latent space,

which act as intermediate anchors that bootstrap future learning dynamics. Thus, unlike

GR techniques that focus on reconstructing or augmenting past distributions [174, 175], D2L

actively shapes future-adaptive representations, transforming dreaming into a mechanism for

fostering forward knowledge transfer and long-term retention, enabling the classifier to adapt

more effectively to unseen tasks.

6.2 Method

We formulate our continual learning setting as the problem of training a model F , with

parameters θ, over a sequence of T visual classification tasks {τ1, . . . , τT}, with each task τt

associated to a dataset Dt. Each observation (x, y) ∼ Dt consists of an image x ∈ I and a

class label y ∈ Ct, with |Ct|= nt. The model’s output layer has as many neurons as the total

number of classes, i.e.,
∑
nt.

We also assume the availability of a replay buffer M, where we store a limited number

of samples from past tasks for rehearsal, and of a pre-trained and frozen image generator

G. Our approach requires that G can be conditioned from both textual prompts (with

the possibility of adding learnable tokens) and input images; these requirements are easily

satisfied by standard text-conditioned latent diffusion models (LDM) — e.g., Stable Diffusion

conditioned by CLIP embeddings [178, 179] — with an image adapter [180]1. Formally,

1We use h94/IP-Adapter
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Figure 6.2: Overview of Dream2Learn. (1) During CL training, a deep neural net-
work (DNN) learns from real sensory images (the current task distribution plus the buffer)
and dreamed samples produced by a latent diffusion model (LDM). (2) The dreaming op-
timization process refines the LDM prompts, with an Oracle Network providing a stopping
criterion that prevents collapse. (3) Prompts generate auxiliary classes: dreamed samples
are not buffered, but rather enrich the representation space with coherent latent clusters
that foster knowledge reuse and adaptation (see Algorithm 1)

G : I × P → I, with P being the space of sequences of textual token embeddings2. We

employ G, with appropriate conditioning, to synthesize dream images from past knowledge,

thus creating an auxiliary synthetic data stream for preparation to future tasks. At the

beginning of our procedure, the model F is trained to learn how to perform task τ1. Since

no knowledge is initially present (as θ is randomly initialized), we bootstrap the model by

training it on task data D1, optimizing a cross-entropy loss:

min
θ
LCE(F,D1) = −E(x,y)∼D1

[
log p(y|x;θ)

]
, (6.1)

with p(y|x;θ) being the likelihood of the correct class, given model parameters θ. During

this bootstrap phase, we also populate the buffer M via reservoir sampling [66].

The bootstrapped classifier can now be used to synthesize new classes as “dream” variants

of what the model has seen up to this point. Dream classes are created by optimizing a

learnable prompt pc for each class c ∈ C1, such that G(x,pc) transforms an input image x

2In practice, G is also made stochastic by receiving a random noise ϵ ∼ N (0, I), which is omitted for
brevity.
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into a “dreamed” versions that vaguely resemble target class c, thereby creating a synthetic

distribution for a novel “dream class”. The details about this optimization process are given

in Sec. 6.2.1. Using this procedure, at task τ1 we introduce n1 dream classes, i.e., as many

as the current task’s actual classes. We indicate with Dd
1 the distribution of dream classes

defined at this stage. Let Dτ1 be the mixture distribution which equally samples from real

data D1 and from the dream distribution Dd
1. The classifier F is then fine-tuned on Dτ1 ,

replacing D1 in Eq. 6.1. On subsequent tasks τt, t > 1, we can exploit the model’s knowledge

on dream classes to ease its learning of new classes. At the beginning of τt, we forward samples

from each new class c ∈ Ct through the model, and map c to the output dream neuron with

the largest average likelihood, as in [163]. This allows to bootstrap each class maximizing

the reuse of relevant features and preventing disrupting weight updates (details on this

procedure in Sec. 6.2.1). The dream classes corresponding to the assigned classification

heads are removed. We then train F on task data Dt and on Dd∗
t−1, the residual dream

distribution obtained from Dd
t−1 by removing the discarded dream classes Dr

t , optimizing the

following:

min
θ

[
LCE(F,Dd∗

t−1 ∪ Dt) + LCL(F,Dt,M)
]
, (6.2)

where LCL is an additional continual learning loss that counters forgetting and explicitly

leverages the replay buffer M for rehearsal. In practice, when sampling from the dream

distributions Dd∗
t−1, we employ items stored in the buffer as input conditions to the generator

G, to increase variability in the dreamed images. Importantly, dreamed samples are never

added toM (refer to Appendix 6.3.5); only their prompts are retained as part of a persistent

dream inventory. After training on task τt and storing rehearsal samples intoM, we update

the dream inventory for the next task, by optimizing a new set of prompts {pc | c ∈ Ct},
corresponding to new dream class distributions. The set of nt newly-generated dream dis-

tributions is used to replace an equal number of existing dreaming classes using again the

mapping strategy in [163].

The proposed method is detailed in Algorithm 1. For clarity of presentation, the pseudo-

code omits the initial and final tasks. The initial task lacks dreaming classes, reducing the

training loss to Eq. 6.1, while the final task does not perform dreaming generation and

optimization, since these steps are unnecessary.

6.2.1 Dreaming optimization and mapping

The dreaming optimization process for task τt consists of learning a proper conditioning

for generator G, in order to synthesize samples of novel concepts, expanding the model’s

representation space while preserving feature reuse.
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Algorithm 1 Dream2Learn (D2L)

Notation
T , the number of tasks
Ct, the classes of task t
F , the continual classifier
G, the generator
M, the memory buffer
Dt, the real data distribution at task t
Dd

t−1 the dream distribution used during continual training at task t
Dr

t , the distribution of the dream classes to be removed at task t
Dd∗

t−1, the residual dream classes after mapping at task t
x, a real image
xd, a generated dream image
pc, the learnable prompt associated with class c
Dd

t,c, the distribution of dreams generated after task t from class c
Dd

t,Ct , the distribution of dreams generated after task t from classes Ct
Dd

t , the distribution of all dreams after task t

1: for t = 2 to T − 1 do
2: Dr

t ←Mapping(Fθ,Dt) ▷ real classes mapping (Sec. 6.2)
3: Dd∗

t−1 ← Dd
t−1 \ Dr

t

4: for all epochs do ▷ CL training
5: loss← LCE(F,Dd∗

t−1 ∪ Dt) + LCL(F,Dt,M) ▷ Eq. 6.2
6: M← ReservoirSample(M,Dt)
7: update θ
8: end for
9: for all c ∈ Ct do ▷ dreaming optimization (Sec. 6.2.1)
10: repeat
11: xd ← G(x,pc)
12: loss← LCE(F, (xd, c)) ▷ Eq. 6.3
13: update pc

14: stop← Oracle(x,xd) ▷ Sec. 6.2.2
15: until stop
16: Dd

t,c ← Generate(G,M,pc) ▷ dreaming generation (Sec. 6.2.1)
17: end for
18: Dd

t,Ct ←
⋃

cDd
t,c

19: Dr
t ←Mapping(F,Dd

t,Ct) ▷ dream classes mapping (Eq. 6.4)
20: Dd

t ← (Dd∗
t−1 \ Dr

t ) ∪ Dd
t,Ct

21: end for

For each real task class c ∈ Ct, we aim to generate a corresponding dreamed class cd that

is distinct from all real classes, while contributing to a structured representation in the latent

space. To achieve this, we optimize a learnable prompt pc that conditions the generator G
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Figure 6.3: Visualization of the dreaming optimization process in the latent space
of a LDM. Given a real sample x, the optimization refines the soft prompt psoft,c to steer
the diffusion model towards generating a dreamed counterpart that aligns with the target
class c (e.g., a green mamba in this example). The dreaming process explores latent regions
where images are visually similar yet distinct from target classes, forming novel intermediate
classes (violet zones).

to synthesize samples of class cd. Our objective is to identify a transformation trajectory in

the LDM latent space such that, given an arbitrary real image x as input to G, the learned

prompt pc guides G to generate a dreamed version xd that shares some characteristics with

class c, while remaining distinct enough to not be classified as c by the model F . This

ensures that the dreamed samples populate a structured latent space region that remains

visually coherent but semantically separated from real classes. Formally, we structure the

dream class condition pc = [psoft,c,ptext,c] with ptext,c being the fixed text prompt describing

the transformation for class c, as: “An image of class [c]”, and psoft,c being a learnable

soft prompt vector optimized to refine the conditioning for class c.

Due to the stochasticity of G, multiple dreamed samples can be generated from the same

real image x and condition pc. Fig. 6.3 shows the dreaming optimization process in the

LDM latent space.

Prompt optimization is performed by minimizing the cross-entropy loss:

min
psoft,c

Ex∼Di\Dc
i
[− log p(c|G(x,pc);θ)], (6.3)

where Dc
i is the subset of real samples belonging to class c, excluded from the optimization

process: this ensures that optimization is not conditioned on images already belonging to

the target distribution, allowing the process to gradually converge toward it while generating
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Figure 6.4: Examples of dreaming optimization trajectories showing collapse. From
left to right, the images depict different stages of the optimization process. Each row illus-
trates the evolution of three example images throughout the same prompt optimization.
Initially, the generated samples maintain meaningful variations. However, as optimization
progresses, they become increasingly similar, reducing diversity and leading to less effective
representations.

novel yet structured concepts. As optimization progresses, dreamed samples populate a

distinct but structured latent region, allowing future tasks to benefit from enhanced feature

reuse and transferability.

Dreaming optimization produces a set of conditioning prompts {pc | c ∈ Ct} for each

class of task τt. Next, we determine the output neurons to which the new dream classes

Dd
t,Ct =

⋃
cDd

t,c should be mapped, replacing a subset of dream classes from past tasks. The

rationale for this step is to map new classes over “similar” past dream classes, to ensure a

smooth integration and prevent high gradients during training. Thus, let C be the set of all

output model neurons, and Creal =
⋃

i≤t Ci the set of outputs assigned to real past tasks. We

compute the set of possible destination neurons for the new dream classes as Cavail = C \Creal.
Then, we obtain the output neuron cout for dream class cd as:

cout = arg min
c∈Cavail

Ex∼G
cd

[− log p(c|x;θ)], (6.4)

where Gc is the distribution associated to samples produced by G when conditioned with pc.

In practice, cd replaces the dream class to which it is more “aligned” in terms of classification

likelihood.

6.2.2 Oracle-guided dreaming optimization

One key challenge in the dreaming process is determining when to stop optimizing the soft

prompt psoft,c to avoid collapse or excessive task-specific bias, as illustrated in Fig. 6.4. If
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optimization continues indefinitely toward the convergence of Eq. 6.3, the generated samples

risk becoming redundant or overfitting to the current task, reducing their effectiveness for

future learning. To prevent this, we introduce an oracle network that predicts the optimal

stopping point by evaluating whether further refinement of psoft,c contributes to meaningful

latent representation learning. The oracle is trained on a separate datasetDO, where stopping

decisions are labeled based on the quality of generated dreams.

Formally, we define the oracle network O, which takes as input a sequence of feature vectors

extracted over a temporal window of k optimization steps and provides a binary decision:

O(Zt) ∈ {0, 1} (6.5)

where Zt is the aggregated feature matrix over the last k generated samples:

Zt = [zt−k+1, zt−k+2, . . . , zt] (6.6)

The components of each vector zi ∈ R4 are the following quantities, computed using the

generator Gc conditioned by psoft,c at the i-th optimization iteration of Eq. 6.3:

1. Ex[sim(x, Gc(x)], with sim(·) measuring the structural similarity between the generated

image Gc(x) and its conditioning image x, ensuring that the generated image maintains

structural coherence;

2. Ex[f(x)⊺f(Gc(x))], i.e., the dot product between feature embeddings f extracted by

the classifier F , capturing the alignment between the representations of x and Gc(x);

3. Ex[Q(Gc(x))], where Q computes the CLIP-based Image Quality Assessment [181],

evaluating the perceptual quality of the generated image;

4. Ex

[
σ
(
f(Gc(x))

)]
, i.e., the standard deviation of the feature embeddings, capturing

the diversity within generated samples.

Once trained, the oracle network O is frozen and used across all tasks to determine when to

stop the optimization of psoft,c.

6.3 Experimental results

6.3.1 Datasets and metrics

We evaluate D2L on three continual learning benchmarks: Split Mini-ImageNet [59], Split

ImageNet-100 [61], and Split ImageNet-R [62]. In our experimental setup, half of the classes
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in each dataset are used for the first task, while the remaining classes are equally split

across the subsequent tasks. In particular, excluding the first task, the Mini-ImageNet and

ImageNet-100 datasets consist of 10 tasks with 5 classes each, whereas the ImageNet-R

dataset consists of 5 tasks with 20 classes each. To evaluate performance, we report final

average accuracy (FAA) and final forward transfer (FFWT) after training on the last task

in the class-incremental setting.

6.3.2 Training procedure

In terms of training procedure, we adopt ResNet-18 [111] as the backbone and train for 10

epochs per task using SGD (learning rate 0.03, batch size 32). Given the large number of

classes, we use buffer sizes of 2000 and 5000. Prompt optimization is performed in Stable

Diffusion’s text space via cross-entropy loss, guided by classifier predictions. We use the

Adam optimizer [132] (learning rate: 0.1, batch size: 1), with the number of iterations

controlled by an oracle network. The oracle is a single-hidden-layer MLP trained on a

labeled dream quality dataset DO (see Sec. 6.2.2) using Adam (learning rate set to 0.001, for

500 epochs). It stops optimization when a termination signal is predicted in at least n = 2

of the past k = 3 iterations. We use ImageNet-R as DO when testing on Mini-ImageNet or

ImageNet-100, and ImageNet-100 for ImageNet-R. Results are for class-incremental setting,

reported as mean ± std over 5 runs.

6.3.3 Results

To assess the impact of our method, we evaluate its effectiveness when applied in conjunc-

tion to continual learning state-of-the-art models. Since the dream generation mechanism

relies on combining learned prompts with past experiences stored in the buffer, we apply it

exclusively in conjunction with rehearsal-based methods. Specifically, we consider ER [131],

DER++ [96], and ER-ACE [103], comparing their performance with and without the dream-

ing generation. Tab. 6.1 presents results in terms of FAA in the class-incremental setting.

Our approach leads to a significant improvement in performance across all benchmarks,

demonstrating the importance of mimicking human dreaming for mitigating forgetting.

One of our key claims is that our dreaming mechanism enhances a model’s ability to pre-

pare for future tasks. To validate this, we report final forward transfer (FFWT) in Tab. 6.2.

Results shows that dream generation improves FFWT, with D2L achieving positive for-

ward transfer in some cases, similar to WSCL. However, WSCL achieves positive forward

transfer by relying on additional real data to simulate dreams, whereas D2L internally gen-

erates these dreams by leveraging the model’s own internal knowledge. Furthermore, we
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Mini-ImageNet ImageNet-100 ImageNet-R

2000 5000 2000 5000 2000 5000

ER [103] 27.91±3.49 34.21±3.04 21.08±2.38 22.21±3.44 7.68±0.97 10.69±1.29

↪→D2L 31.18±2.74 39.75±2.61 23.53±1.98 32.73±3.39 8.67±0.66 11.84±0.95

DER++ [96] 14.74±2.14 26.92±4.72 14.43±3.68 23.86±2.54 6.08±0.81 8.29±1.15

↪→D2L 21.06±5.45 31.91±5.19 18.86±3.22 25.38±2.17 8.60±1.00 10.89±1.56

ER-ACE [131] 33.26±3.51 40.59±1.20 24.79±5.02 30.16±4.97 7.09±0.59 9.44±0.70

↪→D2L 40.90±0.95 47.32±0.89 31.57±1.20 38.50±1.01 9.54±0.39 12.51±0.56

Table 6.1: Final average accuracy of rehearsal-based methods with and without
D2L in the Class-IL setting. Results are reported for buffer sizes of 2000 and 5000. Bold
values indicate the best performance in each column.

Mini-ImageNet ImageNet-100 ImageNet-R

2000 5000 2000 5000 2000 5000

ER [103] -2.58 -1.62 -1.88 -1.52 -1.32 -0.64

↪→D2L +0.33 +0.47 +1.79 +1.19 +0.24 +0.14

DER++ [96] -1.55 -2.00 -1.36 -2.48 -1.03 -1.83

↪→D2L +0.97 +0.71 -0.13 +1.86 +0.30 +0.24

ER-ACE [131] -1.99 -2.45 -2.00 -2.16 -2.46 -1.27

↪→D2L +1.05 -1.58 +1.09 +0.08 -0.25 +0.17

Table 6.2: Final forward transfer of rehearsal-based methods with and without
D2L in the Class-IL setting. Results are reported for buffer sizes of 2000 and 5000. Bold
values indicate the best performance in each column.

conduct a comprehensive performance analysis by comparing the best performing version of

our approach from Tab. 6.1 (i.e., ER-ACE + D2L) with state-of-the-art continual learning

methods3: GSS [91], A-GEM [92], iCaRL [88], FDR [89], BiC [90], and RPC [98]. Results are

shown in Table 6.3. To contextualize these results, we also define a lower bound as training

without any countermeasure to forgetting (Fine-tune). ER-ACE + D2L outperforms state-

of-the-art methods across all examined datasets and buffer sizes, with significant margins.

Note that our method targets continual learning from scratch with a randomly initialized

convolutional backbone, without external pre-training. By contrast, a separate line of work

relies on pre-trained models, either via full/partial fine-tuning [182, 183, 184] or prompt

tuning [185, 106] that adapts frozen ViT backbones. These approaches operate in a different

3Results were obtained using the original code released alongside the corresponding papers.
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Method Mini-ImageNet ImageNet-100 ImageNet-R

Fine-tune 6.72±1.20 6.98±0.10 4.46±0.15

Buffer-based methods

2000 5000 2000 5000 2000 5000

A-GEM [92] 6.78±1.13 7.45±0.76 6.20±1.11 6.11±1.13 4.69±0.03 6.29±0.84

BiC [90] 30.56±7.41 37.84±0.61 27.83±2.75 32.29±0.70 7.15±1.14 8.60±2.07

DER++ [96] 14.74±2.14 26.92±4.72 14.43±3.68 23.86±2.54 6.08±0.81 8.29±1.15

ER [103] 27.91±3.49 34.21±3.04 21.08±2.38 22.21±3.44 7.68±0.97 10.69±1.29

ER-ACE [131] 33.26±3.51 40.59±1.20 24.79±5.02 30.16±4.97 7.09±0.59 9.44±0.70

FDR [89] 15.46±1.10 11.58±0.96 9.17±2.40 12.91±0.95 5.71±0.18 5.77±0.10

GSS [91] 6.40±0.38 5.71±0.08 8.07±0.26 9.23±0.85 5.08±0.13 4.29±0.32

iCaRL [88] 16.46±0.51 16.50±0.33 8.54±0.88 8.86±0.25 1.97±0.28 1.91±0.29

RPC [98] 9.22±0.30 9.02±0.24 8.13±0.11 7.41±0.74 5.71±0.03 6.32±0.80

ER-ACE + D2L 40.90±0.95 47.32±0.89 31.57±1.20 38.50±1.01 9.54±0.39 12.51±0.56

Table 6.3: Final average accuracy of state-of-the-art continual learning methods
in the Class-IL setting. Results are reported for buffer sizes of 2000 and 5000, where
applicable. Bold values indicate the best performance in each column.

evaluation regime, adapting an already rich representation and thus conflating the effect of

the CL strategy with benefits from large-scale pre-training and transformer inductive biases.

In our setting, the classifier’s emergent knowledge directly guides the dreaming generation

process, so mixing regimes would not yield an informative head-to-head comparison. For

clarity and fairness, we therefore restrict comparison to methods that, like ours, train a

CNN backbone from scratch under the same protocol constraints.

6.3.4 Ablation study

The ablation study is primarily conducted to assess the contribution of the dream generation

strategy. The ER-ACE model [131], identified as the top-performing method when combined

with our approach (see Tab. 6.1), is used as the baseline model for this study. All experiments

are performed on the Split Mini-ImageNet dataset [59].

Impact of the oracle. We ablate the oracle and consider Fixed optimization, where

prompt updates stop once the classifier predicts the target class for four consecutive steps.

This criterion assumes the trajectory has reached and stabilized in the target representation

space, but it limits adaptability. As shown in Tab. 6.4, our full method avoids this issue and
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Buffer size
Method

2000 5000

ER-ACE baseline 33.26±3.51 40.59±1.20

+ Fixed optimization 38.94±0.97 46.41±0.55

+ Oracle (D2L) 40.90±0.95 47.32±0.89

Table 6.4: Ablation on the oracle. Results on Mini-ImageNet comparing our method
with Fixed optimization.

Buffer size
Dreaming

2000 5000

No dreams 33.36±3.51 40.59±1.20

At beginning 36.93±2.09 41.59±2.54

Incremental 36.85±1.16 43.87±2.90

D2L 40.90±0.95 47.32±0.89

Table 6.5: Impact of dream class updates. Comparison on Mini-ImageNet of different
dreaming strategies.

achieves superior performance.

Impact of dream class updates. We assess how updating dreams during the sequential

learning of tasks affects the overall performance. Our default strategy creates new dream

classes at the end of each task—equal in number to that task’s classes—and replaces an

equal number of old ones, keeping the classifier output size fixed. We compare this with

three variants: (1) No dreams, a baseline without generated classes; (2) At beginning only,

where dream classes are generated once during the first task and reused throughout; and (3)

Incremental, which accumulates dream classes across tasks, expanding the output layer with

weights sampled from a Gaussian distribution estimated from existing neurons. Results in

Tab. 6.5 demonstrate that our replacement strategy yields the best results. Fixed dreams

limit forward transfer by excluding later tasks, while incremental expansion likely degrades

performance due to increased task complexity.

Dreaming generation mechanism. To further validate our method, we also replaced

the dreaming mechanism with alternative strategies for creating class blends. In principle,

the dreaming process could be replaced by surrogate samples generated from past knowledge

using interpolation-based techniques. To test this hypothesis, we substituted our dreamed
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Buffer size
Method

2000 5000

ER-ACE baseline 33.26±3.51 40.59±1.20

+ Mixup 36.84±0.94 44.82±1.27

+ Continual Mixup 36.05±1.22 43.45±0.83

+ Oracle (D2L) 40.90±0.95 47.32±0.89

Table 6.6: Ablation on dream generation strategies. Evaluation on Mini-ImageNet
comparing interpolation-based baselines with our proposed D2L.

classes with synthetic ones obtained through different strategies: (1) Mixup [186]: combines

images from the current data stream with samples from the replay buffer to form auxiliary

synthetic classes; (2) Continual Mixup: applies the same interpolation scheme, but only

between images sampled from the replay buffer. The corresponding results are reported in

Table 6.6. In contrast to Mixup variants, which rely on static blending of existing represen-

tations, D2L produces distinct and task-aware latent clusters. Importantly, our generation

process is explicitly guided by the knowledge encoded in the classifier.

6.3.5 Comparison with Generative Replay

Finally, we clarify the conceptual differences between generative replay (GR) methods and

D2L, and we provide additional experimental results for completeness.

GR methods such as DGR [81] or DDGR [85] discard the memory buffer and rely entirely

on a generative model to reconstruct past data, with the objective of preserving knowledge

of previous tasks through explicit replay. In contrast, D2L differs along two fundamental

dimensions:

• Unlike GR, D2L retains a fixed-size buffer (e.g., 2000 samples), ensuring direct access

to real exemplars throughout training. Nonetheless, buffer never contains generated

images.

• While GR employs generation to reproduce past samples that directly replace the

buffer, D2L leverages generation in a profoundly different way: generated images in

D2L do not serve as memory replacements, but as additional data stream (additional

classes) that pre-activate future-class representations.

This conceptual divergence means that direct comparisons should be interpreted care-

fully, as the underlying objectives and mechanisms are not the same. Nevertheless, since
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Method Mini-ImageNet ImageNet-100 ImageNet-R

DGR [81] 23.33 ± 0.32 26.17 ± 0.21 7.00 ± 0.26

DDGR [85] 37.48 ± 0.98 30.81 ± 0.54 9.21 ± 0.17

ER-ACE + D2L (ours) 40.90 ± 0.95 31.57 ± 1.20 9.54 ± 0.39

Table 6.7: Comparison with generative replay methods under the same buffer
constraint (2000 samples). While D2L is not a generative replay method, its use of gen-
eration for anticipatory transfer leads to superior performance compared to GR approaches.

both approaches involve generative components during training and thus incur compara-

ble overheads, we report results against representative GR methods under the same buffer

constraint, as shown in Tab. 6.7.

These results confirm that D2L achieves higher accuracy than GR approaches, despite

pursuing a different goal. While GR attempts to reconstruct and replay the past, D2L

leverages anticipatory generation to expand and stabilize the representation space, proving

more effective across all benchmarks.

6.4 Discussion

In this chapter, we introduced Dream2Learn, an approach inspired by the ability of the

human brain to consolidate past experiences and anticipate future ones through dreaming.

Our method pairs a classification network with a generative model to synthesize structured

training signals, reinforcing past knowledge and enhancing forward transfer. Experiments

on standard continual learning benchmarks show that dreaming helps mitigate forgetting

and can support feature learning by expanding the classifier’s representation space, turning

negative forward transfer into positive. Using soft prompt optimization within a latent

diffusion model, D2L generates novel yet coherent classes with the oracle model helping to

maintain sample quality by preventing collapse.

While D2L-generated dreams are qualitatively distant from the target dataset, a limi-

tation is the potential categorical leakage of future-class information, due to the possibility

that such knowledge is embedded in the generator. In a preliminary study that investigates

this risk, we found that these events are not only rare but also contingent on the premise

that Stable Diffusion can faithfully synthesize future classes. Nonetheless, mitigation of this

theoretical leakage could involve unlearning future-class concepts from the diffusion model,

e.g., through concept-erasure or negative-gradient editing—prior to prompt optimization.

An additional limitation of the proposed approach, compared to simpler rehearsal methods,
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is the computational overhead that D2L incurs during training due to the optimization of

dream prompts.

6.5 Publications

Bellitto, G., Calcagno, S., Pennisi, M., Salanitri, F. P., Sorrenti, A., Palazzo, S., & Spamp-

inato, C. “Dream2Learn: Structured Generative Dreaming for Continual Learning”. Sub-

mitted to International Journal of Computer Vision.
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Chapter 7

Continual Object

6D Pose Estimation

6D pose estimation, i.e., the prediction of the 3D position and 3D orientation of a target

object from images, is a fundamental problem in computer vision, with wide applications

ranging from autonomous driving to virtual/augmented reality, robotic grasping, and robot-

assisted surgery [187, 188, 46].

Supervised methods for 6D pose estimation typically rely on establishing keypoint cor-

respondences between CAD models and input RGB images [189], RGB-D images [190, 191],

or directly regress pose using input RGB-D images [192, 193]. Depending on the underlying

assumptions, 6D pose estimation can be performed at either the instance level [189, 190] or

the category level [191, 193]. However, the majority of these approaches are trained on large

datasets in an offline setting, assuming that the training and test sets are independently and

identically distributed (i.i.d.) and that all target objects are available for training at the

same time. This assumption is mostly impractical in real-world scenarios where a deployed

model must incrementally adapt to new data. In such contexts, existing methods struggle to

accurately estimate the 6D pose for unseen objects, whose feature distribution differs from

those encountered in the training set. Moreover, the conventional practice of retraining the

model with the entire dataset, whenever a new object is introduced, is unfeasible and not

efficient: retraining the model demands significant computational resources and time, and

storing and processing large datasets may overwhelm robots with limited memory capacities.

To address the limitation of offline retraining, one-shot [194, 195] and few-shot [196] meth-

ods leverage annotated support views of new objects, establishing correspondences between

these views and the query view for pose estimation. These methods relax the constraint

for high-fidelity object models, but necessitate training on specific instances or categories.

Test-time adaptation methods [197, 198] attempt to bridge the gap between the training and
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Figure 7.1: Performance degradation during sequential training on five objects of
the Linemod dataset. Each color bar corresponds to a specific object. For example, pose
estimation accuracy for ape (in red) drops from 92.1% at task 1 to 2.9% at task 5.

test sets by adapting a pre-trained model to new objects encountered during testing, either

through supervised or unsupervised training.

However, adapting the model only using data from new objects leads to catastrophic

forgetting, as illustrated in Figure 7.1. Existing applications of continual learning method-

ologies predominantly deal with image classification, with relatively little attention devoted

to other domains such as robotic perception [199], reinforcement learning [200, 201], and

natural language processing [202]. To our knowledge, the exploration of continual learning

for 6D pose estimation has not been investigated. In this chapter, we introduce a novel

framework for learning the 6D pose of objects, specifically designed for scenarios where a

model can adapt incrementally to new objects without losing knowledge of previously en-

countered ones. Our approach trains a model to estimate the 6D pose on a subset of objects

(a task) at a time, selectively storing keyframes of objects from the current task in a memory

buffer. At each new task, the model keeps learning by combining data from new objects and

the memory buffer, which is simultaneously updated to accommodate keyframes of the new

task objects. Throughout this continual learning process, we introduce a parameter regular-

ization method aimed at adaptively adjusting the model parameters to retain those essential

for accurately estimating the pose of objects stored in the memory buffer. Furthermore,

we propose a strategy to alleviate overfitting on the objects contained within the memory

buffer.
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Our main contributions are the following:

• We present a novel setting for 6D object pose estimation, wherein the model progres-

sively learns to estimate the 6D pose of new objects.

• We introduce a replay-based continual learning method, called ILPose, that prioritizes

adaptability to new objects while ensuring retention of knowledge about previously

seen ones.

• We validate our method by comparing with existing continual learning baselines on

the Linemod [203] and YCB-Video [204] datasets.

7.1 Related work

Methods for 6D pose estimation can be classified as either instance-level or category-level,

depending on their generalization capabilities. Instance-level methods [192, 189, 205] assume

that target object CAD models are available, and focus on estimating the 6D pose of specific

objects. Category-level methods [206, 207, 193] assume that category information is available,

and build models to learn the category-specific representation of object appearance and

shapes, enabling 6D pose estimation within the same category. However, since instance-

level methods require high-fidelity CAD models for each object of interest and category-level

methods require prior knowledge of the target category, neither can adequately handle new

objects that are not shown in the training set.

To address the challenge of achieving 6D pose estimation for new objects, one-shot [194,

195] and few-shot [196] 6D pose estimation methods have been proposed. These methods

annotate one or several views of the new object as support views and then match keypoints

between the support views and the query scene for 6D pose estimation [208, 209]. These

methods avoid using CAD models but require training a separate model for each object.

Test-time adaptation is another approach to estimate the 6D pose of new objects [210],

which is used to enhance the performance of the model when there is a distribution shift

between known and new objects. These approaches [198, 211] pre-train a model on known

objects in a supervised manner, and then adapt the pre-trained model to new objects in a

supervised or unsupervised manner. However, the model would forget previous knowledge

after adaptation.
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Figure 7.2: Continual object 6D pose estimation framework. Our model takes an
RGB-D frame and its target object mask as input for 6D pose estimation. The trained
model is sequentially adapted to new objects by using data from both the new object and
the memory buffer, where keyframes of previously seen objects are stored.

7.2 Method

We define the proposed continual object 6D pose estimation as a task-incremental learning

problem, where a network F undergoes training on a sequence of T tasks {τ1, . . . , τT} to

estimate the 6D pose of multiple objects. Each task involves learning the 6D pose of a

specific subset of objects from a set O = {o1, . . . , on} with annotated poses. Formally, τi

represents the subset of objects for the i-th task, such that τi ⊂ O, τi∩τj = ∅, and
⋃
τi = O.

We design a network F that takes as input a pair d = (v, s), where v is the RGB-D

image and s is the segmentation mask for the target object. The network F directly regresses

the object 6D pose between the camera and object coordinate system, represented as p =

F (v, s|θ), with θ being the trainable parameters. We represent 6D pose as a homogeneous

transformation matrix p that consists of a 3D rotation R ∈ SO(3) and a 3D translation

t ∈ R3.

Figure 7.2 shows the overview of our method. During each task τi, we employ a selection

process to identify k keyframes, maximizing multi-view diversity. These selected keyframes,

along with their corresponding ground truth poses, are stored in a memory buffer M. At
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each task, the model F is trained to estimate the pose of the task’s objects; additionally,

starting from task τ2, we include data from the memory buffer M in the training process.

7.2.1 Object pose estimation

We employ a model that directly estimates the 6D pose information from input images,

leveraging both color and geometric features to address pose estimation challenges for objects

with low texture or similar colors. Given an RGB-D image as input, we crop the RGB image

and its corresponding depth image using the segmentation mask of the target object. This

ensures that the model focuses solely on the region containing the target object.

For RGB feature extraction, we utilize a ResNet-18 [111] as an encoder to extract ap-

pearance features from the cropped image. Simultaneously, we extract geometric features by

lifting the target object’s point cloud from the cropped depth images using camera intrinsic

parameters. We use PointNet [212] to process the point cloud and obtain geometric features

for each 3D point. We randomly select 500 points with the corresponding pixels in RGB im-

age, fuse their extracted appearance and geometric features, and obtain a pixel-wise feature

representation using DenseFusion [192]. Finally, we regress the 6D pose of the target object

by leveraging the pixel-wise feature representation.

The estimation model is trained by minimizing a pose loss Lpose that encourages the

estimation of accurate pose information. We use the Average Distance of Model (ADD)

scores [203] as Lpose. It measures the distance between points transferred using the predicted

6D pose and points transferred through the ground truth pose, expressed as:

Lpose =
1

T

∑
i

∥∥∥(Rxi + t)− (R̂xi + t̂)
∥∥∥2

, (7.1)

where xi represents the i-th 3D point from the object CAD model (with T overall number of

points), R̂ and t̂ denote the rotation and translation annotations and R and t the estimated

rotation and translation values.

7.2.2 Memory-based continual learning

We design a replay-based strategy for continual object 6D pose estimation. This strategy

consists of two key components: keyframe selection and adaptive parameter regularization.

Keyframe selection. The selection of samples from past tasks is a crucial step, as these

samples directly influence the model’s robustness on previous tasks following adaptation to

new ones. The memory buffer contains frames that must effectively provide exhaustive visual
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Algorithm 2 Incremental object 6D pose estimation for each task

1: Input: data from both the task data distribution Dn and the memory buffer M
2: for all epochs do
3: for vi, si ∈ Dn do ▷ training of the model on Dn

4: pi ← F (θ|vi, si)
5: Loss← Loss+ Lpose(pi) + λLEWC(pi)
6: end for
7: for vj, sj ∈M do ▷ evaluation of the model on M
8: pj ← F (θ|vj, sj)
9: Losseval ← Losseval + Lpose(pj)
10: end for
11: if (Losseval / |M|) > δ then
12: for vj, sj ∈M do ▷ training of the model on M
13: pj ← F (θ|vj, sj)
14: Loss← Loss+ Lpose(pj) + λLEWC(pj)
15: end for
16: end if
17: update Fisher information matrix G ▷ using data from M
18: update θ based on ∂Loss

∂θ

19: end for
20: updateM with data from the current task data distribution Dn

appearance information about seen objects. To achieve this, we propose a selection strategy

based on the Scale-Invariant Feature Transform (SIFT) algorithm [213].

SIFT is primarily employed to detect and describe local features in images by identifying

distinctive matching keypoints in two images and estimating the transformation between

them. We utilize this transformation as a measure of the view changes between sequential

frames. Hence, we leverage SIFT to quantify the changes in view across consecutive frames

and select keyframes that maximize multi-view diversity while minimizing redundancy.

Formally, given a sequence of frames {v1, . . . ,vn} depicting an arbitrary object o ∈ O,

we select the initial frame v1. Subsequently, we compare the other n − 1 frames with v1

using SIFT to find matched keypoints for transformation calculation, yielding a set of scores

S = {s1,j, with j = 2 . . . n} with s1,j measuring the Euclidean norm of translation and

rotation angle, indicating the extent of view changes. The k frames with the highest scores

are identified as keyframes and added to the memory buffer M. The number of keyframes

in the buffer is equal for all objects.

Adaptive parameter regularization. While adapting the current model to a new task,

knowledge of past tasks may be overwritten or altered, leading to catastrophic forgetting. We

address the forgetting problem in our continual 6D pose estimation by adaptively regularizing
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the parameters using a variant of Elastic Weight Consolidation (EWC) [72]. In particular,

while the common online EWC implementation computes the Fisher information matrix G
at the end of each task, on the task’s data only, and updates it through exponential moving

average, we compute it using all samples from the buffer M, through the second-order

derivative:

G = E[− ∂2

∂θ2i
ℓ(pm|θi)], (7.2)

where pm is the ground truth for the m-th sample in the buffer and ℓ(pm|θi) is the corre-

sponding log-likelihood [214]. This choice is motivated by the replay-based nature of our

framework, as the buffer M stores selected keyframes of previously seen objects and thus

provides meaningful information for estimating parameter importance. As the Fisher infor-

mation matrix is related to the importance of each parameter, we add a regularization loss

to penalize the change of each parameter according to its importance:

LEWC =
∑
j

G(θ
(j)
i−1 − θ

(j)
i )2, (7.3)

where θ
(j)
i−1 represents the j-th parameter of the weights at task τi−1 and θ

(j)
i is the same

parameter of the model at task τi.

7.2.3 Optimization

Our learning strategy foresees that the pose estimation model is trained on the first task

in a supervised manner, using only Eq. 7.1. For subsequent tasks, the model is trained by

minimizing the overall loss Ladp:

Ladp = Lpose + λLEWC , (7.4)

where Lpose is computed for all samples of the new task, while LEWC only on the samples

present in the replay buffer M. However, a common challenge in replay-based continual

learning methods is the tendency to overfit the buffer data [215]. This occurs as the model

repeatedly learns from the buffer, potentially hindering generalization to previous tasks and

causing loss of previously learned knowledge. Additionally, using a buffer directly without

additional training strategies, often results in a polarization towards the new object data,

whose effect is controlled by the hyperparameter λ.

To mitigate this issue, we propose a novel adaptation strategy, adding a loss-gating

mechanism. We exclusively use data from the new object to enable rapid adjustment of

the network’s trainable parameters to suit the characteristics of the new object. During
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training, after each epoch, we evaluate network performance on memory buffer data to

detect any significant drop in performance on previously seen objects. If the loss value (i.e.,

the ADD value obtained by Eq. 7.1) exceeds a predefined threshold, δ, indicating a decline

in performance, we incorporate memory buffer data for training using Eq. 7.4. Conversely,

if the loss value remains below the threshold, signifying retention of previously encountered

objects, we refrain from adding memory buffer data to training to prevent overfitting. The

pseudocode of the procedure performed for each task is shown in Algorithm 2.

7.3 Experimental results

7.3.1 Datasets and metrics

We evaluate our approach on two widely adopted 6D pose estimation benchmarks and on a

proprietary dataset collected with a robotic arm to assess real-world applicability:

• Linemod [203]: The Linemod dataset contains 13 low-textured objects in 13 videos,

with different backgrounds. Linemod provides annotated 6D pose information and

semantic segmentation information. It is widely used by recent deep learning-based

methods [189, 190, 216]. We mainly use this dataset to train our model incrementally,

one object at a time.

• YCB-Video [217]: The YCB-Video dataset contains 21 YCB objects of varying shape

and texture. The dataset contains 92 RGB-D videos, where each video shows a subset

of the 21 objects in different indoor scenes. The videos are annotated with 6D poses

and segmentation masks.

• Ours: We use a robotic arm to collect the dataset including four objects, cracker box,

gum, stapler, tea box, and two low-texture objects, red cup, paper cup. A camera is

fixed on the tip of the robotic arm and captures RGB-D images with a resolution of

1280× 720 pixels. We use this dataset to validate our approach in a real-world setting

by performing 6D object pose-based robotic grasping.

To quantify pose accuracy, we consider three metrics widely used in 6D pose estimation

problems:

• ADD-0.1d (↑): percentage of correct poses. The estimated pose is considered to be

correct if the ADD distance is less than 10% of the object diameter.

• Rerr (↓): mean rotation error in degrees, which measures the average angle between

the predicted rotation and the ground truth rotation.
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• Terr (↓): mean translation error in centimeters, which is used to measure the average

Euclidean distance between the predicted translation and the ground truth.

We assess the effectiveness of our method by evaluating its overall performance on both

past and present tasks, encompassing all objects encountered so far. To accomplish this,

we report the performance of the model in terms of Final Average metrics [103]: ADD-

0.1dFA(↑), RFA
err (↓) and T FA

err (↓). These metrics represent the average performance measures

over all objects encountered after the last task of the sequence. Let ψj
i denote the value of

an arbitrary metric at the end of task j computed on the test set of task τi (with i ≤ j), the

Final Average is defined as:

ΨFA =
1

T

T∑
i=1

ψT
i , (7.5)

with T representing the total number of tasks.

7.3.2 Baselines

We compare our method, ILPose, with a selection of other approaches broadly inspired by

existing state-of-the-art continual learning methods, introduced in Sec. 2.5. Most of these

methods are originally designed for the classification task, so some changes have been made

to adapt them to the 6D pose estimation task.

• Multi-Encoder: This strategy draws inspiration from the Progressive Neural Net-

works (PNN) architectural approach [76], in which a distinct replica of the entire back-

bone is dedicated to each task. While this strategy inherently prevents forgetting, its

primary drawback lies in the linear increase of memory requirements with the number

of tasks. To balance efficiency and memory footprint, our implementation allocates a

separate encoder module for each task, while the rest of the network remains shared

across all tasks. When a new task begins, a new encoder replica is instantiated, ini-

tialized with the same weights as its predecessor, and adopted during the subsequent

training session, while all the other encoders are inactive. During inference, an object

identifier is used to select the appropriate encoder.

• Self-Distillation: Inspired by [70], this method applies functional regularization via

self-distillation between the in-training model and a previous snapshot stored in the

buffer. More specifically, at the end of task τi−1, we store the pixel-wise features hi−1

for each buffer sample m ∈ M. In the next task τi, we incorporate an additional

loss LSD to mitigate potential degradation of the learned representations up to task

τi−1. At each training step of the current task τi, we sample an image v from the
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training stream, and an image m randomly selected from the buffer, and we optimize

the network by minimizing the following loss:

L = L(v)
pose + L(m)

pose + αLSD(h
(m)
i−1,h

(m)
i ), (7.6)

where α is a weighting factor between the three loss terms, and LSD is the Mean

Squared Error Loss.

• Hybrid: This approach combines the strengths of the first two methods, leveraging

the advantages of both techniques. It employs a separate encoder for each new object,

coupled with the additional loss LSD to preserve the knowledge associated with the

previous state of the model.

• vanilla-EWC [72]: In this buffer-free method, the model continually adapts to new

objects by updating trainable parameters under the penalty of the EWC term applied

to important parameter changes. In this case, the loss-gating mechanism is not applied.

• Joint & Fine-tune: To provide a more exhaustive understanding of our findings, we

also include the scenario where a model is trained jointly on all objects together (re-

ferred to as Joint) in a conventional, non-incremental fashion. In addition, we present

the results by training the model sequentially on each task without implementing any

measures to mitigate forgetting (referred to as Fine-tune). These two results can be

viewed as upper and lower bounds, respectively.

7.3.3 Training procedure

All models are trained according to a standard continual learning protocol [146]. When

training on a given task, only images corresponding to that task are used, with the exception

of k samples for each previous object stored in the buffer (if the method permits). To ensure a

fair comparison between different methods, all the networks are trained using the Adam [132]

optimizer for 300 epochs per task. We select λ = 2 to balance the performance on a new

task and retention of previous knowledge, while the threshold δ is determined based on the

object diameter d, defined as δ = 0.1d.

For each method, the model is trained on a sequence of 5 objects from either the Linemod

dataset [203] (ape, bench vise, camera, can and cat) or the YCB-Video dataset [217] (master

chef can, cracker box, sugar box, tomato soup can and mustard bottle); for both datasets, each

task is associated to a single object, i.e., τi = oi. The evaluation of the methods equipped

with a buffer was performed with two different buffer size settings, i.e. storing k = 30 and
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Figure 7.3: Visualization of 6D pose. The results on (top) Linemod and (bottom) YCB-
Video. The green 3D bounding boxes are obtained based on the ground truth 6D pose, while
the red ones are generated from the model prediction after the incremental adaptation to
the final object.

k = 50 images per object. Results are presented as the mean and standard deviation over

three different runs.

7.3.4 Results

Table 7.1 and Table 7.2 show that ILPose outperforms all baselines on the Linemod and

YCB-Video datasets, providing a better trade-off between forgetting and final performance.

In the tables, we also compare the impact of the number of keyframes on final results.

Qualitative results are shown in Figure 7.3.

Although vanilla-EWC does not leverage frames from previous tasks, it yields results

comparable to buffer-based methods, particularly in the case of k = 30. This serves as a

direct baseline for our method, suggesting that regularization based on the Fisher information

matrix effectively addresses our task.

Among buffer-based methods, the architectural approach utilizing multiple encoders per-

forms poorly across all cases. Employing separate encoders for each task seems ineffective, as

the encoder’s internal representation remains closely tied to the inherent features of the ob-

ject in question. Consequently, the shared part of the network struggles to exploit features

extracted by different encoders. This phenomenon may also explain the results obtained

with the Self-Distillation method, which, despite using a single encoder, better preserves the

model’s internal representation due to the additional loss. Clearly, when the network retains

its weights to ensure that current pixel-wise features resemble those extracted previously, it

suffers less from forgetting.

We evaluate the impact of catastrophic forgetting on the 6D pose estimation task by
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Method ADD-0.1dFA(↑) RFA
err (↓) TFA

err (↓)

Joint 90.3±0.7 7.7±1.1 0.7±0.2

Fine-tune 18.1±1.9 50.4±6.4 3.1±0.3

vanilla-EWC 36.6±2.5 27.7±1.7 1.7±0.1

30 keyframes 50 keyframes

ADD-0.1dFA(↑) RFA
err (↓) TFA

err (↓) ADD-0.1dFA(↑) RFA
err (↓) TFA

err (↓)

Multi-Encoder 29.6±3.1 30.3±2.0 9.2±1.2 39.9±4.8 23.8±2.9 8.4±1.0

Self-Distillation 39.3±3.5 31.9±3.3 6.4±0.9 44.6±4.4 24.3±2.1 8.7±0.9

Hybrid 34.4±4.7 29.1±2.8 8.7±1.3 50.9±6.7 21.7±3.3 7.7±1.1

ILPose 58.4±3.0 14.4±1.1 1.6±0.1 67.5±1.1 10.8±1.8 1.3±0.1

Table 7.1: 6D pose estimation results on Linemod. We report final average metrics for
different numbers of keyframes per object stored in the buffer. We compare ILPose against
adapted incremental learning baselines. Bold values indicate the best performance in each
column.

Method ADD-0.1dFA(↑) RFA
err (↓) TFA

err (↓)

Joint 96.2±0.9 5.7±0.5 0.5±0.1

Fine-tune 27.8±2.1 52.4±2.7 3.9±0.5

vanilla-EWC 46.8±1.4 31.2±1.6 2.5±0.3

30 keyframes 50 keyframes

ADD-0.1dFA(↑) RFA
err (↓) TFA

err (↓) ADD-0.1dFA(↑) RFA
err (↓) TFA

err (↓)

Multi-Encoder 35.6±1.1 26.1±0.8 8.2±1.4 38.9±1.4 23.9±2.2 6.3±0.8

Self-Distillation 39.4±2.5 29.8±1.3 3.2±2.1 45.1±2.7 25.1±1.0 4.4±1.5

Hybrid 36.8±2.9 25.2±2.7 5.9±2.3 49.2±3.9 21.7±3.1 6.7±1.4

ILPose 63.5±2.8 15.2±0.9 1.6±0.2 79.2±1.8 10.2±0.7 1.2±0.1

Table 7.2: 6D pose estimation results on YCB-Video. We report final average metrics
for different numbers of keyframes per object stored in the buffer. We compare ILPose against
adapted incremental learning baselines. Bold values indicate the best performance in each
column.

comparing the performance metrics at the end of each task between two scenarios: one with

Fine-tune (lacking countermeasures to reduce forgetting) and the other with our proposed

solution. Figure 7.4 illustrates this comparison, demonstrating a stark difference in per-

formance. While the former shows a significant drop, our approach notably mitigates this

decline.
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Figure 7.4: Evaluation metrics for ILPose on Linemod. First row: per-task ADD-
0.1d(↑), Rerr(↓) and Terr(↓) computed after training on each task. Second row: comparison
between average metrics of our method and the Fine-tune model.

7.3.5 Ablation study

Impact of EWC term. We assess the effect of the EWC regularizer, by replacing it with

a standard L2 regularization term, keeping other settings the same as ILPose. Unlike EWC,

L2 regularization penalizes all trainable parameter changes. Consequently, the model using

L2 regularization tends to retain the first encountered object as fewer parameters can be

updated to fit newly encountered objects. The results are displayed in Table 7.3, and reflect

EWC’s better capability in handling new objects by penalizing only significant changes.

Impact of keyframes selection. To assess the impact of keyframes selection on the re-

sults, we compared the proposed SIFT-based strategy for filling the memory buffer with

random selection, i.e., keyframes are selected from the training set without taking into ac-

count any discriminative criteria. As detailed in Section 7.2.2, the SIFT-based selection aims

at capturing diverse and informative keyframes. For each approach, we conduct experiments

using the same task order and training configuration. Figure 7.5 shows a comparison of the

results in terms of ADD-0.1dFA(↑). These results demonstrate the limitations of random

selection in losing crucial features related to different poses, highlighting the effectiveness of

SIFT-based selection in preserving such information.
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Method 30 keyframes 50 keyframes

ADD-0.1dFA(↑) RFA
err (↓) TFA

err (↓) ADD-0.1dFA(↑) RFA
err (↓) TFA

err (↓)

L2-based 42.7±1.4 24.7±2.1 1.5±0.1 52.4±2.1 21.1±1.4 1.3±0.2

ILPose 58.4±3.0 14.4±1.1 1.6±0.1 67.5±1.1 10.8±1.8 1.3±0.1

Table 7.3: Effect of regularization. We compare our original model, which employs EWC,
with the L2-based model, which uses L2 regularization, while keeping all other settings
unchanged.

Figure 7.5: Comparison of the impact of different keyframes selection strategies.
Per-task ADD-0.1d computed at the end of the training on the Linemod dataset. On the
right, we report the ADD-0.1dFA(↑).

7.3.6 Object grasping

In the absence of CAD models, Lpose is obtained by directly matching the predicted pose to

the ground truth in terms of rotation and translation:

Lpose = ||R− R̂||2+||t− t̂||2. (7.7)

We leverage our collected dataset to train the model and assess robotic grasping from

six different views. The model is optimized using the pose loss in Eq. 7.7 over the following

sequence: cracker box, gum, paper cup, red cup, tea box, and stapler. Once training is

completed, we estimate the 6D pose of each object and use the predicted poses to perform

grasping.

Since our model predicts the object pose p, in the camera coordinate system, we first

need to transform the object pose to the robot coordinate system before executing the
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Method cracker box gum paper cup red cup tea box stapler

Joint 83.3% 100% 83.3% 50% 100% 66.7%

ILPose 83.3% 83.3% 66.7% 50% 100% 50%

Table 7.4: Grasping success rate. The robot attempts to grasp the object from 6 different
views. A grasp is counted to be successful when the robot gripper holds for at least 5 seconds.

grasping. To achieve so, we need transformation Tcg from the camera to the gripper and the

transformation Tgr from the gripper to the robot base. We then obtain the object pose in

the robot coordinate system by:

Tor = Tgr ∗ Tcg ∗ p, (7.8)

where Tcg is estimated by the camera calibration process and Tgr is computed from the

robot’s forward kinematics.

In practice, our objective is to grasp the centroid of the object’s 3D bounding box, as

illustrated in Figure 7.3. The robot will move to each of the 6 different views and retrieve the

6D pose of the object estimated by our model. A successful grasp is defined as holding the

object in the gripper for 5 seconds. The success rates are presented in Table 7.4. Our model’s

performance closely approaches that of the Joint (upper-bound) method, although the Joint

method requires all available data for training, whereas ours is sequentially adapted to new

objects. However, both the Joint method and our method yield unsatisfactory grasping

results for red cup, which has a wider width and closely matches the maximum width of the

gripper, resulting in less tolerance to translation errors. Additionally, the red cup and paper

cup are textureless and symmetric objects, making it challenging for our model to obtain

distinguishing features for 6D pose recovery. Furthermore, the lower accuracy observed on

the stapler may be attributed to its limited height, which increases the likelihood of the

gripper colliding with the table during grasping. For safety reasons, grasp execution is

interrupted when the gripper gets too close to the table, which may lead to unsuccessful

grasp attempts.

7.4 Discussion

In this chapter, we introduced a novel setting for 6D object pose estimation in which the

model sequentially learns to recognize and estimate the pose of newly encountered objects

without the impractical requirement of being retrained from scratch.

Within this formulation, we presented ILPose, a replay-based continual learning approach

for 6D pose regression that maintains a memory buffer of representative keyframes from past

123



CHAPTER 7. CONTINUAL OBJECT 6D POSE ESTIMATION

objects, selected to maximize viewpoint diversity. Beyond replay, our method integrates an

adaptive regularization scheme inspired by EWC, which selectively constrains parameter up-

dates based on their relevance to buffered objects. Since excessive reliance on buffer samples

may bias optimization and hinder adaptation, we employ a loss-gated replay mechanism that

is activated only when performance on the memory exhibits a clear degradation.

Experiments on Linemod and YCB-Video show that ILPose outperforms existing base-

lines for continual 6D pose estimation, improving the balance between final accuracy and

forgetting. The robotic grasping experiments then suggest that these gains translate into

more reliable performance in downstream manipulation. Nevertheless, failures on symmetric

or textureless objects and in low-tolerance grasping scenarios indicate that errors that appear

small under standard pose metrics may still be destructive for control. For these reasons,

future work should focus on symmetry-aware modeling, uncertainty estimation, and tighter

perception-manipulation integration.

7.5 Publications

Tian, L., Sorrenti, A., Pang, Y. L., Bellitto, G., Palazzo, S., Spampinato, C., & Oh, C.

(2024, December). “Incremental Object 6D Pose Estimation”. In International Conference

on Pattern Recognition (pp. 331-346). Cham: Springer Nature Switzerland.
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Chapter 8

Personalized Mental

Well-being Monitoring

Psychological stress is increasingly recognized as a major health concern, particularly among

university students, whose daily lives are characterized by intense academic demands, com-

plex social interactions, and significant lifestyle changes [48, 49, 50]. Chronic exposure to

high levels of stress has been linked to a broad spectrum of adverse health outcomes, in-

cluding anxiety disorders, depression, impaired cognitive performance, sleep disturbances,

and reduced physical health [218, 219, 220]. Consequently, there is a growing interest in the

scientific community in developing automated, reliable methods to continuously monitor and

predict stress levels in daily life.

Recent advances in wearable and smartphone technology have provided unprecedented

opportunities for real-time and unobtrusive monitoring of individuals’ psychological and

behavioral states [221, 222]. These devices collect a wealth of multimodal data, including

physiological signals (such as heart rate variability and galvanic skin response), behavioral

patterns (such as physical activity and smartphone usage), and contextual information (such

as location, ambient noise, and social interactions) [223, 224]. Leveraging this data, affective

computing and mobile sensing research have made significant strides in creating predictive

models of psychological stress that are applicable to everyday settings. Despite the progress

achieved thus far, existing approaches primarily rely on static machine learning models

trained offline using aggregated data from multiple individuals [221, 225, 226]. However,

these methods struggle to generalize in real-world scenarios, as they are unable to adapt to

temporal shifts in user behavior and require full retraining when exposed to new users or

changing data streams.

In response to these challenges, this chapter introduces a novel paradigm by formulating

the stress prediction problem within a continual learning framework. By framing each user
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as a distinct incremental learning task, we create a model capable of dynamically adapting to

new individuals while maintaining performance on previously learned users, thus inherently

supporting personalized adaptation and sustained learning over extended periods.

Within this continual learning setting, we explore and compare two major approaches.

The first is a memory replay-based approach, leveraging recurrent neural network archi-

tectures, such as standard RNNs [227] and bidirectional long short-term memory (BiL-

STM) [228], combined with episodic memory buffers to mitigate catastrophic forgetting

of previously learned tasks. The second is an extension of the former, where prompt-based

mechanisms are integrated into the memory replay framework to further enhance knowledge

retention across tasks. In this scenario, both the transformer backbone [229] and the task-

specific prompts are continuously updated, with the prompts being refined using replayed

data from previous tasks to support continual adaptation.

To rigorously evaluate the proposed approaches, we utilize a carefully curated subset

of the StudentLife dataset [223]. This dataset comprises comprehensive smartphone-sensed

behavioral data and detailed self-reported stress annotations from a population of university

students collected over an extended observation period. The dataset provides rich multi-

modal signals, enabling a robust evaluation of stress prediction in realistic conditions.

Our experimental results demonstrate that the prompt-based approach achieves compa-

rable or superior performance compared to standard memory replay methods, highlighting

the benefit of incorporating task-aware adaptation.

Our main contributions are as follows:

• We propose a novel continual learning formulation of the stress prediction problem,

tailored for dynamic real-world scenarios.

• We compare two continual learning strategies: memory replay using RNN-based models

and prompt-based adaptation using transformer models.

• We empirically validate the effectiveness of behavioral and contextual features ex-

tracted from smartphone data for psychological stress prediction in both task- and

domain-incremental learning settings.

8.1 Related work

The automatic estimation of psychological stress has been widely investigated in the field

of affective computing, leveraging signals from mobile and wearable devices to infer mental

states in everyday life [230, 222].
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Designed to study stress in daily life, the StudentLife dataset [223] consists of passive

sensing and self-report data collected from 48 university students over a 10-week period.

The data revealed that increased academic demands were associated with reduced physical

activity, shorter sleep, and lower positive affect. Motivated by these findings, numerous

studies have proposed predictive models using both traditional and deep learning approaches.

Classical methods such as logistic regression [221, 223] and decision trees [225] remain popular

due to their interpretability and robustness in data-scarce conditions. Muaremi et al. [221]

classified workplace stress using smartphone-derived features such as communication logs

and heart rate variability (HRV), while Wang et al. [223] demonstrated associations between

smartphone behavior, self-reported stress, and academic performance.

In parallel, machine learning models have sought to identify the most informative behav-

ioral signals for stress prediction. DaSilva et al. [226] used penalized regression identifying

social activity, location variance, and ambient noise as significant stress correlates. Bona-

fonte et al. [231] systematically compared feature subsets (e.g., WiFi, motion, phone usage),

and found that mobility and device-logging patterns (e.g., night-time movement, battery

events) were more predictive than communication metrics such as call or SMS frequency.

These findings suggest that physical activity and rest patterns may serve as more reliable

indicators of stress than communication behavior alone.

To support these modeling efforts, a variety of datasets have been developed across both

controlled and real-world environments. In laboratory settings, the WESAD dataset [232]

includes physiological and motion signals collected from 15 participants under three affec-

tive conditions: neutral, stress, and amusement. In contrast, real-world studies such as those

by Muaremi et al. [221] and K-EmoPhone [224] provide multimodal smartphone and wear-

able recordings over multiple days, annotated with self-reported stress and affective states.

Larger-scale longitudinal studies such as TILES [233] and Tesserae [234] further extend this

direction by integrating wearable, mobile, and self-report data in workplace environments,

enabling the study of stress over extended periods.

Despite these advances, most existing models rely on static training-test splits and as-

sume a fixed population, limiting their ability to adapt to new users or evolving behavioral

patterns. As Lazarou et al. [235] emphasize, the widespread adoption of wearable tech-

nologies enables continuous stress monitoring, yet current models often lack mechanisms for

incremental adaptation and long-term personalization.

A central challenge in this context is the heterogeneity of behavioral and physiological

signals across users, which has led to increasing interest in personalized or user-aware models.

Shaw et al. [236] and Luo et al. [237] introduced deep multitask architectures with shared and

user-specific components, allowing better adaptation to individual variability. In particular,
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Figure 8.1: Overview of the proposed method. On the left, the input sequence xj,
collected over the K days preceding a given stress report yi, consists of behavioral and
contextual features such as app usage, phone call duration, physical activity, conversation,
and academic deadlines. In the middle, the replay-based approach combines a sequence
model, such as an RNN, with a memory buffer of past task examples. On the right, the
prompt-based method leverages a transformer encoder and a memory buffer, using learnable
task-specific prompts Pi prepended to the input sequence to enable task adaptation.

their designs enable dynamic grouping of users based on latent similarity, which facilitates

parameter sharing and mitigates the cold-start problem. Although not explicitly framed as

continual learning, these approaches align with task-based continual learning paradigms, in

which each user or user cluster can be considered a distinct task introduced sequentially.

This perspective resonates with the principles of personalized continual learning, in which

models are updated incrementally as data from new users becomes available, without retrain-

ing from scratch.

Continual learning in health and affective computing. Acquire new information

over time while retaining previously learned knowledge is especially critical in health-related

and affective computing domains characterized by longitudinal data, inter-subject variability,

and the need for sustained personalization [238].

In the medical domain, continual learning has been applied to diagnostic prediction, phys-

iological signal interpretation, and medical image segmentation. Gonzalez et al. [239] pro-

posed Lifelong nnU-Net, a continual learning variant of the widely-used nnU-Net, enabling

models to adapt to novel anatomical structures and imaging protocols without catastrophic

forgetting. Kiyasseh et al. [240] introduced CLOPS, a framework for biosignal analysis that
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leverages experience replay and task-specific memory buffers to retain key temporal patterns

from streaming physiological data such as ECG and PPG. These methods often integrate

regularization strategies (e.g., EWC [72], LwF [70]) or modular architectures to support

scalable and stable learning over time [215].

In affective computing, the need for personalization is especially acute due to high inter-

subject variability and the dynamic nature of emotional states. Ahmad et al. [241] recently

introduced SSOCL, a bi-level self-supervised framework for EEG-based emotion recogni-

tion that uses a dynamic buffer and pseudo-labeling to handle continuously streaming and

unlabeled physiological data. In parallel, few-shot learning techniques have been effectively

employed to address cross-subject variability in EEG emotion recognition, where models pre-

trained offline can be rapidly fine-tuned to new users with minimal data, as demonstrated

in several studies of prototype or metric-learning architectures [242].

Stress prediction is herein framed as a continual learning problem, where each user is

treated as an independent task, introducing temporal continuity and lifelong adaptation and

aligning more closely with the dynamic, evolving nature of real-world deployment scenarios.

8.2 Method

We pose our investigation as a continual learning regression problem. Given a sequence of

T distinct tasks, T = {τ1, . . . , τT}, each task τi is associated with a dataset Di = {(xj, yj)},
where xj is an input sample and yj is its corresponding target value. Each label yj represents

the stress level self-reported by the student on a given day, and the input sample xj is the

sequence of sensing data {xj,1,xj,2, . . . ,xj,K} collected over the K days preceding that report.

We operate in both a domain-incremental learning setting, where each task τi corresponds to

a specific subset of students. While the input distribution changes across tasks, the output

space remains fixed, with stress levels ranging in a shared label space Y = {1, 2, 3, 4, 5},
where higher values indicate higher perceived stress.

The objective is to learn a function F : X → Y , parameterized by θ, that generalizes

across tasks, while at each task τi the model is exposed only to data from the corresponding

distribution Di, i.e., (x, y) ∼ Di.

Our methodology draws inspiration from two main paradigms in continual learning: mem-

ory replay (rehearsal) with task-agnostic models [103, 131, 148], and recent developments in

prompt-based adaptation for transformers [104, 105]. An overview of the proposed method

is presented in Fig. 8.1.
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8.2.1 Buffer-based approach

To reduce forgetting from previous tasks, buffer-based methods store a limited number of

samples from previous tasks in a memory buffer M. The model update can be summarized

as:

⟨F,θi−1,Mi−1⟩
Di−→ ⟨F,θi,Mi⟩, (8.1)

where θi andMi denote the model parameters and the memory buffer at the end of task τi,

respectively.

The training objective is to minimize a regression loss over the sequence of tasks, aiming

to preserve performance on both current and previous tasks:

arg min
θT

α

T∑
i=1

E(x,y)∼Di

[
L
(
F (x;θT ) , y

)]
+β

T∑
i=1

E(x,y)∼Mi

[
L
(
F (x;θT ) , y

)] (8.2)

where L is a regression loss function (e.g., Mean Squared Error), and α and β are weighting

coefficients that balance the contributions of the two loss components.

8.2.2 Prompt-based approach

As introduced in Sec. 2.5.4, transformers have recently been increasingly adopted in contin-

ual learning research, thanks to the capability to condition their behavior through learnable

prompt tuning: in this setting, task adaptation is achieved by tuning small task-specific

prompt vectors while keeping a pre-trained backbone frozen. Since pre-training is not appli-

cable in our setting due to the nature of the data, we instead jointly train the backbone and

the prompts across tasks, with a supporting memory buffer to ensure alignment between

prompts learned in older tasks and the continually-updated backbone. In this way, we are

able to extend the replay-based approach defined in the previous section with a strong and

standardized conditioning mechanism.

In this formulation, a transformer T is employed as the backbone encoder, projecting

the sequence of sensing features into a d-dimensional representation. For each task τi, the

input sequence xj is augmented by prepending a set of N learnable task-specific prompts,

Pi = {pi
1, . . . ,p

i
N}. The resulting input to the transformer is defined as:

T (Pi ∥xj), (8.3)
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where ∥ denotes concatenation along the temporal axis.

During training, both the backbone transformer T and the parameters of each prompt

Pi are updated. As mentioned above, to ensure that the prompts {P1, . . . , Pi−1} associated

with previous tasks {τ1, . . . , τi−1} remain well-adapted, a memory buffer Mi is employed to

store samples from past tasks, which are replayed during training on task τi to refine the

corresponding prompts. At inference time, the task identity is assumed to be known a priori,

allowing the model to use the corresponding learned prompt set.

The learning objective remains the same as in Equation 8.2, with the optimization ex-

tended to include the prompt parameters.

8.3 Experimental results

8.3.1 Datasets and metrics

We used the StudentLife dataset [223], which includes multimodal data from 48 undergrad-

uate and graduate students at Dartmouth College over a 10-week spring term. The dataset

contains over 53 GB of continuous sensor data, 32,000 self-reports, and several pre/post-

study surveys covering mental health, lifestyle factors, and academic-related attitudes.

Given that self-reported stress is the target variable in our study, we focused on the cor-

responding questionnaire data provided by each participant. However, as not all participants

contributed responses evenly across the 10-week period, we applied a filtering step to ensure

both temporal consistency and sufficient response density. We retained only those who com-

pleted at least 30 stress questionnaires within a time window of 60 to 75 days, resulting in

a final subset of 16 students. Additionally, we excluded one outlier who submitted an high

number of responses, many of which extended beyond the expected 10-week timeframe. Fig-

ure 8.2 reports the number of days with available stress self-report data for each participant,

while Fig. 8.3 reports the number of stress responses for the selected subset.

Data processing. Among the various data types available in the StudentLife dataset, we

selected a limited subset of features consisting of phone call duration, conversation, physical

activity, app usage and academic deadlines.

To streamline the analysis and mitigate the risk of bias or information leakage, we ex-

cluded features deemed redundant or less informative (e.g., additional phone data, location

information, and seating logs). Instead, we focused on behavioral and contextual signals

while avoiding variables that may directly reveal or strongly correlate with the target out-

come.
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Figure 8.2: Length of the stress self-reporting period across students. Students to
the right of the red dashed line are retained in the final subset of 16 students, while those
to the left are excluded.

The selected features were extracted and aggregated per day, as described below:

• Phone call duration includes both the total time spent on completed incoming and

outgoing calls, expressed in minutes, and the number of such interactions. Missed or

rejected calls are excluded, as they do not reflect active engagement.

• Conversation consists of time periods inferred from microphone data via acoustic

analysis as indicative of nearby spoken interactions. Both the number of detected

periods and their total duration in minutes were extracted.

• Physical activity is derived from smartphone sensor data using a classifier that op-

erates continuously with duty cycling to optimize energy consumption. The resulting

activity is classified into three categories: stationary, walking, and running. The total

daily duration in minutes was computed for each activity state.

• App usage captures the set of mobile applications accessed by the participant. To

organize this data meaningfully, a clustering approach was applied using BART [243], a

transformer-based model capable of generating semantically rich representations. Each

app was assigned to one of ten predefined semantic categories: “social media and com-

munication”, “productivity and business”, “entertainment and media”, “health and

fitness”, “finance and shopping”, “utilities and tools”, “games”, “education”, “travel

and navigation”, and “photography”. Based on this categorization, two features were

computed for each day: the overall time spent using the phone, and the usage time in

minutes for each category.
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Figure 8.3: Number of stress self-report submissions in the filtered subset. For each
of the 16 selected students, at least 30 submissions are available over the 10-week period.
Values above the bars indicate exact counts.

• Academic deadlines represent the daily number of academic events scheduled for

each participant, including assignments, quizzes, projects, and exams. These data

were obtained from a structured log of time-stamped academic events.

Sensor-based features, such as conversation, may suffer from occasional missing data due

to sensor unavailability, battery optimization mechanisms, or interruptions in background

processes. To ensure a consistent temporal resolution, we applied linear interpolation to

estimate missing values on a per-day basis.

Stress levels, ranging from 1 to 5, were obtained from participants’ self-reports, with

higher values indicating greater perceived stress. To predict the stress level on a given day,

the input consists of a sequence of K feature vectors, each representing the full set of the

aforementioned daily variables over the K preceding days.

Metrics. To evaluate performance, we use two standard regression metrics: Mean Squared

Error (MSE) and Mean Absolute Error (MAE). For each metric, we provide the mean and

standard deviation on the test split defined by the employed datasets, over three runs for all

experiments.

8.3.2 Architectures

To investigate the effectiveness of the proposed approaches, we employed the following se-

quence modeling architectures:
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• Recurrent Neural Network (RNN) [227]: a two-layer unidirectional vanilla RNN

with a hidden size of 64 and a dropout rate of 0.3. The model processes input sequences

one timestep at a time, maintaining a hidden state to capture temporal dependencies.

Due to its simple recurrent structure, it is susceptible to vanishing gradients when

modeling long-range dependencies. We train this model following the buffer-based

approach described in Sect. 8.2.1.

• Bidirectional Long Short-Term Memory (BiLSTM) [228]: a two-layer bidirec-

tional LSTM with a hidden size of 96 per direction and a dropout rate of 0.3. Unlike

the vanilla RNN, the LSTM incorporates gating mechanisms and a dedicated cell state

to preserve information over longer temporal windows. The bidirectional configuration

enables the model to leverage both past and future context at each timestep, enhanc-

ing its ability to encode structured sequential data. We train this model following the

buffer-based approach described in Sect. 8.2.1.

• Transformer encoder [229]: a two-layer transformer encoder, with each layer com-

prising four attention heads and an embedding dimension of 256. A final linear layer

follows the encoder, projecting the internal representations into a single output dimen-

sion. To preserve the temporal structure of the input, positional encodings are added

to the input embeddings. We train this model following the prompt-based approach

described in Sect. 8.2.2.

Note that, while for the recurrent architectures this evaluation setting is consistent with

a pure domain-incremental scenario, the transformer encoder operates in a joint domain-

and task-incremental setting, as prompt selection at inference time depends on task identity.

8.3.3 Training procedure

We split the available data into training, validation, and test sets using a 70%-10%-20%

ratio, ensuring that each student’s data is evenly distributed across the splits.

Training is carried out for 50 epochs per task using the Adam optimizer [132], with a

learning rate of 0.001 and a batch size of 32, setting α = 1 and β = 0.5 for the training

objective defined in Eq. 8.2. All hyperparameters were selected based on performance on

the validation set.

Given the limited number of samples per task, we employ relatively small buffer sizes

|M|, experimenting with buffers of 20, 50, and 100 samples.
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Joint training

MSE MAE

RNN [227] 1.905±0.081 1.131±0.040

BiLSTM [228] 1.834±0.055 1.097±0.021

Transformer w/ |P |= 4 1.866±0.030 1.021±0.007

Transformer w/ |P |= 8 1.077±0.032 0.844±0.012

Transformer w/ |P |= 16 1.161±0.035 0.778±0.014

Transformer w/ |P |= 32 1.159±0.017 0.827±0.013

Transformer w/ |P |= 64 1.235±0.085 0.919±0.040

Table 8.1: Performance of joint training across different model architectures. Com-
parison of RNN, BiLSTM, and transformer with varying prompt set size |P |. Performance
is reported in terms of MSE (↓) and MAE (↓), including standard deviations.

8.3.4 Results

In this section, we present the results of our stress prediction experiments, comparing buffer-

based methods with a prompt-augmented variant. All models are evaluated using the per-

formance metrics defined in Sec. 2.4.

To establish meaningful baselines for our continual learning methods, Tab. 8.1 reports

results obtained by training each model on the full dataset, using the architectures described

in Sec. 8.3.2. As a lower bound, Tab. 8.2 shows results from continual learning experiments

without any replay buffer. The baseline results indicate that recurrent architectures yield

the highest prediction errors, reflecting their limited ability to model long-range task depen-

dencies. Transformer-based encoders consistently outperform recurrent models, achieving

lower error rates in both joint and continual settings. In the joint training setup, the best

performance is achieved with a prompt set size of |P |= 8, while larger sizes provide no further

benefit and may even degrade performance, suggesting over-parameterization.

We evaluated our approaches in a continual learning setting by splitting the 16 students

into different numbers of tasks. The results for the 16-task, 8-task, and 4-task configurations

are presented in Tab. 8.3, Tab. 8.4, and Tab. 8.5, respectively.

Across all tested configurations, transformer-based architectures consistently outperform

recurrent models, achieving significantly lower error metrics. Minimal prompt configurations

(|Pi|= 1 or |Pi|= 2) yield the best results, whereas larger prompt sets often degrade perfor-

mance, indicating potential overfitting or over-parameterization. Introducing even a single

prompt per task improves transformer performance across all scenarios compared to their

non-prompted counterparts, although this comes at the cost of requiring the task identifier
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No rehearsal training

16 tasks: one student per task

MSE MAE

RNN [227] 3.335±0.118 1.251±0.038

BiLSTM [228] 3.045±0.098 1.181±0.013

Transformer w/o prompts 2.185±0.009 1.102±0.004

8 tasks: two students per task

MSE MAE

RNN [227] 2.941±0.100 1.108±0.036

BiLSTM [228] 2.684±0.071 1.086±0.023

Transformer w/o prompts 1.832±0.008 1.021±0.004

4 tasks: four students per task

MSE MAE

RNN [227] 2.639±0.081 1.184±0.026

BiLSTM [228] 2.415±0.074 1.105±0.017

Transformer w/o prompts 1.704±0.010 0.985±0.006

Table 8.2: Performance of continual training without rehearsal: a comparison of
RNN, BiLSTM, and transformer architectures. Performance is reported in terms of MSE
(↓) and MAE (↓), including standard deviations.

16 tasks: one student per task

|M|= 20 |M|= 50 |M|= 100

MSE MAE MSE MAE MSE MAE

RNN [227] 2.644±0.310 1.109±0.015 2.543±0.383 1.096±0.016 2.703±0.169 1.107±0.008

BiLSTM [228] 2.657±0.103 1.116±0.007 2.705±0.012 1.109±0.005 2.696±0.038 1.110±0.005

Tx w/ |Pi|= 1 2.054±0.003 1.083±0.001 2.046±0.006 1.051±0.006 2.045±0.003 1.014±0.001

Tx w/ |Pi|= 2 2.157±0.171 1.086±0.001 2.052±0.010 1.084±0.001 2.029±0.011 1.069±0.012

Tx w/ |Pi|= 4 2.938±0.051 1.269±0.031 2.596±0.461 1.158±0.001 2.318±0.084 1.103±0.022

Table 8.3: Comparison of buffer-only and prompt-augmented approaches for stress
prediction across 16 tasks, with one student per task. Results are reported by varying
the memory buffer size (|M|). In the prompt-based setting, “Tx” denotes the transformer
encoder and |Pi| the number of learned prompts per task. Performance is reported in terms
of MSE (↓) and MAE (↓), with standard deviation.
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8 tasks: two students per task

|M|= 20 |M|= 50 |M|= 100

MSE MAE MSE MAE MSE MAE

RNN [227] 2.202±0.244 0.963±0.026 2.093±0.209 0.987±0.045 2.381±0.054 0.976±0.018

BiLSTM [228] 2.298±0.078 1.004±0.029 2.289±0.022 0.985±0.004 2.245±0.017 0.978±0.003

Tx w/ |Pi|= 1 1.707±0.018 0.980±0.001 1.762±0.106 0.976±0.008 1.688±0.021 0.934±0.032

Tx w/ |Pi|= 2 1.730±0.050 0.976±0.009 1.719±0.039 0.952±0.039 1.700±0.004 0.932±0.013

Tx w/ |Pi|= 4 1.948±0.050 0.964±0.010 1.929±0.120 0.963±0.006 1.915±0.032 0.948±0.016

Table 8.4: Comparison of buffer-only and prompt-augmented approaches for stress
prediction across 8 tasks, with two students per task. Results are reported by varying
the memory buffer size (|M|). In the prompt-based setting, “Tx” denotes the transformer
encoder and |Pi| the number of learned prompts per task. Performance is reported in terms
of MSE (↓) and MAE (↓), with standard deviation.

4 tasks: four students per task

|M|= 20 |M|= 50 |M|= 100

MSE MAE MSE MAE MSE MAE

RNN [227] 1.462±0.196 0.968±0.039 2.236±0.269 1.097±0.061 2.431±0.095 1.091±0.038

BiLSTM [228] 2.048±0.031 1.040±0.005 2.042±0.058 1.042±0.017 2.047±0.045 1.044±0.014

Tx w/ |Pi|= 1 1.565±0.069 0.948±0.001 1.529±0.015 0.945±0.004 1.354±0.052 0.930±0.015

Tx w/ |Pi|= 2 1.540±0.023 0.943±0.004 1.512±0.001 0.933±0.006 1.499±0.055 0.927±0.019

Tx w/ |Pi|= 4 1.634±0.103 0.941±0.003 1.581±0.025 0.920±0.007 1.513±0.031 0.900±0.017

Table 8.5: Comparison of buffer-only and prompt-augmented approaches for stress
prediction across 4 tasks, with four students per task. Results are reported by varying
the memory buffer size (|M|). In the prompt-based setting, “Tx” denotes the transformer
encoder and |Pi| the number of learned prompts per task. Performance is reported in terms
of MSE (↓) and MAE (↓), with standard deviation.

at inference time.

Performance generally benefits from increasing the memory buffer size |M|, yet the im-

provement becomes marginal for very large buffers (|M|= 100), suggesting that the proposed

methods can achieve competitive results even with reduced memory capacity. This advantage

is particularly relevant in real-world stress monitoring applications where storage resources

are limited.

Overall, these findings highlight the benefits of combining transformer architectures with
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prompt-based replay and underscore the importance of carefully tuning the number of learned

prompts per task to avoid performance degradation.

8.4 Discussion

In this chapter, we addressed the challenge of stress prediction in real-world scenarios, aiming

to overcome the limitations of static and traditional machine learning models. To mimic

realistic distribution shifts, we organized the data into tasks comprising one, two, or four

students each. Within this framework, we investigated two adaptation strategies: a memory-

based replay method employing recurrent neural networks, and a prompt-based approach

leveraging a transformer backbone with task-specific tunable prompts.

Experiments on a subset of the StudentLife dataset demonstrate that, despite the need to

store and retrieve task-specific prompts at inference time, prompt-based adaptation achieves

lower prediction error than buffer-only replay methods. Optimal performance is obtained

with minimal prompt sets, whereas larger configurations may introduce unnecessary com-

plexity. Moreover, performance remains competitive even with reduced memory, underscor-

ing the practicality of the approach for resource-constrained stress monitoring scenarios.

A key limitation identified in our analysis is the tendency of the model to underfit in

certain tasks. This limitation primarily arises from the low reliability of the multimodal

data collected via smartphones. The stress target exhibits high short-term variability, which

constrains the model’s ability to learn stable and meaningful patterns. Data quality is fur-

ther compromised by artifacts such as environmental noise, intermittent signal loss, and

inconsistent device usage by participants. As a result, the model struggles to learn robust

representations and to generalize beyond the training data. To address these limitations,

possible key research directions include designing more resilient multimodal fusion architec-

tures and collecting higher-quality datasets.

Moreover, future work may explore more advanced prompting strategies, methods for

reducing or removing the need for explicit task identifiers, and broader applications of the

proposed framework across different domains of mental health and human behavior modeling.

8.5 Publications

Patanè, G., Sorrenti, A., Bellitto, G., & Palazzo, S. (2025, October). “Continual Learning

Strategies for Personalized Mental Well-being Monitoring from Mobile Sensing Data”. In

Proceedings of the International Workshop on Personalized Incremental Learning in Medicine

(pp. 9-17).
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This thesis addressed continual learning from a different perspective, investigating how brain-

inspired principles could be translated into practical mechanisms to mitigate catastrophic

forgetting. In spite of a wide range of existing methods, a marked gap persists between

artificial neural networks and the human ability to acquire, consolidate, and reuse knowledge

over time. Motivated by this gap, this dissertation drew inspiration from brain mechanisms

that reduce representational interference and support memory consolidation.

Consistent with selective neural coding and pattern separation, Chapter 3 demonstrated

that shaping the geometry of learned representations via an architectural inductive bias can

foster feature selectivity. Moreover, the study of model-inherent explanations revealed a

systematic trade-off between predictive performance and the stability of explanation maps,

and suggested that interpretability can serve as a complementary tool to study when and

where forgetting emerges.

Inspired by multi-timescale synaptic consolidation, Chapter 4 related efficiency to the

duration and location of plasticity within the network, showing that many learned represen-

tations remain reusable over time. To this end, it proposed a selective freezing strategy that

adaptively stabilizes subsets of the backbone while retaining sufficient flexibility to learn new

tasks. Chapter 5 extended this strategy by introducing memory consolidation mechanisms

based on the Complementary Learning Systems theory and the role of the wake-sleep cycle.

By emulating these processes, the proposed framework showed that offline consolidation can

effectively prepare the system to learn subsequent tasks by leveraging previously acquired

knowledge, as reflected by positive forward transfer. To overcome the reliance on external

data sources to simulate “dream-like” experiences, Chapter 6 introduced a structured gener-

ative dreaming mechanism that synthesizes training signals from the network’s own internal

knowledge and latent structure. The obtained results suggested that mechanisms often ne-

glected in standard continual learning pipelines, such as offline consolidation, can be effective

not only in biological systems but also in artificial neural networks when incorporated into

a bio-inspired formulation.

The last part of the thesis examined continual learning in two applied scenarios. Chap-
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ter 7 investigated incremental object 6D pose estimation for robotic grasping, while Chapter 8

studied personalized mental well-being monitoring based on mobile sensing data. Across both

applications, the results demonstrated that methods originally developed for image classifica-

tion could be transferred to regression case studies via lightweight adaptations, highlighting

their versatility in real-world scenarios.

The limitations discussed throughout the thesis point to several directions for future re-

search. A deeper understanding of the relationship between angular selectivity and feature

sparsity could support a more principled design of architectural inductive biases for continual

learning, while also guiding the choice of the hyperparameter B. Despite its current effective-

ness and efficiency, selective freezing could be improved by introducing finer-grained freezing

strategies at the parameter or sub-module level, and by assessing its generality across a wider

range of architectures and datasets. As for CLS-inspired approaches, although WSCL and

Dream2Learn brought offline consolidation into continual learning, they still rely on simpli-

fied computational abstractions of biological processes. In WSCL, memory modeling could

move beyond conventional rehearsal mechanisms toward formulations that better capture

memory dynamics, while in Dream2Learn the generative process could be further refined to

make dream generation more efficient and to mitigate the risk of future-class leakage through

the pretrained generator. Future work on real-world applications should extend the present

findings by tackling domain-specific challenges that remain open, including symmetry-aware

and uncertainty-aware modeling for robotic perception and manipulation, as well as more

robust multimodal fusion and higher-quality longitudinal datasets for personalized health

monitoring.

This dissertation provided evidence that the brain is not only a source of metaphorical

inspiration for continual learning, but also a guide for designing mechanisms that shape

representations, regulate plasticity, and leverage offline consolidation to support retention

and future learning. By combining architectural inductive bias, efficient plasticity control,

and structured generative dreaming, this work established a solid foundation for future brain-

inspired continual learning, encouraging the development of methods that increasingly build

on mechanisms underlying human learning.
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and Natalia Dı́az-Rodŕıguez. Continual learning for robotics: Definition, framework,

learning strategies, opportunities and challenges. Information Fusion, 58:52–68, 2020.

[200] Maciej Wo lczyk, Micha l Zajac, Razvan Pascanu,  Lukasz Kuciński, and Piotr Mi loś.
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