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Streszczenie

Uczenie ciagle w kontekscie uczenia maszynowego to umiejetnoé¢ nabywania
nowych zadan w czasie bez utraty wczesniej zdobytych umiejetnosci. Gtéwng
trudnoscia jest katastrofalne zapominanie, w ktérym nowe dane treningowe
nadpisuja wczeéniejszg uzyskang wiedze. Niniejsza rozprawa bada w jaki sposéb
metody oparte na odtwarzaniu (replay) konstruuja, wykorzystuja i oceniaja
pamied.

Po pierwsze, badam konstruowanie pamieci. Wprowadzam Deep
Features Buffer, ktéry poprawia réznorodnos¢ przechowywanych przyktadéw,
poréwnujac reprezentacje cech zamiast polegaé nalosowym lub rezerwuarowym
probkowaniu. Proponuje takze hebbowskie ciggle uczenie reprezentacji, w
ktérym aktualizacje wag synaptycznych dzialaja jako bufor posredni, pozwalajac
modelom zachowa¢ reprezentacje bez jawnego magazynowania. Dodatkowo
wnosze wktad w Continual Visual Mapping, ktére zastepuje dynamiczny bufor
pamieci wstepnie wytrenowanym, zamrozonym duzym modelem jezykowym,
dostarczajgcym osadzenia jezykowe jako stabilne zakotwiczenia dla kazdej
nowej klasy. Te podejscia ilustrujg komplementarne rozwigzania problemu
budowy pamieci.

Po drugie, analizuje wykorzystanie odtwarzania. Pokazuje, ze protokét ak-
tualizacji — czy odtwarzane dane sg faczone z nowymi danymi, czy od nich
oddzielane — zasadniczo zmienia dynamike optymalizacji i moze nawet odwro-
ci¢ skutecznos$¢ poszczegodlnych heurystyk selekcji. Aby rozwiazaé ograniczenia
istniejagcych metod, opracowuje nowa rodzine strategii prébkowania na poziomie
partii danych (ang. batch), ktére oceniajg partie odtwarzania przy uzyciu Batch
Cosine Distance, zapewniajac ich zbiorowa informacyjnos¢ i brak redundancji.

Po trzecie, ponownie rozwazam ewaluacje. Standardowe benchmarki czesto
opieraja sie na dokladnosci, co utrudnia odpowiedZ czy modele rzeczywiscie
zachowujg wiedze, czy tez jedynie ponownie si€ jej uczg z przechowywanych
danych. Proponuje metryke Knowledge Retention, ktéra kwantyfikuje, ile
wewnetrznej reprezentacji jest zachowywane w kolejnych zadaniach, oferujac
wyrazniejszg miare dtugoterminowego uczenia.

Zaprezentowane metody i algorytmy traktujg odtwarzanie doswiadczen (ang.
replay experience) jako kontinuum — od ukrytego przechowywania w parame-
trach po jawny projekt bufora, protokoly odtwarzania i strategie na poziomie
partii, koficzac na narzedziach do bardziej rzetelnej ewaluacji. Opisane rozwigza-
nia wzmacniajg powtarzalnos¢ i interpretowalnos$¢ odtwarzania doswiadczen w
badaniach nad uczeniem cigglym.



Abstract

Continual learning addresses the challenge of enabling machine learning mod-
els to acquire new tasks over time without losing performance on previously
learned ones. The central difficulty is catastrophic forgetting, where new training
overwrites earlier knowledge. This dissertation advances continual learning by
investigating how replay-based methods construct, use, and evaluate memory.

First, I study memory construction. I introduce the Deep Features Buffer,
which improves the diversity of stored examples by comparing feature represen-
tations rather than relying on random or reservoir sampling. I also propose Heb-
bian continual representation learning, where synaptic weight updates form an
implicit buffer that preserves representations without explicit storage. I further
contributed to Continual Visual Mapping, which replaces a dynamic memory
buffer with a pre-trained, frozen large language model that produces language
embeddings as stable anchors for each new class. These approaches provide
complementary solutions for building memory.

Second, I analyze how replay is used. I show that the update protocol,
whether replayed data is merged with or kept separate from new data, signifi-
cantly changes optimization dynamics and can reverse the effectiveness ranking
of selection heuristics. To address limitations of existing methods, I develop a new
family of batch-level sampling strategies that evaluate replay batches using Batch
Cosine Distance, ensuring they are collectively informative and non-redundant.

Third, I examine evaluation. Standard benchmarks often rely on accuracy,
which can obscure whether models truly retain knowledge or merely relearn it
from stored data. I propose the Knowledge Retention metric, which quantifies
how much internal representation is preserved across tasks, providing a clearer
measure of long-term learning.

Together, these contributions present experience replay as a sequence of de-
sign choices, from implicit parameter storage to explicit buffer design, replay
protocols, and batch-level strategies, while providing tools for more reliable
evaluation. The dissertation delivers both algorithmic advances and methodolog-
ical guidance that improve the reproducibility and interpretability of experience
replay in continual learning research.



Chapter 1

Introduction

1.1 Motivation

1.1.1 The Need for Continual Learning

LASSICAL machine learning assumes that training and testing data are
j drawn independently from the same stationary distribution. A model is
= £ trained once on a large dataset and then expected to generalize to unseen
examples from that distribution. This assumption underlies the remarkable
success of deep learning in computer vision, natural language processing, and
related fields.

In many real-world applications, however, data is not stationary. New classes
appear over time, the statistics of the environment evolve, and previously col-
lected data may no longer be accessible due to privacy or storage constraints.
Retraining a model from scratch whenever new data arrives is often infeasible
in terms of both computation and data availability. What is required instead
are systems that can integrate new information as it becomes available, while
continuing to perform well on previously encountered tasks. This capability,
known as continual learning, is crucial for domains such as robotics, autonomous
driving, and personalized recommendation, where models must operate reliably
in dynamic and unpredictable conditions.

1.1.2 Catastrophic Forgetting

Standard neural networks, despite their success in static settings, are not
equipped for continual learning. When trained sequentially on multiple tasks,
they suffer from catastrophic forgetting—a rapid loss of performance on earlier
tasks once new ones are introduced [61, 25]. This phenomenon is rooted in the
mechanics of gradient descent: parameters are updated to minimize the current
loss, regardless of their relevance to past knowledge, and as a result, features
essential for earlier tasks are overwritten. Even simple benchmarks such as
classical MNIST [50] dataset exposed to the model class by class, demonstrate
the severity of this effect, with models collapsing from near-perfect accuracy on
an initial class to near-random performance after exposure to subsequent classes.



Catastrophic forgetting is therefore a fundamental limitation that prevents neural
networks from functioning in non-stationary environments.

1.1.3 Replay as a Dominant Paradigm

A variety of strategies have been proposed to mitigate forgetting. Regularization-
based methods constrain parameter updates to preserve prior knowledge [36, 96].
Parameter isolation methods allocate separate subsets of the network to different
tasks [78, 59]. Replay-based methods store a small set of past examples and
interleave them with new data during training [75, 15].

Among these families, replay has emerged as the most widely adopted ap-
proach. It combines conceptual simplicity with empirical effectiveness and con-
sistently establishes strong baselines across benchmarks. A compact replay buffer
stabilizes training by reinforcing previously acquired representations while al-
lowing adaptation to new tasks. This mechanism has proven robust across a wide
range of continual learning scenarios. As a result, replay-based methods not only
dominate empirical comparisons but also provide the foundation for many of the
most competitive algorithms in the field.

1.2 Research Objectives

The overarching goal of this dissertation is to advance the understanding and
effectiveness of replay-based approaches for continual learning in the super-
vised online class-incremental setting. While replay has become the dominant
paradigm due to its empirical success and conceptual simplicity, many aspects
of how memory should be constructed, maintained, and used remain under-
explored. Furthermore, the evaluation of continual learning methods is still
hindered by protocol inconsistencies and sometimes misleading metrics. This
work addresses these gaps through three research objectives.

1.2.1 Memory Construction

The first objective is to investigate strategies for populating the replay buffer.
Conventional reservoir sampling [90] provides a uniform but often redundant
coverage of past data. This dissertation examines explicit memory construction,
through sample selection strategies that promote diversity, implicit construction,
through feature-level representations learned during training, and memory al-
ternatives, which replaces the dynamic buffer with a fixed, pretrained language
model that provides stable embeddings as anchors for each new class. The central
challenge of explicit memory is to determine which samples from the incoming
data are most valuable for preserving information about the current distribution.
In the online setting, this task is particularly demanding, since only the current
minibatch is available and decisions must be made without access to the full
dataset.
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1.2.2 Memory Usage and Protocols

The second objective is to analyze how replayed samples are best integrated with
current data during training. Existing studies differ in whether replay samples
are merged with the current minibatch or processed in a separate update step,
and this seemingly minor implementation choice has been shown to significantly
affect performance. Beyond such protocol differences, this work also investigates
how replay batches should be formed and consumed. In particular, it explores
batch-level replay strategies, which treat the minibatch as a collective unit rather
than a collection of independent samples. This perspective allows for balancing
informativeness, diversity, and representativeness at the batch level, and provides
a path toward more effective utilization of limited memory.

1.2.3 Evaluation Metrics

Finally, the dissertation addresses the problem of evaluating continual learning
systems. Standard metrics such as average accuracy and forgetting quantify
overall performance but fail to distinguish true knowledge retention from mere
relearning of stored data. To address this limitation, the dissertation introduces
a novel Knowledge Retention metric that measures how well a model preserves
useful internal representations during sequential learning. This contribution
aims to make the evaluation of replay-based methods more reliable, interpretable,
and comparable across studies.

Together, these objectives provide theoretical insights and practical methods
to improve the reliability and interpretability of replay-based continual learning.
The following section outlines the scope and limitations of this investigation,
clarifying the boundaries within which the contributions are developed.

1.3 Scope and Limitations

The scope of this dissertation is restricted to supervised online class-incremental
continual learning, with a few exceptions where additional experiments were
performed. In this setting, data arrive as a sequence of tasks composed of disjoint
sets of classes. During training, each sample is observed only once, except for
those explicitly stored in a bounded replay buffer. The classifier is required to
predict over all classes encountered so far, without access to task identifiers at
inference time. This scenario is both practically relevant and methodologically
challenging, as it combines the difficulty of incremental class expansion with the
constraints of an online data stream.

Several important areas of continual learning fall outside the scope of this
work. First, generative replay methods, which rely on synthetic data produced by
generative models, are not considered here. While promising, such approaches
introduce confounding factors related to the quality, cost, and stability of gen-
erative modeling. Second, methods based on parameter isolation or dynamic
architecture expansion are used only as a baselines, as they pursue a different
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line of inquiry that focuses on model capacity rather than memory efficiency.
Third, large-scale unsupervised or self-supervised continual learning is beyond
the intended scope. The focus is instead on supervised benchmarks, which
provide a controlled environment for developing and evaluating memory-based
methods.

By delineating these boundaries, the dissertation narrows attention to a
well-defined problem: how to construct, use, and evaluate replay memory in
supervised online class-incremental learning. This focus enables systematic
analysis while leaving broader questions for future work.

1.4 Contributions

This dissertation makes four main contributions to the study of replay-based con-
tinual learning, organized across theoretical, algorithmic, methodological, and
evaluation dimensions. Figure 1.1 illustrates where each proposed contribution
fits within the replay pipeline.

1.4.1 Theoretical Contribution

A conceptual link is established between explicit replay strategies, which select
and store individual samples, and implicit replay, which leverages feature-level
representations to shape the memory buffer. By analyzing replay from the per-
spective of representation learning, the dissertation provides a unifying view that
clarifies how different forms of memory construction affect stability—plasticity
trade-offs in continual learning.

1.4.2 Algorithmic Contributions

Building on this theoretical foundation, several novel algorithms are introduced:

* Deep Features Buffer (DFB): a memory construction strategy that increases
within-class diversity by storing samples based on their feature representa-
tions.

* HebbCL: a biologically inspired replay algorithm that integrates Hebbian
principles with continual learning.

¢ Continual Visual Mapping (CVM): a memory buffer-free continual learner
that replaces the classifier with fixed anchor vectors from a frozen language
model, training a visual network to map images into this semantic space.
This reduces forgetting and enables zero-shot transfer.

¢ Batch Cosine Distance (BCD): a batch-level selection criterion that identi-
fies replay minibatches based on collective representational change, provid-
ing a criterion for replay sample prioritization.

12
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Figure 1.1: The figure maps where each contribution acts in the replay pipeline:
memory construction (Deep Features Buffer, HebbCL, CVM anchors as class
labels) and replay usage (protocol analysis, Batch Cosine Distance for batch
sampling). Evaluation is covered by the Knowledge Retention metric.

* Random Batch Sampling (RBS): a proof-of-concept batch-level strategy
that leverages the BCD criterion to form replay batches with greater diver-
sity and representational coverage.

These algorithms were evaluated against state-of-the-art baselines and were
shown to improve performance in the supervised online class-incremental set-
ting.

1.4.3 Methodological Contribution

A systematic analysis of replay protocols focuses on whether replay samples
are merged with or separated from current data during training. The study
demonstrates that this implementation choice can significantly alter experimen-
tal outcomes and, if unreported, introduces a confounding factor in empirical
comparisons. By highlighting this issue and providing controlled benchmarks,
the dissertation contributes to more transparent and reproducible practices in
continual learning.

1.4.4 Evaluation Contribution

Finally, a novel metric, Knowledge Retention, is proposed to assess whether a
model genuinely preserves internal representations over time, rather than simply
relearning from stored data. This metric complements existing measures such as
average accuracy and forgetting, offering a clearer view on the stability—plasticity
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trade-off and the effectiveness of memory utilization. It provides a more reliable
foundation for assessing replay-based continual learning methods.

1.5 Structure of the Dissertation

The remainder of this dissertation is organized into six chapters.

Chapter 2 provides the background and conceptual foundations of continual
learning. It formalizes the problem setting, introduces notation and constraints,
and surveys the continual learning scenarios. The chapter then reviews the prin-
cipal continual learning method families—regularization, optimization-based,
representation-based, parameter-isolation, and replay—with particular empha-
sis on replay-based approaches. Finally, it discusses connections to biological
learning through Hebbian principles and the usage of multimodal representa-
tional space in continual learning.

Chapter 3 introduces the experimental framework. It reviews standard evalu-
ation metrics, describes the benchmarks, datasets, and model architectures used
throughout the dissertation, together with the protocols and implementation
details that ensure reproducibility and fair comparison.

Chapter 4 addresses the problem of memory construction. It presents explicit
strategies, particularly the Deep Features Buffer, as well as implicit strategies,
such as Continual Visual Mapping and HebbCL, the latter inspired by Hebbian
learning. The chapter analyzes the design and experimental performance of these
strategies, as well as their comparative strengths.

Chapter 5 focuses on memory usage. It investigates replay protocols, showing
how merging or separating replay samples with current data leads to different
optimization trajectories and experimental outcomes. The chapter also examines
sample selection from the buffer, including classical heuristics and gradient-
based methods, and introduces batch-oriented strategies such as Random Batch
Sampling.

Chapter 6 turns to evaluation. It analyzes the limitations of widely used
metrics and introduces the Knowledge Retention (KR) metric, designed to cap-
ture whether a model truly preserves internal representations rather than merely
relearning from memory. The case study illustrates the value of KR as a comple-
ment to traditional measures.

Chapter 7 concludes the dissertation. It summarizes the main contributions,
discusses their implications, and outlines limitations. Finally, it highlights direc-
tions for future research.

14



Chapter 2

Background

%7~ ONTINUAL learning has emerged as a central direction in machine learning,
‘3 driven by the need for systems that adapt to non-stationary environ-
—4£ ments without forgetting past knowledge. Before the proposed methods
and contributions, this chapter establishes the conceptual and technical foun-
dations. It begins with a formal definition of the continual learning problem,
the notation used throughout the dissertation, and constraints that characterize
realistic scenarios. It then surveys principal continual learning settings, reviews
the main method families, and concludes with connections to biological learning
mechanisms and multimodal representations inform parts of this work.

2.1 Problem Formulation and Notation

2.1.1 Formal Definition of Continual Learning

Continual learning can be formalized as sequential training over a stream of tasks.
Let 7 = {Ty,...,Tn} denote a sequence of N tasks. Each task T; is associated
with a distribution D; over input-label pairs (x,y) € X x Y;. During training,
data are revealed in order according to Dy, ..., Dy.

We write S; = {(x,y) ~ D;} for the (conceptual) dataset of task i and define
the online stream as

S - <(xt/ yt/ it)>Z:1/ (xt/ yt) ~ Dit! (21)

with a single pass over S (each (x; ;) is observed once unless stored in
memory).

At inference time after seeing tasks 1:i, the learner must predict labels from
the cumulative label space

Vi = Vi (2.2)
j=1

without access to task identifiers. In the class-incremental setting considered here,
class sets are disjoint:

yin y] = fori # ] (2.3)
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Prediction is over the cumulative space,

j = , 2.4
§ = arg yng;ﬁfe(x)y (2.4)

where fp : X — Rl denotes the classifier whose output head expands as new
classes appear (inactive logits may be masked before class i).

Training minimizes cumulative loss on the non-stationary stream subject to a
bounded replay memory:

T
mgin Zé(fg(xt),yt) st. M;C U S]', |./\/lt| <M, (2.5)
t=1

j<is

where / is a supervised loss (e.g., cross-entropy), M; is the replay buffer at step
t, and M is the memory budget. Only elements of M; may be revisited.

2.1.2 Constraints

Three constraints make continual learning particularly challenging. First, mem-
ory is bounded: only a limited number of past examples can be retained, which
forces explicit strategies for sample selection and buffer management. Second,
the data stream is presented in an online fashion, where each sample is observed
once and must be processed immediately. This contrasts with offline training,
where multiple passes over the dataset are permitted. Third, there are no task
identifiers at inference time, the classifier predicts over all classes encountered so
far. These constraints define the supervised online class-incremental setting that
is the focus of this dissertation.

2.1.3 Relation to Adjacent Paradigms

Continual learning intersects with several established machine learning settings
but differs in core assumptions.

Transfer learning assumes a fixed source and target domain [69]. Knowledge
is acquired on a large source dataset and then adapted once to a target task. In
CL, tasks arrive as an open-ended stream and the same model must integrate new
tasks while preserving performance on all previous ones.

Multitask learning trains a single model on multiple tasks jointly, with all
data available at once [12]. CL instead receives tasks sequentially and cannot
revisit full past datasets, making interference and catastrophic forgetting central
concerns.

Online learning updates a model as data arrive, typically under a single
evolving task and with regret guarantees [85]. CL additionally requires reten-
tion across multiple distinct tasks and cumulative label spaces under bounded
memory.

Active learning selects the most informative samples for labeling, typically
under a stationary distribution [84]. In CL, sample selection concerns memory
management rather than label acquisition and must handle non-stationary data.
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Domain adaptation addresses distribution shift between a source and a target
domain, often with access to both during training [5]. CL faces potentially
unbounded shifts and must retain knowledge of all prior domains without full
data access.

Curriculum learning orders training data to ease optimization but allows
repeated passes and full-data access [6]. CL imposes single-pass streaming and
long-term retention across tasks.

These comparisons highlight that continual learning is distinguished by the
need for a single model to learn a sequence of tasks under bounded memory
and without task identifiers at inference, a constraint not shared by adjacent
paradigms.

2.2 Continual Learning Settings

Continual learning is not a single problem but a family of related scenarios that
differ in the information available to the learner and the requirements imposed
at inference time. The literature has converged on a taxonomy that distinguishes
task-incremental, domain-incremental, and class-incremental learning, with each set-
ting posing progressively stricter challenges [87, 18]. Figure 2.1 provides a
schematic overview of all three settings. In addition, CL can be conducted in
either offline or online regimes, depending on whether multiple passes over the
training data are permitted. The following subsections summarize these settings.

2.2.1 Task-Incremental Learning

In the task-incremental setting, the learner is trained on a sequence of tasks and, at
inference time, receives the task identifier together with the input. The prediction
problem thus reduces to classifying within the label space of the current task.
This setting is the least restrictive and often serves as a preliminary testing
ground—task labels at inference allow separate classifier heads and greatly
reduce interference between tasks.

2.2.2 Domain-Incremental Learning

In domain-incremental learning, all tasks share the same label space, but the
input distribution shifts across tasks. Typical examples include changes in
lighting, viewpoint, or style in visual datasets. The learner must generalize
across domains without access to the domain label at inference time. This setting
overlaps with research in domain adaptation and robust generalization but is
cast here in a sequential framework. Because the label space remains fixed,
catastrophic forgetting is usually less severe than in class-incremental learning,
although distributional shifts still pose significant challenges.
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2.2.3 Class-Incremental Learning

The class-incremental setting requires the learner to integrate new classes over
time into a shared classifier without access to task identifiers at inference. After
observing task i, the predictor must discriminate among all classes seen so far.
This setting is widely considered the most challenging form of continual learning,
as it combines interference between tasks with the necessity of expanding the
decision boundary to cover an ever-growing set of classes. It is also the focus
of this dissertation, as it most closely reflects real-world scenarios in which new
categories appear over time and no external oracle provides task information.

Is task identity provided

at test time?
Yes | No
Task- Do all tasks share the same
Incremental label space?
Yes | No
Domain- Class-
Incremental Incremental

Figure 2.1: A decision tree illustrating the main continual learning settings. If task
identity is available at test time, the problem is task-incremental learning. Without
task identifiers, the key distinction is whether all tasks share the same label space,
yielding domain-incremental learning, or whether the label space expands over
time, which defines the more challenging class-incremental learning.

2.2.4 Online vs. Offline Continual Learning

Orthogonal to these settings is the regime in which training data are presented. In
the offline regime, the learner may revisit task data multiple times, approximating
conventional batch training with task boundaries. In the online regime, each
sample is observed only once when it arrives from the stream. This restriction
better reflects real-world constraints on storage and access, but also makes the
learning problem substantially more difficult. Replay buffers become especially
critical in the online setting, as they provide the primary mechanism for retaining
access to past data under a bounded memory budget.

2.3 Families of Continual Learning Methods

Research in continual learning has produced a wide range of strategies to mitigate
catastrophic forgetting. These approaches can be grouped into five major fam-
ilies: replay-based, architecture-based, representation-based, optimization-based, and
regularization-based methods. Each family targets a different part of the learning
process, and many recent algorithms combine elements across categories.
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Figure 2.2: Tllustration of the five main families of continual learning methods.
Replay modifies the data stream; architecture methods alter the model structure;
representation methods target feature learning; optimization methods reshape
gradient updates; and regularization methods constrain parameter changes or
the loss. Each family intervenes at a different stage of the learning pipeline.

2.3.1 Replay-Based Methods

Replay-based methods preserve a subset of past experiences and interleave them
with new data during training. A simple and strong baseline is Experience Replay
(ER) [15], where a small memory buffer is maintained with reservoir sampling
to approximate uniform sampling over the observed stream. The strength of
replay is its directness: by re-exposing the model to past data, it reinforces old
decision boundaries while learning new ones. Replay often outperforms more
complex approaches across benchmarks. The weaknesses are the need to allocate
memory, potential redundancy in stored samples, and sensitivity to how replay
is scheduled. Compared to other families, replay provides a simple and robust
baseline.

2.3.2 Architecture-Based Methods

Architecture-based methods prevent forgetting by controlling which parameters
of a network are used for each task. The most extreme solution is to train a
separate network for every task, which avoids interference but scales poorly in
memory and computation. A more efficient solution is to train a single shared
model together with lightweight masks that specify which parameters are active
for each task. PackNet [59], for example, allocates capacity by iterative pruning:
parameters deemed less important for the current task are pruned and later
reassigned to future tasks. Piggyback [60] and related methods refine this idea
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by learning masks directly through backpropagation.

Mask-based approaches provide a clear intuition: each task carves out a
subnetwork from the larger model, preventing interference while reusing shared
weights. The strengths are memory efficiency (storing masks instead of full
models) and faster inference compared to maintaining separate networks. The
weaknesses are that task identifiers must be provided at inference, and forward
or backward transfer between tasks is minimal.

2.3.3 Representation-Based Methods

Representation-based continual learning [18] aims to learn features that gen-
eralize across tasks, reducing interference. One direction uses contrastive or
self-supervised objectives during the sequence to maintain transferable embed-
dings. For example, Co’L learns with a contrastive loss and preserves past fea-
tures via self-supervised distillation [13], while CaSSLe converts self-supervised
learning losses into a distillation term that aligns current and past representations
[22]. Another direction uses meta-learning to shape representations for fast
adaptation [23].

The intuition is straightforward: if features capture task-agnostic structure in
the data, then new tasks can be learned without overwriting old knowledge. The
strength of this family is transfer: well-learned representations accelerate new
tasks and reduce the need for replay. The weaknesses are reliance on strong
inductive biases or auxiliary data, and difficulty in guaranteeing stability without
additional mechanisms. Compared to replay, representation learning focuses
on building robustness into the features rather than explicitly rehearsing past
samples.

2.3.4 Optimization-Based Methods

Optimization-based methods modify the update rule to avoid interfering with
past knowledge. Gradient Episodic Memory (GEM) [58] projects gradients of
new tasks so that they do not increase the loss on stored examples from past
tasks. Note that GEM relies on a small buffer, so it sits at the intersection of
replay and optimization. Its simplified variant A-GEM [16] improves efficiency
by approximating the projection. Other methods modulate updates based on
estimated gradient conflicts or parameter importance

The intuition is that forgetting arises from conflicting gradients: new updates
push parameters in directions that harm old tasks. By reshaping updates,
optimization-based methods reduce destructive interference. Their strength is
that they work without changing the architecture or requiring large buffers. Their
weakness is computational overhead, since they often require gradient storage or
additional constraints, and their effectiveness diminishes as tasks accumulate.
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2.3.5 Regularization-Based Methods

Regularization-based methods penalize changes to parameters deemed impor-
tant for past tasks. Elastic Weight Consolidation (EWC) [36] estimates importance
using the Fisher information matrix, while Synaptic Intelligence (SI) [96] tracking
each parameter’s past-task contribution during training. Learning without For-
getting (LwF) [55] preserves past knowledge through distillation, matching the
outputs of the old model on new data.

The central idea is that certain parameters matter more for past tasks, and
the learner should resist updating them. The strength of these approaches is
efficiency: they require no replay buffer and add little overhead. Their weakness
is scalability: as tasks accumulate, the growing set of constraints hampers
plasticity, and accuracy deteriorates. Compared to replay, regularization offers
a lightweight alternative but often underperforms in long task sequences when
replay has sufficient memory.

Figure 2.2 situates the five families within the learning pipeline. Replay
intervenes at the data level, architecture methods modify the model structure,
representation methods shape features, optimization reshapes updates, and reg-
ularization constrains the loss. Each family provides valuable tools: architec-
ture ensures stability, representation promotes transfer, optimization manages
updates, and regularization saves memory. Replay, however, is often used as
part of or an enhancement to other methods, and it usually outperforms other
families given a large enough memory budget.

2.4 To-Buffer Strategies

The simplest strategy for memory buffer population is reservoir sampling, which
ensures that every incoming example has an equal probability of being retained
[90]. Reservoir sampling is efficient and unbiased but often leads to redundancy,
as similar samples may dominate the buffer.

2.4.1 Class-Balanced Reservoir Sampling

Class imbalance in the stream causes plain reservoir sampling to overrepresent
frequent classes. Class-Balancing Reservoir Sampling (CBRS) counters this by
enforcing balance across classes in a single pass [17]. CBRS operates in two stages:
it fills memory as usual until capacity is reached; thereafter, for an incoming
instance (x;,y;), if class y; is not yet full, CBRS replaces a randomly chosen item
from the currently largest class. If y; is already full, CBRS replaces a random
stored instance of the same class with probability

u< —, (2.6)

where u ~ Uniform(0,1), m, is the number of stored instances of class ¢, and
n¢ is the number of class-c instances observed so far. This rule preserves an i.i.d.
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subset per class while mitigating stream imbalance and guarantees that severely
underrepresented classes are retained when memory allows.

2.4.2 Partitioning Reservoir Sampling

Partitioning Reservoir Sampling (PRS) extends reservoir ideas to long-tailed and
multi-label streams by partitioning memory into head and tail regions and main-
taining balanced coverage across them [35]. As the stream arrives, PRS tracks
class-frequency statistics and routes each incoming instance to the corresponding
partition. Replacement is then performed within a partition, ensuring that minor-
ity concepts are not continually displaced by majority ones. PRS is particularly
useful when inter- and intra-task imbalances coexist, where simple class-agnostic
reservoir sampling yields poor minority retention.

2.4.3 Gradient-Based Sample Selection

The Gradient-Based Sample Selection (GSS) method addresses the challenge
of populating the replay buffer in continual learning without relying on task
boundaries or i.i.d. assumptions [2]. The core intuition is that selecting diverse
examples, in terms of gradient directions, leads to a better representation of past
knowledge, thus mitigating catastrophic forgetting.

Formally, let (x¢, y¢) denote the current input-label pair at time ¢. GSS aims to
maximize the diversity of stored samples’ gradient directions to approximate the
feasible region defined by constraints from previously encountered samples:

. (81 8j)
min e, = VoLl(fo(xi),vi), 2.7
B s Hng ”g]H &i 0 (f@( z) yz) ( )
where g; is the gradient of the loss with respect to parameters 6 for sample (x;, ;).
Due to computational complexity, GSS employs a heuristic procedure: each
sample in the buffer is assigned a score based on the maximum cosine similarity
with a random subset of other buffered samples. Incoming samples are compared
against these scores, and samples with higher redundancy (i.e., higher cosine
similarity) are probabilistically replaced by more diverse new samples. This

greedy strategy maintains diversity in gradient space with practical efficiency:.

24.4 Rainbow Memory

Rainbow Memory stores past data by applying multiple data augmentations to
each candidate sample, estimating prediction uncertainty across those views,
and keeping the samples with the highest aggregated uncertainty to build a
diverse replay buffer for continual learning [4]. Originally proposed for blurry
class-incremental scenarios, the strategy generalizes as a population policy that
counteracts redundancy and preserves hard-yet-informative exemplars.

Diversity-aware and consistency-aware population strategies make more ef-
fective use of limited memory but add computational overhead and design
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choices (e.g., score proxies, entropy estimation, augmentation strength). A central
open question, and a focus of this dissertation, is how to construct replay mem-
ory that balances diversity, informativeness, and efficiency under strict online
constraints.

2.5 From-Buffer Strategies

The application of experience replay in reinforcement learning shows that pri-
oritizing certain samples (e.g., high-error or high-surprise) can accelerate train-
ing [80], sparking interest in whether non-uniform sampling could similarly
benefit continual learning. Non-uniform sampling assumes that some samples
are more informative for mitigating forgetting and adjusts selection probabilities
accordingly. However, this comes at the cost of reduced sample diversity, which
can introduce potentially harmful biases, especially given already limited mem-
ory.

2,51 Maximally Interfered Retrieval

Maximally Interfered Retrieval (MIR) challenges random replay by targeting
samples whose loss would increase most under the incoming update [1]. The core
intuition is that, at each training step, not all stored samples are equally at risk of
being forgotten. If the past examples most adversely affected by the incoming
minibatch can be identified, then replaying these most interfered samples more
aggressively could help mitigate catastrophic forgetting. Figure 2.3 illustrates the
two-model pass and top-k selection.

Formally, let 6 denote the current model parameters, and let Lnew be the loss
on the newly arrived minibatch. The virtual gradient update on that minibatch is
simulated as

0y = 0 — aVelnew(0), (2.8)

where « is a step size (learning rate). For each sample (x;, ;) stored in the replay
buffer, MIR approximates how that sample’s loss would change under 0,:

A]' = £(Gv;x]-,yj) — L(@,x],y]) (2.9)

Intuitively, a large positive A; indicates that learning the new minibatch interferes
substantially with (x;,y;). MIR then prioritizes replaying the top-k samples
whose A; values are greatest. MIR requires an extra forward-backward pass to
form the virtual update, increasing compute per step.

Empirical results in online continual learning suggest that, especially un-
der tight replay and compute budgets, MIR can outperform the basic experi-
ence replay. However, recent large-scale studies question whether non-uniform
sampling really offers significant advantages. For example, the investigation
on computationally budgeted CL [71] reports that under tight computational
budgets, simple uniform replay outperforms more complex continual learning
methods, including advanced sampling strategies. Similarly, the baselines for
GRASP method [28] replicate a wide range of popular approaches and simple
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Figure 2.3: Workflow of Maximally Interfered Retrieval. A training minibatch
updates a temporary model copy. Both the original model and the updated copy
compute logits on a candidate memory subset. Samples with the largest loss
increase are selected as the memory minibatch for rehearsal with the current task
data.

heuristics under best practices (such as using a class-balanced memory) and find
only marginal gains over uniform sampling. Recent analysis [88] shows that MIR
is disproportionately focused on a small subset of the buffer, with just 10% of the
memory accounting for 75% of all replays, highlighting a risk of overfitting due
to extreme sample reuse.

2.5.2 Balanced Retrieval

MIR and similar approaches may reduce forgetting but can limit plasticity.
To address this, Balanced Retrieval [94] proposes selecting samples from both
extremes of the loss-change distribution—high loss change examples, suggested
by MIR, to preserve past knowledge and low loss change examples, inverted to
MIR, to maintain plasticity. In essence, each minibatch retrieves a balance of
gradient-conflicting and gradient-aligned samples from the memory buffer.
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2.5.3 GRASP

GRASP (GRAdually Select less Prototypical) [28] introduces a straightforward
yet highly effective replay strategy that strongly relies on SIESTA [27] continual
learning method with unique training setting combining online and offline
training, not explored in this dissertation. Its core motivation stems from
the observation that constantly replaying only the most challenging samples
(i.e., those farthest from the class prototypes) can destabilize the learned
representations, while replaying only the easiest examples may insufficiently
reinforce harder decision boundaries. GRASP addresses this by progressively
sampling from easy to harder samples within each rehearsal session.

These strategies highlight a trade-off: random sampling is computationally
cheap and stable, while informed selection can improve accuracy but may intro-
duce bias or higher computational cost. Compared to other families of continual
learning methods, replay’s strength is that even simple random sampling often
outperforms more sophisticated alternatives, underscoring its robustness.

2.6 Replay Strategies

2.6.1 Dark Experience Replay

Dark Experience Replay (DER) [9] and its extensions DER++ and X-DER [8]
illustrate how replay methods can augment standard experience replay with
logit matching. We describe these variants to emphasize their shared reliance on
uniform buffer sampling, an often overlooked limitation that motivates exploring
non-uniform strategies.

DER stores both the raw inputs {x} and the model outputs (logits) {z} for
past tasks. Training minimizes a cross-entropy loss on new data plus a distillation
term on replayed samples:

1 B

2
Lorr(0) = Lcr(fo(xt),yt) +a- B Yoo lhe(x) =z, (2.10)
~- i ————
new data / distillation on stored logits

where g (x;) is the current logit vector for past input x;, z; is its stored logit vector,
B is the replay minibatch size, and a controls the weight of the distillation term.
DER++ adds a supervised cross-entropy loss on replayed samples, giving

B
Lorrs(6) = Lor(®) + B+ 5 3 Lee(folx), ), @11)
!

CE on replayed data

where 8 weights the additional supervised term.
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2.6.2 Incremental Classifier and Representation Learning

Incremental Classifier and Representation Learning (iCaRL) [75] is another
method that combines replay with distillation. It is based on three main com-
ponents:

1. Nearest-mean-of-exemplars classification. Instead of a linear classifier,
iCaRL keeps a small exemplar set P, for each class y. For an input x, it
predicts

;o My = o Y o(p), (212)
7

pEPy

j= argrrg}anb(x) — Hy

where ¢(-) is the feature extractor. This prototype rule decouples the
classifier from continual changes in the representation.

2. Representation learning with rehearsal and distillation. When new
classes arrive, iCaRL updates ¢ using a joint loss of cross-entropy on
current data and a distillation term on stored exemplars, which preserves
performance on earlier classes.

3. Exemplar management. With a memory budget K, iCaRL allocates m =
K/t exemplars per class after observing t classes. A herding procedure
selects exemplars to approximate the true class mean and supports later
pruning while maintaining representativeness.

Its effectiveness relies on storing exemplars, which greatly mitigates forget-
ting.

2.7 Hebbian Plasticity and Implicit Memory

Biological systems learn continuously—integrating new information while retain-
ing old skills—often under sparse and noisy feedback. This observation moti-
vates mechanisms that preserve knowledge without external storage. Among
them, Hebbian plasticity provides a local rule for forming synaptic traces that
can function as implicit memory, a useful complement to explicit replay buffers in
continual learning.

2.7.1 Hebbian Learning

Hebbian learning [32] states that synaptic strength increases when pre- and post-
synaptic neurons co-activate, typically formalized as Aw = 5xy. While simple
and biologically grounded, the rule suffers from instability due to unbounded
weight growth. Extensions address these issues: Oja’s rule [68] normalizes
weights and aligns with principal component learning; the covariance rule [83]
subtracts mean activities to handle correlated inputs; the BCM rule [7] introduces
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a dynamic threshold for potentiation and depression; and anti-Hebbian learning
[24] supports inhibition and decorrelation.

Recent work adapts Hebbian mechanisms to deep learning. Hebbian-
descent [62] stabilizes learning by centering activities and avoiding derivatives.
HardWTA [66] integrates competition, inhibition, and BCM dynamics into
convolutional models, achieving performance comparable to backpropagation.
Neuron-centric Hebbian Learning (NcHL) [21] shifts from synapse-specific to
neuron-specific updates, reducing parameters from O (W) to O(N) while remain-
ing effective in reinforcement learning tasks. The Hebbian Forward-Forward
algorithm [44] introduced an efficient supervised training method for deep, fully
connected models. The Scalable Forward-Forward algorithm [47], a scalable vari-
ant for large convolutional neural networks, suggested a competitive alternative
to backpropagation.

Together, these contributions demonstrate a resurgence of biologically in-
spired learning rules in deep models, offering alternatives that trade off archi-
tectural constraints or update granularity for scalability or plausibility.

2.7.2 Hebbian Learning as Implicit Memory

Hebbian plasticity provides a natural mechanism for storing information directly
in synaptic weights. Patterns of co-activation leave a trace in the form of strength-
ened connections, which can act as distributed prototypes of past experiences.
This implicit memory differs from explicit replay buffers: no samples are stored
externally, but the network itself retains information through structural changes
in its connectivity. Variants of Hebbian-inspired algorithms have been shown to
approximate associative memory systems, where previously seen patterns can be
recalled from partial input cues [37].

For CL, this perspective complements replay. Explicit buffers re-expose past
samples to preserve plasticity, whereas Hebbian updates emphasize stability
by reinforcing consistent correlations. Chapter 4 leverages this connection by
introducing a Hebbian-inspired mechanism in which synaptic updates serve as
an implicit buffer for representation preservation.

2.7.3 Connection to Forgetting

The relevance of Hebbian learning to continual learning lies in the stability—
plasticity dilemma [26]. A system must remain plastic enough to acquire new
knowledge while being stable enough to preserve what has already been learned.
Purely gradient-based optimization often sacrifices stability, leading to catas-
trophic forgetting. Hebbian updates, by contrast, favor stability through the rein-
forcement of correlations, though they risk reduced plasticity if applied alone.

2.8 Multimodal Representations

Training models that connect modalities such as vision and text yields richer and
more reusable representations. CLIP [72] jointly trains image and text encoders
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with a contrastive objective so paired image—-text embeddings are close in a shared
space. This insight underlies a family of vision-language models that refine
alignment and scaling, achieving strong zero-shot and transfer performance.

There are two dominant approaches to align modalities. Contrastive methods
pull matched pairs together and push mismatches apart, offering efficiency and
scalability (e.g., ALIGN [34], LiT [97]). Fusion and generative methods couple
cross-attention with language generation or matching, capturing finer semantics
and enabling captioning and VQA (e.g.,, ALBEF [52], BLIP [53], BLIP-2 [54]).
Both yield semantically structured embedding spaces that can serve downstream
continual learning.

2.8.1 Prompt-Based Continual Learning

Prompt-based continual learning has emerged as a way to leverage large frozen
models with minimal extra parameters. Learning to Prompt (L2P) learns a
prompt pool and dynamically selects a small subset per instance. This allows
a backbone model to adapt to new tasks without rehearsal or requiring task
identity at inference [92]. DualPrompt extends this by decomposing prompts
into general and expert sets: the former encodes task-invariant information, the
latter task-specific nuances, enabling more effective knowledge sharing across
tasks [91]. PIVOT (Prompting for Video Continual Learning) shifts prompting
to the video domain: it uses CLIP as a frozen image-language model and learns
spatial and temporal prompts to handle evolving video tasks, thereby reducing
forgetting in video class-incremental benchmarks [89].

These methods share the principle of freezing large pretrained backbones and
learning lightweight components to adapt to new tasks. CVM follows a related
concept but changes the objective: rather than prompting per task, it trains a
visual encoder to map images into a fixed semantic space derived from a language
model, eliminating the need for task-specific prompts or memory buffers.
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Chapter 3

Experimental Framework

%I*g HE effectiveness of continual learning methods cannot be judged in isola-

tion from the experimental framework used to evaluate them. Choices of
metrics, datasets, architectures, and protocols strongly influence results
and can even change the relative ranking of methods. This chapter describes
the framework adopted in this dissertation. It begins with evaluation metrics,
highlighting both standard measures and their limitations. It then introduces
the benchmarks and datasets, the model architectures employed, the evaluation
protocols, and finally the implementation details required for reproducibility.

3.1 Evaluation Metrics

3.1.1 Standard Metrics

Let 4;; denote the test accuracy on task T; after finishing training on task T;
(1<j<i<N).

Average Accuracy [19] shows the ability of the model to maintain accuracy on
all tasks encountered up to a given point. The average accuracy after completing
task i is

1 i
A = = 2 a;j, Ay is reported after the final task. (3.1)
j=1

Here g, ; is the accuracy of the model after training on tasks 1:i when evaluated
on task Tj. Average Accuracy is the most straightforward and commonly used
metric, providing an overall assessment of performance across all tasks.

Average Forgetting [19] quantifies the loss of performance on previously
learned tasks when a model adapts to a new task. For a given earlier task T;
with1 <j < i, let

maxay ;
k<i ki

denote the highest accuracy on T; achieved before training on task i. The
performance drop for T; at step i is then

maxay; — a; ;.
k<i b
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Average forgetting at step i is the mean of these drops over all previous tasks:

i—1
Fi = % L {I’?SIX ak,]' - lli,]"| . (32)
j=1

This metric reflects the model’s capacity to retain knowledge across tasks. While
widely used as an indicator of knowledge retention, our experiments show that
accuracy alone may not capture true preservation of learned representations, so
generalization ability should also be considered.

Backward Transfer (BWT) [19] captures how later learning changes earlier

tasks at the end:
N—1

1
BWT = —— — . .
N-1& (an: — a) (3.3)
Positive values indicate beneficial backward transfer, while the negative values
indicate forgetting.
Forward Transfer (FWT) [19] quantifies zero-shot generalization to a task
before seeing its labels:

1 XN
FWT = N—_Z”Hﬂ* (3.4)
i=2
Overall Performance [29] normalizes final average accuracy by a joint-
training oracle:

oP — AN joint _ 1Y joint 35
= W’ N TN aNj + (3.5)
N j=1

where a]f;;t is accuracy from a model trained once on the union of all tasks. This
metric enables an incrementally trained algorithm to be compared relative to an
offline trained algorithm.

Rescaled Average Accuracy / Forgetting [63] follow a similar approach by

dividing Average Accuracy or Average Forgetting by the corresponding metric of

the random classifier. With C; = |)),;| classes seen by step i, chance accuracy is
1 / Cil
A‘
RAA;, = L = CA;, RAAN = Cn AN. (3.6)
1/C;
For forgetting, report
Fn

= N 7
RARN = 17 /& (3.7)

to place Fy in [0, 1] relative to its maximal range against a chance baseline. This
decoupling of the task difficulty is allowing to identify whether performance
changes are due to an increase in the number of classes or a failed stability-
plasticity trade-off.

Intransigence [14] measures the inability to learn new tasks, for example, due
to the loss of plasticity, compared to an oracle trained for that task:

Ii = 61?,?10 — ai,i/ (38)

where a?‘i’lo is the accuracy of a model trained from scratch on task T; (or the joint
oracle restricted to T;).
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3.1.2 Novel Perspectives

Standard accuracy summaries are informative, but they can hide how perfor-
mance is achieved. In replay-heavy CL, a strong final score may arise from
repeated exposure to a small set of stored examples, leading to high performance
on those items without preserving broadly useful representations. This buffer
overfitting appears when small changes to buffer contents produce large changes
in results.

Accuracy and forgetting also combine two objectives: acquiring new tasks
(plasticity) and preserving prior knowledge (stability). They do not indicate
whether internal features were preserved or instead re-learned from whatever
the buffer retained. Good end-of-sequence accuracy can therefore mask repre-
sentational drift.

These issues motivate metrics that look beyond end-task accuracy and assess
the state of the learned representation. Prior work argues for measuring repre-
sentation stability and generalization beyond the replay set [30]. Chapter 6 in-
troduces a complementary Knowledge Retention metric and evaluates it alongside
accuracy and forgetting so that reported results reflect both plasticity and genuine
retention, rather than buffer dependence alone.

3.2 Benchmarks and Datasets

Common to all datasets, tasks are formed by partitioning the class set into disjoint
subsets. Training proceeds in a single pass over the stream with a bounded replay
buffer. Data augmentation follows the default transformations provided by the
Avalanche [11] library. Class order is fixed by ascending label index (from 0 to
the last class).

3.21 MNIST

The MNIST dataset of handwritten digits [50] is adapted for CL by splitting the
ten classes into disjoint tasks. A common variant trains sequentially on five
two-class increments (e.g., {0,1}, then {2,3}, and so on). MNIST is appealing
for its simplicity and speed of experimentation, but it is limited: low input
dimensionality and high class separability make it a relatively easy benchmark
that may not reflect real-world challenges.

3.2.2 SVHN

The Street View House Numbers (SVHN) dataset [65] contains digit images cap-
tured from house numbers in natural scenes (32 x 32 resolution), with substantial
variability in background, lighting, and blur. Compared to MNIST, SVHN is
more challenging and is useful for testing robustness to visual clutter while
retaining the same label space. The task split follows the MNIST.
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3.2.3 CIFAR-10 and CIFAR-100

The CIFAR datasets [39] contain 32 x 32 color images with greater variability than
digit datasets. CIFAR-10 has ten classes, while CIFAR-100 has one hundred. In
CL, CIFAR-10 is commonly split into 5 tasks of 2 classes each, and CIFAR-100
into 10 tasks of 10 classes each, yielding longer sequences. These benchmarks
are standard for replay-based methods because they balance difficulty with
manageable size and permit controlled large-scale comparisons.

3.24 Omniglot

The Omniglot dataset [49] consists of 1,623 character classes from 50 alphabets,
with about 20 examples per class drawn by different writers. In CL, Omniglot
probes one-shot and few-shot generalization: it tests whether models learn
representations that transfer to new classes with little data. Its diversity across
alphabets makes it well-suited to evaluating representation-oriented methods
and implicit memory mechanisms.

3.2.5 CORe50

CORe50 is a continual object recognition benchmark comprising 50 household
objects grouped into 10 categories, collected across 11 sessions with varying
backgrounds and lighting, and released as RGB-D frames cropped at 128 x128
resolution [57]. Classification can be performed at the object level (50 classes) or at
the category level (10 classes). CORe50 defines three scenarios: NI (new instances),
NC (new classes), and NIC (new instances and new classes). This dissertation
adopts the class-incremental NC variant at the object level unless otherwise stated,
with a fixed test set drawn from held-out sessions. The combination of session
variability and growing label space makes CORe50 a strong test of robustness to
both appearance change and class expansion.

3.2.6 TinyImageNet

TinyImageNet [11] is a reduced version of ImageNet with 200 classes, 64 x 64
images, and 500 training and 50 validation images per class. For CL, a common
protocol splits the label set into 10 tasks of 20 classes each. The long sequence,
limited replay budget, and high class diversity make TinyImageNet a severe test
of scalability. Results on this dataset indicate how approaches may extend to
larger-scale applications.

3.3 Model Architectures

The choice of neural network architecture directly influences the difficulty of
continual learning experiments. Shallow models highlight forgetting in simple
settings, while deeper architectures test scalability to more complex datasets.
This dissertation employs three representative architectures.
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3.3.1 Multilayer Perceptron (MLP)

For low-dimensional datasets such as MNIST, a multilayer perceptron serves as
a simple baseline. A typical configuration includes two hidden layers with ReLU
activations and fewer than one million parameters. MLPs are fast to train and
allow controlled analysis of forgetting in settings where model capacity is not
a limiting factor. Their weakness is poor scalability to natural image datasets,
where convolutional architectures are required.

3.3.2 ResNet-18

ResNet-18 [31] is a widely used convolutional backbone with residual connec-
tions that stabilize training of deep networks. It offers a good balance of
expressiveness and efficiency, with approximately 11 million parameters. Its
widespread adoption in continual learning research makes it a standard choice
for reproducible comparisons.

The SlimResNet-18 [75] used in our experiments follows the ResNet-18 topol-
ogy but is substantially narrower and adapted to 32 x 32 inputs. The base channel
width is set by a factor 20, producing stage widths of [20,40, 80, 160] instead of
the standard [64, 128,256, 512], which reduces parameters by more than a factor
of three. The initial stem is a single 3x3 convolution with stride 1 and no
max-pool, and spatial downsampling occurs only through stride-2 convolutions
in layers 2-4. A fixed 4x4 average pool replaces the global pooling used in
the full model. Aside from these width and stem modifications, the network
retains the four residual stages with two BasicBlocks each, matching the depth
of a standard ResNet-18 while being far more lightweight for continual learning
on CIFAR-sized images.

3.3.3 MobileNetV2

MobileNetV2 [79] is a lightweight convolutional architecture based on depthwise
separable convolutions and inverted residual blocks. It is used for TinyImageNet
experiments, where memory and computational efficiency are important. With
significantly fewer parameters than ResNet-18, MobileNetV2 demonstrates how
continual learning methods behave under resource constraints. It also reflects
practical deployment scenarios where continual learners may need to operate on
edge devices.

3.4 Experimental Hyperparameters

All continual learning experiments, except for Deep Features Buffer and HebbCL
in Chapter 4, were implemented with the Avalanche library [11], which also
provided the standard replay buffer based on class-balanced reservoir sampling.
Hyperparameter optimization was performed with Bayesian optimization,
implemented in the Guild Al experiment tracking framework.
The key tuned parameters included:
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* Learning rate: explored across a log scale from 1 x 107 to 1 x 10~ ™.

* Optimizer: SGD with momentum (0.9) for all experiments in Chapter 4
(DFB, HebbCL and Continual Visual Mapping). In the rest of the experi-
ments, it is Adam.

* Batch size: 32, unless stated otherwise, following the [9]. As suggested in
[93], the memory batch is always identical to the current task batch.

* Weight decay: is always 0, which is common in online continual learning.
* Dropout: is used only for MobileNetV2, where is set to the default (0.2).
* Epochs: are set to 1, except for the CVM.

* Protocol: we are combining the current task minibatch with the memory
minibatch in all experiments by default.

For each method, the configuration with the highest validation accuracy was
chosen. Experiments were repeated with seeds s € {0,...,10}, while all other
sources of randomness were fixed across seeds. All experiments were performed
on an NVIDIA GeForce GTX 1080 Ti (11 GB), an Intel Xeon E5-1620 CPU, and
64 GB of RAM.
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Chapter 4

Memory Construction

HIs chapter presents three complementary approaches to memory con-
%Ig struction in continual learning, developed through joint research with
collaborators and published as Diverse Memory for Experience Replay in
Continual Learning [48], Hebbian Continual Representation Learning [64], and Con-
tinually Learn to Map Visual Concepts to Language Models in Resource-Constrained
Environments [74].

The initial motivation is the central challenge of experience replay in con-
tinual learning: with a fixed and limited buffer, a system must decide which
experiences to retain without access to future data or complete task boundaries.
On the class-balanced vision benchmarks common in the literature, where few
samples are truly corrupted or redundant, simple reservoir sampling already
approximates the underlying data distribution well, leaving little headroom for
naive improvements. This chapter investigates how progressively richer repre-
sentations can be used to overcome that limitation.

The first method, Deep Features Buffer (DFB), keeps an explicit replay buffer
but selects samples using their deep representations, discarding those with close
neighbors in latent space to maximize diversity within each class. Building on
this idea, HebbCL replaces the explicit buffer with an implicit one: it freezes
sparse, Hebbian-learned representations to preserve past knowledge without
storing raw examples. Continual Visual Mapping (CVM) extends this trajectory
by removing stored representations entirely and guiding a compact visual model
to align with fixed semantic anchors derived from a large language model,
providing stable long-term structure without any replay memory.

Together these methods trace a path from carefully managed explicit memory
toward purely representational strategies, offering a unified perspective on how
continual learners can balance limited storage with the need to remember and
transfer knowledge across tasks.

4.1 Deep Features Buffer

Experience replay maintains a bounded memory M; C U,<;, S; with |M;| <
M to mitigate forgetting on the non-stationary stream S = ((x, v, 1))l ;. A
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Figure 4.1: Conceptual illustration of the replay buffer. (a) Standard reservoir
sampling admits near-duplicate samples within a class. (b) The Deep Features
Buffer (DFB) maintains higher intra-class diversity by discarding close neighbors
in latent space.

standard baseline is reservoir sampling, which inserts each incoming example
with probability M/t, ensuring that M; is an unbiased sample from all data
seen so far. While effective on balanced benchmarks, reservoir sampling ignores
representation structure and often stores many near-duplicates. Class-balanced
extensions [2, 17] reduce class imbalance but still disregard similarity in the
model’s latent space.

41.1 Method

The Deep Features Buffer (DFB) augments the reservoir with a representation-
aware eviction rule. At step ¢, let By C S denote the current mini-batch. First,
draw a provisional subset Bj** C B; using reservoir sampling. Let 7;(x) be the
activation of model layer I. For every x € Bf* compute its representation r;(x)
and insert the pair (x,7;(x)) into M;.

If after insertion |M;| > M, periodically every T steps we refresh all stored
representations

Ry ={n(x) : (x,-) € My} 41)

We then compute all pairwise cosine similarities in R; and repeatedly remove the
sample from the most similar pair until | M;| = M. If labels are available and
the two closest samples belong to different classes, both are retained and the next
most similar pair is considered. This procedure implements a closest-pair search
with expected O(|. M;|) time per update using a hierarchical clustering index.

Two hyperparameters govern DFB: the chosen representation layer / and the
refresh interval T. Larger T lowers computation but may lag behind representa-
tion drift; T = 1 provides the most up-to-date features.

Experiments follow the protocol of Chapter 3: MNIST, SVHN, and CIFAR-10
are each divided into five class-incremental tasks. An MLP is used for MNIST
and a ResNet-18 for SVHN and CIFAR-10. At each training step, the learner
receives a mini-batch of size 10 from the current task and replays 10 samples
drawn uniformly from M; (none during the first task).

DEFB preserves the unbiased sampling property of the reservoir while explic-
itly maximizing diversity in latent space, yielding higher accuracy and lower
forgetting than plain reservoir sampling across all three datasets.
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Algorithm 1 Deep Features Buffer update at step ¢

Input: model fy, mini-batch B;, replay buffer M;, max size M, layer index /, refresh
interval T
B}*® < ReservoirSample(B;)
for x € Bi** do
M+~ MU {(x,rl(x))}
end for
if [M;| > M then
if t mod T = 0 then
refresh all stored representations r;(x)
end if
while |[M;| > M do
find pair (a,b) with minimal cosine distance
remove a from M; (unless a and b have different labels)
end while
end if
return M;

4.1.2 Results

Table 4.1 reports average accuracy As and average forgetting Fs after all five tasks
for MNIST, SVHN, and CIFAR-10. Across all datasets and memory budgets, Deep
Features Buffer (DFB) matches or exceeds the baseline reservoir sampling.

MNIST. DFB improves accuracy by about 2—4% over reservoir sampling for
both random and MIR replay when the buffer is small (50 or 100 samples) and
reduces forgetting by a similar margin. At the largest buffer (200) DFB maintains
accuracy while lowering forgetting slightly, indicating that latent-space diversity
is most valuable when memory is tight.

SVHN. Improvements are smaller but consistent. With random replay DFB
raises As from 15.6% to 16.4% at M=50 and from 33.7% to 34.6% at M=200, and
reduces forgetting in nearly all cases. Under MIR sampling DFB yields similar
gains of roughly 1% in accuracy and modest reductions in Fs.

CIFAR-10. DFB provides steady benefits across all memory sizes. For random
replay the largest margin appears at M=500 with accuracy rising from 29.6%
to 31.1% and forgetting dropping from 54.6% to 53.3%. With MIR, accuracy
improves by 1-1.5% and forgetting decreases by up to 2.5%.

Overall, DFB almost always improves both accuracy and retention, with the
strongest effect on smaller, balanced datasets where uncontrolled redundancy in
the buffer is more harmful.

4.1.3 Conclusions

Deep Features Buffer enhances experience replay by enforcing diversity in rep-
resentation space rather than relying on class counts or raw data statistics. It
preserves the nature of reservoir sampling while selectively removing near-
duplicates, yielding higher accuracy and lower forgetting on three benchmarks
and multiple memory budgets. The gains are most pronounced when the buffer is
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Table 4.1: Average accuracy As and average forgetting Fs on all five tasks after
learning all of them, for MNIST, SVHN and CIFAR-10. Each value is the average
of 10 runs. Sampling is a strategy for selecting samples from the replay buffer for
Experience Replay and Memory is the total size of the replay buffer.

MNIST
SAMPLING | MEMORY RESERVOIR DFB (ouRr)
As(%) 1 F5(%) 4 As(%) 1 F5(%) |
Ranpom 50 61.80 £2.63 38.08 £2.63 | 63.80 = 1.65 34.38 - 1.63
100 7591 +£141 2271 +1.67 | 77.33 +1.62 21.56 + 1.78
200 86.55 +1.47 13.08 £2.08 | 86.44 +1.33 12.23 4+ 0.96
MIR 50 70.60 +2.24 2895+ 2.80 | 74.64 £ 2.07 23.38 £+ 2.39
100 83.80 £1.40 14.90 £1.09 | 85.59 +=1.24 13.03 - 1.47
200 90.65 £ 0.86 8.84+1.07 |91.26 =0.88 7.89 + 1.02
SVHN
SAMPLING | MEMORY RESERVOIR DEFB (our)
As(%) 1 F5(%) | As(%) 1 F5(%) |
RanDOM 50 15.63 =098 68.19 £0.66 | 16.43 = 1.23 67.65 = 1.12
100 23.03 +1.88 62.03 £1.45 | 2246 +1.81 63.18 +1.55
200 3373 £2.00 53.18 £1.64 | 34.63 = 2.79 52.66 + 2.58
MIR 50 21.81+£1.71 62.77 £1.44 | 22.89 +2.73 62.18 + 3.08
100 30.11 £3.24 56.28 £2.82 | 31.18 + 2.52 56.06 + 2.64
200 4279 £298 4428 +294 | 43.78 + 2.45 44.28 + 2.08
CIFAR-10
SAMPLING | MEMORY RESERVOIR DFB (ouRr)
As(%) 1 F5(%) | As(%) 1 F5(%) |
Ranpom 200 23.84 £0.90 58.64 £0.64 | 24.31 = 0.69 58.24 4 0.82
500 29.59 £0.73 54.58 £1.13 | 31.09 = 1.04 53.30 & 0.92
1000 35.62 £0.99 4842 4+ 1.22 | 35.78 +1.52 47.95 + 1.71
MIR 200 25.70 £ 0.98 57.67 £0.88 | 26.67 = 0.95 56.40 - 1.45
500 31.59 £0.10 52.23 £1.10 | 32.58 = 0.83 50.53 4 0.93
1000 38.27 £0.55 45.90 £0.96 | 39.51 = 0.76 43.37 +1.74

small, confirming that diversity is critical when capacity is limited. These results
demonstrate that even on clean, class-balanced streams where simple reservoir
sampling is competitive, leveraging learned representations provides measurable
advantages without increasing memory size or adding complex training objec-
tives.

4.2 Hebbian Replay

The Deep Features Buffer maintained an explicit replay memory and selected
stored samples using their latent representations. Hebbian Replay advances this
idea by eliminating the buffer entirely and preserving knowledge directly in the
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Figure 4.2: Weights of a one-layer network trained by HebbCL. Each 3 x 32 x 32
patch shows the receptive field of a neuron. Red units activate on airplanes, blue
on cars, demonstrating class-specific structure emerging without supervision.

network weights.
The method, called HebbCL, builds representations online without labels or
task boundaries. It follows three biologically motivated principles:

® Local Hebbian updates: weights connected to highly active neurons are
strengthened in proportion to input similarity, avoiding global back-
propagation.

* Sparse coding: only the k most active neurons contribute to the representa-
tion, improving stability and interpretability.

* Dynamic expansion and freezing: when a neuron converges to a pattern
its weights are frozen, and a new neuron is added to maintain capacity,
creating an implicit memory of past inputs.

Because past information is stored as fixed receptive fields, the network can
learn continually without replaying raw samples or their embeddings. The
resulting weights form an interpretable basis that supports downstream tasks
such as clustering and classification.

Although the main focus of this dissertation is supervised continual learning,
Hebbian learning is inherently unsupervised, so we also evaluate HebbCL in that
setting. Research on unsupervised continual learning is comparatively limited.
Notable approaches include CURL [73] and CN-DPM [51], which construct
mixtures of experts or latent distributions specialized to subsets of the data.
HebbCL offers a more biologically plausible alternative and achieves competitive
results in practice, demonstrating that local, unsupervised mechanisms can serve
as an effective implicit memory.
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Algorithm 2 Unsupervised HebbCL algorithm

Input: network (weights W), minibatch of training examples X
Hyperparameters: learning rate €, threshold ¢
Output: updated weights W

forall x; € X do

m <— arg max(Wx;) {identify the highest activation}
Aw < x; — Wy, {difference between input and weight vector}
Wy < Wy, + eAw {update weights}
end for
Wi < Wi/ ¢ {normalize weights}

for all row vectors W; € W do
forall x; € X do
distances|i] < d*(Wj,x;) / ||xi|l1 {calculate normalized Euclidean
distance}
end for
m <— arg min(distances) {identify the shortest distance}
if distance[m] < t then
freeze W]- {freeze a row vector of weights}
add a new neuron {add a new row vector of weights}
end if
end for

return W

421 Method

In a typical gradient—descent network all weights are updated to some degree
for every example, including those critical for earlier tasks. Over time this leads
to catastrophic forgetting. HebbCL avoids this by using purely local Hebbian
updates and by freezing converged neurons so that essential weights remain
unchanged.

HebbCL builds a representation with a single, wide, fully connected layer.
This architecture has proved effective for Hebbian learning in other contexts
[40, 56]. Extending Hebbian rules to deeper networks is possible but often fails
to improve accuracy and can even degrade performance [3], so progress on this
shallow setting directly benefits broader research.

Hebbian updates. For each minibatch the algorithm applies a simplified
Krotov-Hopfield rule. Given input x, it identifies the most active neuron m =
arg max(Wx) and updates only its weights,

followed by normalization by the largest absolute weight ¢. Because only the
maximally activated neuron is modified, past representations remain largely
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Algorithm 3 Supervised HebbCL algorithm

Input: network (weights W), training examples X from a single class C;
Hyperparameters: learning rate ¢, EPOCHS, a number of new neurons n
Output: updated weights W

denote unfrozen neurons as neurons belonging to class C;

for e in range(EPOCHS) do
for all minibatches B do
for all x; € B; do

m <— arg max(Wx;) {identify the highest activation}
Aw +— x; — Wy, {difference between input and weight vector}
Wy < Wy, + eAw {update weights}
end for
Wi <= Wi/ ¢ {normalize weights}
end for
end for
freeze W {freeze all the weights}
expand the network with n new neurons {add n new row vectors to W}
return W

intact.

Expansion and freezing. After each minibatch every neuron j is checked for
convergence by computing the normalized Euclidean distance
2
) ||Wj —x|l5
d]- = min ——=. (4.3)
xex x|l
If d; < t, the neuron is frozen and a new neuron is added, preserving model
capacity while storing earlier patterns as fixed receptive fields.

Sparse representation. At inference time the feature vector for input x is y =
f(Wx), where f keeps only the k largest activations (k-winners-take-all), yielding
stable and interpretable predictions.

Algorithms 2 and 3 give the full unsupervised and supervised procedures.
The supervised variant trains on one class at a time, freezes all weights at the end
of each class, and then adds n new neurons for the next class.

This combination of local Hebbian plasticity, neuron freezing, and dynamic
expansion allows HebbCL to learn continually without storing raw samples or
their embeddings, while retaining accurate and interpretable representations.

Unsupervised HebbCL

The unsupervised variant receives a single pass over an unlabeled stream with
no task boundaries. Training proceeds in minibatches. For each example x, the
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network computes activations 2 = Wx and selects the most active neuron

m = arg ma/x(Wx)m/. (4.4)

Only this neuron is updated by the local Hebbian rule
Aw=x-W.,, W =W t+eAw/¢, (4.5)

where € is the learning rate and ¢ is the largest absolute weight for normalization.
As training proceeds, Aw decreases and W, converges toward a stable input
pattern.

To preserve earlier representations we freeze neurons that have converged.
For each neuron j we compute the normalized squared distance

g |W; — x|

=4 7 4.6
=L 6

If d]- < t, with threshold t tuned on validation data, the weights Wj are frozen
and a new neuron is added to maintain capacity. Algorithm 2 summarizes the
procedure, which is easily parallelized on a GPU.

Supervised HebbCL

With labels available, the same architecture and local update rule are used
but freezing and expansion follow class boundaries. Classes Cy,Cy,... arrive
sequentially. After training on all samples of class C; for a fixed number of epochs,
all current weights are frozen and the layer is expanded with n new neurons for
the next class. Algorithm 3 gives the pseudocode.

At inference, activations of neurons assigned to each class are summed, and
the predicted label is the class with the highest total activation. This supervised
variant preserves the continual, non-replay character of HebbCL while exploiting
label information to simplify neuron assignment.

4.2.2 Experiments

Continual Unsupervised Representation Learning

For unsupervised learning, we follow the CURL [73] evaluation protocol, which
was introduced for continual unsupervised representation learning. We test
HebbCL on MNIST and Omniglot. For MNIST, we use the default split between
the training and test sets. For Omniglot, 50 alphabets serve as 50 classes, each
with 15 training and 5 test examples.

Representations produced by HebbCL are compared with those from CURL,
reported for both its variants with and without mixture generative replay (MGR).
CURL is a continual unsupervised method that alternates training on real data
and on samples generated by a snapshot of its own model, adapting the Deep
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Figure 4.3: Visualization of weights: left MNIST (28x28 per neuron), right
Omniglot (105x105 per neuron).

Generative Replay idea [86]. In MGR the model samples latent component labels
Ygen from a learned mixture prior and generates synthetic observations

xgen ~ peprev(x | den)l (47)

where 0prey denotes the previous model snapshot. These generated samples are
interleaved with the current data stream, reinforcing earlier concepts without
storing past examples. CURL without MGR omits this synthetic replay and trains
only on the incoming stream.

For evaluation we use two metrics: cluster accuracy and k-Nearest Neighbors
(k-NN) error. Cluster accuracy is computed in three steps. First, the learned
representations of the dataset are clustered with the k-means algorithm. Second,
each cluster is assigned to the true class that occurs most frequently within
it (true labels are used only for this mapping). Finally, using these assigned
labels we measure the classification accuracy on the test set. The k-NN error is
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Table 4.2: The average cluster accuracy and 10-Nearest Neighbors (10-NN) error
across all five tasks of the MNIST and Omiglot, evaluated after learning the whole
sequence. Each value is the average of five runs (with standard deviations). For
CURL the average number of clusters is not an integer, because it was found by
the algorithm.

MNIST

Method \ Clusters (Ne) Acc (%)1T 10-NN error (%)]
HebbCL (our) 25 74'23i0.67 6.48:|:0.20
50 78.3540.73 6.4810.20
CURLwW/MGR | 25204905  77.74.137 6.290 50
CURL W/O MGR 55.803|:1.94 45.35:|:1.50 17.46:|:1.25

Omniglot

Method \ Clusters (Ne) Acc (%)t 10-NN error (%)
HebbCL (our) 50 14.07:|:0_34 71.62:|:0.46
100 16.4640.25 71.621046
CURL w/MGR | 101201845 13.21.053 76.3411 10
CURL W/O MGR 189.60i9.75 13.3611'06 81.91:&1'36

Table 4.3: The average accuracy across all five tasks of the MNIST and CIFAR-10,
evaluated after learning the whole sequence of tasks. Each value is the average
of five runs (with standard deviations).

Method MNIST CIFAR-10
SGD 19.01 £0.04 15.56 £ 5.08
L2 18.88 £0.18 16.31 £ 3.52
EWC 18.90 +0.06 11.83 +4.10
Online EWC 18.89 +£0.07 15.49 +5.20
Synaptic Intelligence 17.94 +£0.57 17.38 £4.13
MAS 17.38 £4.19 11.79 £4.01
LwF 49.37 £0.68 13.89 £5.33
EfficientPackNet 99.42 £0.15 —
HebbCL (our) 93.25+0.38 40.91+0.30

the percentage of test examples misclassified by a k-nearest-neighbor classifier
operating directly in the learned representation space.

Results are given in Table 4.2. Omniglot, with 50 classes and high intra-class
variability, is more challenging than MNIST. HebbCL outperforms CURL on
Omniglot for both metrics and matches CURL on MNIST while requiring far less
memory. For example, on MNIST HebbCL uses a single hidden layer with 500
neurons, several times smaller than CURL.
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Figure 4.4: Visualization of weights trained on all tasks of CIFAR-10 in the
supervised setting. Each square represents 32x32x3 weights connected to a given
neuron. Here we show only neurons related to the first class (airplanes) with
possible influence of other classes.

Figure 4.3 visualizes MNIST weights after training. Most filters capture
meaningful structures and all classes are represented; noisy filters have little
effect because the k-winners layer zeroes their activations. On Omniglot, Heb-
bCL captures all alphabets, though some individual characters remain hard to
distinguish.

Continual Supervised Learning

We next evaluate the supervised HebbCL on MNIST and CIFAR-10, each divided
into five two-class tasks (Table 4.3). Training proceeds sequentially in the class-
incremental setting, where task identifiers are unavailable at inference.

Because HebbCL uses no replay buffer or generative model, we compare it to
regularization-based and parameter-isolation methods. On MNIST HebbCL sur-
passes all regularization approaches and approaches the best parameter-isolation
method, EfficientPackNet [82]. CIFAR-10 is more demanding; we therefore use
a wider layer with 2000 units (versus 640 for MNIST). Weights remain inter-
pretable and class-specific (Fig. 4.4). HebbCL achieves much higher accuracy
than regularization-based methods. EfficientPackNet has no published results
for harder benchmarks (such as CIFAR-10) in this class-incremental regime.

Ablation study

HebbCL contains four key components: local Hebbian learning, weight freezing,
dynamic neuron expansion, and the k-winners sparsity layer that zeros all but the
k largest activations. To assess the contribution of each, we performed an ablation
study in the unsupervised setting, measuring cluster accuracy and 10-NN error
with 10 clusters for MNIST and 50 for Omniglot. Table 4.4 shows that removing
any element degrades both metrics, and Fig. 4.5 illustrates the resulting changes

45



weights after training on the class 0 after all the classes

0 J o o O |0 g o o O
O &, O O C @ O O 0 C
O O O 0 o |0 O O 0 %
a) full
o o ) o / o ~J 4
O ) O O f / 3 5
] g 0 & 2 |/ ¥ 3 ! o
¢) without expansion
0 J o : E 0 / S q ]
9 K 7 § 49 &6 S
& Y |5 3 3 3 4
b) without freezing
4, O 5 / 9 ¢
O ’ O |@ g / ( 3
' O 2 |/ 5 3 / /

d) Hebbian learning

Figure 4.5: Investigation of catastrophic forgetting for different variants of Heb-
bCL. Figures show visualizations of weights after training on the first class and
the very same weights after a complete training on all classes. Clearly, in variants
without freezing b) and d) the weights have been forgotten (overwritten) by more
recent classes.

Table 4.4: Ablation study for HebbCL performed in an unsupervised setting. The
sign v' indicates which steps were used in the experiment - (H)ebbian learning,
(F)reezing weights, (E)xpansion and (K)-winners

Steps | MNIST | Omniglot
H F E K| Acc (%)t 10-NNerror (%)} | Acc (%)t  10-NN error (%)|
v Vv v Vv ]63.09+153 6.48 +0.21 14.07 +0.34 71.62 +0.46
7 v | 28964043 8.79 +£0.14 9.30 £ 0.19 81.95+0.31
v v | 48.56 +0.36 7.99 +0.20 14.50 4 0.27 79.81 4+ 0.49
vV 35.62 +0.14 6.14 4 0.05 12.4540.21 71.92 +0.53
v 32.240.15 6.8 +0.03 14.42 4+0.16 60.18 +0.22

in the learned representations.
Without expansion, all neurons are available at the start and the network
quickly exhausts its capacity, and once most neurons are frozen it cannot repre-
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sent new classes. Without freezing, new tasks overwrite earlier patterns, causing
severe forgetting. Disabling both freezing and expansion produces especially
weak and indistinct representations. Omitting the sparse k-winners layer also
lowers cluster accuracy significantly, particularly on MNIST.

On Omniglot the accuracy drop is less uniform, likely because the dataset’s
higher intra-class variability makes interactions between these mechanisms more
complex and less predictable.

4.2.3 Conclusion

HebbCL tackles continual learning when task labels and boundaries are un-
known, combining local Hebbian updates, neuron freezing, dynamic expansion,
and sparse k-winners coding to build a stable and interpretable representation.
It achieves state-of-the-art cluster accuracy and low 10-NN error on MNIST and
Omniglot while using far less memory than CURL. The same principles extend
naturally to supervised class-incremental learning, where HebbCL matches the
best baselines on MNIST and clearly outperforms regularization approaches on
CIFAR-10. Its learned weights correspond to human-readable prototypes, an
advantage for safety-critical applications.

HebbCL demonstrates that a system can retain past information without
maintaining an explicit replay buffer, as is done in the Deep Features Buffer.
Yet, it can still perform competitively on unsupervised and supervised continual
learning benchmarks by memorizing representations directly in the weights.

A key open challenge is scaling HebbCL to deeper networks and more
complex datasets while preserving its stability and interpretability. Addressing
this will further bridge representation-driven replay strategies and biologically
inspired local learning as complementary tools for continual learning.

4.3 Continual Visual Mapping

Transformer architectures have shown that scaling data and model size con-
sistently improves predictive performance across text, vision, and multimodal
tasks. Large pre-trained Transformers now serve as reusable representations for
a wide range of applications, but adapting or fine-tuning them typically demands
substantial data and compute. Recent research therefore seeks efficient ways to
transfer their knowledge to new tasks and domains without costly retraining.

Continual learning introduces an additional challenge: a model must learn
from a non-stationary stream while retaining past knowledge. Explicit replay
buffers, as used in the Deep Features Buffer (DFB), and implicit weight-based
memory, as in HebbCL, address this for moderate-scale models. Continual Visual
Mapping (CVM) extends this trajectory to the setting where the goal is not to
store examples or latent representations at all, but to map incoming visual inputs
directly into a fixed, high-capacity semantic space defined by a large frozen
language model.

CVM uses a visual encoder, which is relatively small compared to LLMs, to
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Figure 4.6: Conceptual image of our Continual Visual Mapping (CVM) method.
A small and efficient parametric model fy is continually learned to map visual
concepts into semantically richer embeddings extracted from frozen and pre-
trained Large Language Models (LLMs).

align its outputs with static semantic anchors. This effectively distills the repre-
sentational power of a language model into a continually updated vision module.
Because the target space remains constant, the visual encoder can accumulate
knowledge without replay or parameter growth, yielding a stable representation
suitable for downstream tasks. This section presents the CVM algorithm, its
architectural choices, and empirical evaluation on resource-constrained continual
learning benchmarks.

4.3.1 Method

A standard classifier fg consists of a feature extractor fy and a classifier c,,, where
0 and w are trainable parameters. Given an input x;, the prediction is

i = co(fo(xi)). (4.8)

In continual learning, repeated updates of 8 and w cause interference between
tasks, so decision boundaries learned early are overwritten as new classes arrive.
Because the model relies only on limited visual inputs, its representations become
biased toward seen classes and transfer poorly to future tasks.

Anchor-based classifier. Continual Visual Mapping replaces the trainable clas-
sifier ¢, with a fixed set of anchor vectors that represent each class in a semantically
rich latent space. These anchors are extracted once from a frozen large pre-trained
language model. For each class ¢, we query the LLM with the prompt “This is an
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image of label”, where label is the class name, and store the resulting embedding
Cc. This one-time query occurs only when new classes are detected. The LLM is
not used during training, so its weights always remain frozen.

During inference, the class of x; is predicted as the anchor with minimum
cosine distance:

7= argICI;iCI} d(fo(x),Ce), 4.9)

where C; contains anchors of all classes observed up to task t.

Triplet loss with margin «. To align the visual encoder with the fixed semantic
space, we use a triplet loss [81] with cosine distance:

L :—Zmaxo d(fo(x:), CF) — d(fa(x;),CN) +a], (4.10)

where C? is the positive anchor of the true class and CV is a randomly chosen
negative anchor. Random negatives performed better empirically than choosing
the closest or farthest class.

Semantic distance loss. Because different classes may share semantic similarity,
we regularize distances to previously seen classes to preserve their relative
structure. Let fy—1 be the encoder after task t—1 and C'~! the corresponding
anchor set. For current input x; we minimize

Zd( (for (x0), €71, fyra (x0), €71, (4.11)

which aligns the current distances to anchors of past classes with those produced
by the previous model.

Total objective. The final training loss combines mapping and distillation
terms:
Ly = Ly, + BLy, (4.12)

where f controls the strength of similarity preservation. Figures 4.7b and 4.7a
illustrate inference and training, respectively.

By grounding a continually trained visual encoder in a fixed, semantically
meaningful space, CVM transfers knowledge from a large language model with-
out replay buffers or parameter growth, reducing forgetting and improving for-
ward transfer.

4.3.2 Experiments

Simulating a resource-constrained environment, we use a reduced version of the
ResNet architecture proposed in [75] for the visual model. The difference with
the full-sized ResNet-18 is described in 3.3.2. The trainable part of CVM differs
from the baseline methods only in increased numbers of channels of the last
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Figure 4.7: Diagram of how CVM works at Training and Inference. During
training (a), when adding new classes (plane and boat), two losses are involved:
the triplet loss with a margin a and the semantic distance loss restrained by
coefficient 8. At inference (b), the prediction Y is obtained by selecting the
minimum distance between the image embedding and the seen classes in the
latent space.

convolutional layer, to be the same as the length of the text representation. This
modification allows us to remove the last linear layer, which means that with
CVM, we train fewer parameters. To verify, we also ran experiments with the
expanded convolutional layer for other methods but got similar results. For the
text model, we use frozen SentenceBERT [76] to extract the textual representation
for the classes.

We compare our proposal to multiple types of baselines described in Chap-
ter 2. First, we compare our method against some classic continual learning
methods like AGEM [16], EWC [36], and LwF [55]. We also compare against
memory-based methods like ER [15], DER++ [9] and iCaRL [75]. iCaRL is es-
pecially interesting to our case since it a nearest-mean-of-exemplars classification
strategy instead of linear classifier at inference time. However, the methods differ
mainly in the training, as iCaRL uses a cross-entropy loss with labels instead of
the distance to anchor vectors. The way iCaRL generates the vector per class is
also different since here are generated from the samples in the memory of that
same class by averaging the vectors.

In these experiments, we use an SGD optimizer with a learning rate of 0.1 and
abatch size of 32. CIFAR-100 and TinyImagenet train for 50 epochs per experience,
and for CORe50, we train for 30 epochs.

4.3.3 Results

Table 4.5 reports average accuracy for the class-incremental learning (CIFAR-100
and TinyImageNet) and domain-incremental learning (CORe50) benchmarks. As
in prior work, regularization-only methods (Naive, AGEM, LwF, EWC) perform
poorly on class-incremental learning, remaining near 7-9% accuracy because the
sharp distribution shifts across tasks overwhelm their constraints.

Replay-based methods improve results substantially: ER reaches 21.0% on
CIFAR-100 and 13.1% on TinyImageNet, and DER++ achieves 19.1% and 13.9%,
respectively. Adding EWC to ER helps on TinyImageNet (17.7%) but lowers
CIFAR-100 accuracy slightly.
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Class-IL Domain-IL
CIFAR-100 TinyImageNet| CORe50

Naive 9.0+ 17 74 £0.1 23.1+1.0
AGEM 93+09 75+0.1 260+ 1.3
LWEF 88+ 15 74+£00 |31.7+22
EWC 8.6 +0.2 73+0.1 240+ 34
ER 21.0+01 131+£02 |33.0+04
+ Ly 209+0.7 107+03 |328=£13
ER+EWC|192+04 17.74+1.0 |319=£0.1
+ Ly, 252+06 115+12 |322+23
DER++ 191+08 1394+04 |348£23
+ Ly, 21.0+12 11.7+04 |331+06
iCaRL 291+11 2434+02 |178£18
CVM 329+04 27.0+08 |[37.6L11

Table 4.5: Accuracy for class-incremental learning benchmarks: CIFAR-100 and
TinyImageNet, and CORe50. CVM outperforms all methods regarding average
accuracy due to the combination of the change of the classifier and the semantic
loss.

Replacing the cross-entropy loss with the mapping loss L, (Eq. 4.10) shows
mixed effects, when on CIFAR-100, ER+EWC gains about 6%, and DER++ gains
about 2%. However, L,, does not benefit ER (21.0% — 20.9%) and even reduces
accuracy on TinylmageNet for several methods. These results indicate that,
while it can help when combined with EWC on CIFAR-100, Ly, is not universally
advantageous alone.

CVM incorporates L, together with the semantic-distance loss L4, which pre-
serves relationships among previously seen classes. This combination delivers
the best overall performance: 32.9% on CIFAR-100 and 27.0% on TinylmageNet,
surpassing iCaRL by roughly 4.3%, respectively, and exceeding ER and DER++
by more than 10% on both datasets.

A similar pattern appears in the domain-incremental learning scenario. Reg-
ularization methods again lag behind, and replay methods perform best among
baselines, with DER++ reaching 34.8%. Despite being replay-based, iCaRL strug-
gles (17.8%) because domain shifts distort its class means. Here L, brings no
gains to ER or DER++, yet CVM attains 37.6% accuracy, the highest overall,
confirming the benefit of aligning visual features to a fixed semantic space with
semantic-distance regularization.

In the case of memory-based methods, increasing the memory size improves
the representativeness of the buffer, which should help increase performance by
decreasing forgetting. As shown in Table 4.6, DER++ is the method that scales the
best as we increase the buffer size, significantly increasing its performance. How-
ever, it still achieves worse results than CVM, which consistently outperforms
previous methods.
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Memory Size

500 1000 2000 3000 5000
ER 21.0% 28.2% 36.8% 40.5% 47.3%
+ Ly 20.9% 27.9% 37.7% 41.8% 47.3%
ER + EWC|19.2% 26.1% 35.0% 39.4% 43.6%
+ L 25.2% 26.1% 35.5% 39.1% 46.8%
DER++  [19.1% 26.6% 39.3% 45.3% 50.9%
+ L 21.0% 28.2% 39.6% 43.1% 47.5%
iCaRL 29.1% 36.4% 37.7% 38.8% 39.6%
CVM 32.9% 38.7% 43.5% 47.5% 51.4%

Table 4.6: Accuracy of the CIFAR-100 benchmark when increasing memory size
in different memory-based methods.

4.3.4 Conclusion

Continual Visual Mapping (CVM) introduces a continual learning strategy that
anchors visual representations to a fixed semantic space derived from a frozen
large language model. By mapping images to this knowledgeable latent space, a
lightweight visual encoder can acquire new concepts while preserving relations
among previously learned classes, without replay buffers or task-specific classi-
fiers.

CVM advances the research path established by the Deep Features Buffer and
HebbCL. DFB demonstrated the value of selecting diverse examples for explicit
replay, while HebbCL eliminated the buffer by storing knowledge directly in net-
work weights through Hebbian updates. CVM moves further by discarding both
replay and implicit weight-based memory: it stores only static language-model
embeddings and trains a vision module to align with them. This design enables
experiments on far more complex datasets—such as CIFAR-100, TinyImageNet,
and CORe50—while remaining efficient in data and compute.

Empirical results show that CVM achieves state-of-the-art accuracy in both
class-incremental and domain-incremental settings, outperforming strong replay-
based baselines under resource constraints. These findings indicate that contin-
ual learners can exploit the rich semantic structure of large language models to
stabilize training and improve forward transfer, opening a direction for future
methods that combine lightweight vision encoders with powerful frozen text
models.
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Chapter 5

Memory Sampling

T HE effectiveness of replay in continual learning depends not only on how
% 2 the memory buffer is populated but also on how samples are drawn from
it during training. This chapter follows that line of inquiry. The results
presented were previously published in Merging versus Separating Replay Samples
in Continual Learning [45] and Batch Sampling for Experience Replay [41].

We begin by examining how different replay—update protocols influence the
impact of sample selection. Using a range of established heuristics, we compare
two practical options: merging replay samples with the current minibatch for a
single backward pass or processing them in a separate pass. A detailed analysis
and extensive experiments reveal that this implementation detail alone can shift
accuracy and even reverse the relative ranking of selection strategies.

Building on these insights, we move from evaluating existing heuristics to
designing a new selection approach. Guided by active-learning principles of
informativeness and diversity, we introduce Random Batch Sampling (RBS).
RBS searches a small set of candidate batches and selects the one that most effec-
tively complements the incoming data, yielding consistent gains over standard
experience replay and strong baselines.

Taken together, these studies show that the way replay samples are chosen at
each update is as critical as the content of the buffer itself, and careful attention
to selection strategy is essential for reliable performance.

5.1 Merging Versus Separating Replay Samples

5.1.1 Replay Selection Strategies

Various heuristics have been proposed to improve on naive random selection from
the memory buffer. Following the largest benchmarks [95, 28], we will compare
the next variants:

Random: Randomly selects samples from the replay buffer without any
specific criterion, serving as a baseline strategy.

Entropy: Selects samples based on prediction entropy H = —Y p;logp;,
prioritizing samples with high uncertainty (high entropy) where the model is
least confident.
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Confidence: Selects samples with the highest maximum predicted probability
max(p;), focusing on examples where the model is most confident about its
predictions.

Margin: Selects samples based on the difference between the top two pre-
dicted class probabilities, prioritizing samples with small margins where the
model struggles to distinguish between classes.

K-means: Clusters sample embeddings using k-means clustering and selects
the sample closest to each cluster center, ensuring diverse representation across
the feature space.

Coreset: Implements greedy core-set selection by iteratively choosing sam-
ples that are farthest from already selected samples in the embedding space,
maximizing coverage and diversity.

Bayesian: Uses Monte Carlo dropout to estimate predictive uncertainty by
computing the difference between total entropy and expected entropy across
multiple (10 in our experiments) forward passes.

MIR (Maximally Interfered Retrieval): Selects samples that would cause the
largest increase in loss after a virtual gradient update, identifying samples that
most interfere with the current learning objective. [1]

In the result tables, (Max) or (Min) refers to selecting samples with the highest
or lowest scores, respectively.

5.1.2 Replay Protocols

Despite the progress in advanced selection heuristics, there is an understudied
detail that can substantially affect performance: whether replay samples are
merged with the current minibatch in a single backward pass or processed sepa-
rately in a separate backward pass before a joint optimizer update. While some
influential studies explicitly use separate backward passes (e.g., implementations
of MIR and related methods [1, 67, 94]), popular continual learning libraries such
as Avalanche [11] and Mammoth [8] default to a single merged backward pass.
It is worth noting that one gradient computation step is more computationally
efficient than two steps, which could be a strong argument for prioritizing the
second method.

Although several publications provide valuable guidance on fair evaluation
protocols for experience replay [10, 38], they do not investigate the potential
impact of merging versus separating replay samples during training.

5.1.3 Theoretical Analysis

The replay-based continual learning is based on maintaining a small replay
memory buffer M of previously observed samples. Let D; = {(x;,y;)}’_, be
the new data arriving at step ¢, and let B C M be the batch of replay samples
sampled from M. We then seek to update the model parameters 6 to minimize
the training loss on both new and replay data.

Consider a model fy parameterized by 6, and define the total loss on a set
of samples S as L(0;S) = YL (yy)es £(fo(x),y), where £(-,) is a per-sample loss
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function.
Merging (Single Backward Pass). New and replay samples are concatenated

into a single merged batch D;nerged = D; U B. A single gradient step updates 0:
9t+1 = Bt — WVQ[L(Q, Dt) + L(Q, B)] ‘9:9t (51)

Here, the gradient from new data and replay data is combined at the same
parameter point 0;. This is computationally cheaper but makes it impossible to
distinguish which portion of the update was primarily driven by D; versus B.

Separating (Two Backward Passes). New and replay data are processed in
distinct backward passes. First, 8 is updated using only the new data, then the
updated parameter is used for a second update with replay data:

61", = 6; — V4L(6; Dt)|o—s, (5.2)
1
Bui = 01— 1VoL(6,B)],_y0) 53

Crucially, the second gradient is computed at the updated parameter 0 Sr)l,

at 8;. Thus the two gradients are applied sequentially, leading to a different final
0¢+1 than in the merging case.

Impact on Optimization Trajectory. Even if B is sampled randomly, merging
vs. separating can produce different parameter updates. In merging, the step is:

Amerge = —ﬂ[VL(Qt,' Dt) + VL(Qt,B)] (54)

computed once at ;. In separating, the second step depends on the updated
parameter:

Asep = _UVL(Gt} Dt) — ﬂVL(@t — ﬂVL(@t,' Dt),'B) (55)

which typically differs from simply summing the two gradients at 6, because
VL(¢; B) can change nontrivially once 6’ has already been updated using D.
The fundamental difference between the protocols can be analyzed using
Taylor expansion. The second gradient term in separating can be approximated
as:
VL(0: — 7V L(6:;Dt); B) ~ VL(0t; B) — nHpVL(64; Dy) (5.6)

where Hp is the Hessian of L(6; B). Therefore, the difference between the two
update protocols is:

Asep - Amerge . UZHBVL(QU Dy) (5.7)

This difference term is a random variable that depends on the curvature struc-
ture of the replay samples (Hp) and the gradient direction induced by new
incoming data (VL(6¢; D;)). Since both Hg and VL(6;; Dy) vary unpredictably
across different batches, tasks, and datasets, the relative performance of the two
protocols is inherently inconsistent. This directly explains our empirical obser-
vation that neither protocol consistently outperforms the other across different
experimental settings.
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Figure 5.1: Comparison of Merged and Separated replay protocols.

5.1.4 Experiments

We evaluated replay-based continual learning approaches under different sam-
ple selection heuristics and two distinct model update protocols (Figure 5.1):
(1) Merging, which combines replay samples with the current minibatch in a
single backward pass, and (2) Separating, which processes replay samples in a
separate backward pass before a joint optimizer update.

We tested three architectures, in addition to the ResNet-18 and MobileNetV?2
(pre-trained with ImageNet) we are using a lightweight convolutional network
with three 3x3 convolutional layers: 32, 64, and 128 channels. All models were
optimized with either Adam (results in Table 5.1) or SGD (Table 5.3), using a
single training epoch per new batch in the online setting. The learning rate was
tuned to each combination of other parameters (ranging from 0.00005 to 0.2).
The online and memory batch sizes were set to 32 for CIFAR-10/100 and 128 for
TinyImageNet.

We compared random selection against a range of sample prioritization
heuristics, including confidence, entropy, margin, Bayesian disagreement, clus-
tering approaches (KMeans and Core-Set), and a loss-based interference criterion.
We use the same random subsampling of size 50 for all strategies, as introduced
in MIR. This step increases the diversity of the selected samples, preventing the
strategy from selecting the same high-scoring samples for each mini-batch. The
replay samples were selected by computing a score (e.g., the entropy of the output
distribution) and taking either the highest or lowest scoring examples.

MIR strategy limitation. The version of MIR for the merged protocol differs
from the original implementation. Since it relies on how the loss of a sample
changes before and after new data is seen, two separate gradient computations
are naturally required. The difference is that we use a separated protocol for
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sample selection, zero the gradients, and then merge the selected samples with
the current mini-batch for the merged protocol.

5.1.5 Results

Table 5.1 reports the final average accuracy on CIFAR-10 for various sample
selection strategies under the online class-incremental setting, using both CNN
and ResNet-18 architectures. We highlight two important observations.

First, the absolute performance of each heuristic varies considerably between
merging and separating, sometimes reversing the ranking of the strategies. For
instance, margin-based sampling shows competitive results under merging in
certain cases (e.g., Margin (Min) with CNN), but does not consistently outperform
random sampling when tested with separating.

Second, methods that rely on an additional gradient computation (e.g., MIR
or other interference-based sampling variants) cannot be applied in the merging
scenario without first computing the gradients for the current minibatch in order
to select samples for the memory batch. This emphasizes the protocol-dependent
nature of these strategies.

Table 5.1: Final average test accuracy (%) on CIFAR-10 under an online class-
incremental continual learning setting with a fixed memory buffer of 200 samples
and 5 task increments. Results are shown for different sample selection strategies
using two network architectures (CNN and ResNet-18) with Adam optimizer,
each evaluated under two update protocols. Results are averaged over 10 runs
with different seeds (mean + std).

CNN ResNet-18
Strategy Merging  Separating  Merging  Separating
Random 46.41 £1.62 4271 =2.68 40.79 =127 38.23 +-2.24
Bayesian (Min) 2792 £1.27 29.19 £2.99 36.07 £1.45 42.65 +5.41
Bayesian (Max) 4252 £2.36 46.04 +1.82 31.09 £3.88 33.75 1+ 3.81
Confidence (Min) 38.22 +1.85 39.74 £1.84 34.46 +3.10 37.02 £2.81
Confidence (Max) 21.67 +1.37 26.73 £4.04 21.75+0.86 22.19 +£1.99
Core-Set 29.58 £2.22 34.64 =133 35.70 £ 2.64 38.58 & 3.33
Entropy (Min) 43.00 £1.50 42.354292 35.14 =344 36.11 +2.55
Entropy (Max) 29.66 £2.02 30.57 £2.19 2252 +1.18 21.99 +1.51
K-Means 41.83 £1.39 41.06 =235 37.51 £2.87 4149 +1.72
Margin (Max) 3226 £1.87 31.05+2.62 21.26 £1.37 23.61 £+ 2.58
Margin (Min) 4527 +0.81 44.05 £1.80 38.90 +2.76 40.61 £ 1.47
MIR 46.00 £1.10 4299 +1.05 40.77 =2.40 42.02+2.13

As shown in Table 5.2 , there is a clear trade-off between accuracy and
computational cost, which is notably affected by memory size. Across the
CIFAR-10 and CIFAR-100 datasets, increasing the memory size from 200 to
1000 consistently improved the accuracy of the MIR strategy. The MIR strategy
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Table 5.2: Final test accuracy (%) and average time of run in minutes for different
selection strategies across datasets and memory sizes. The time is measured in
minutes.

CIFAR-10 - ResNet-18

Merging Separating
Strategy Memory  Acc. (%) Time  Acc. (%) Time
Random 200 40.18 =085 1.0 36.04+066 1.2
Margin (Min) 3574 +£0.69 24 3843071 27
MIR 4145+162 65 41.06+422 32
Random 500 4558 +£1.11 1.0 37.02+405 12
Margin (Min) 4725+026 48 44304003 5.1
MIR 4970 =144 65 3340+353 56
Random 1000 4778 £0.05 1.0 3388+375 13
Margin (Min) 4428 154 49 3056+542 52
MIR 5402+181 65 5165056 3.1
CIFAR-100 - ResNet-18
Random 200 1348 £090 13 1435+043 1.7
Margin (Min) 1344 +£0.19 28 1452+026 3.2
MIR 1430+ 041 6.6 1522+0.08 3.7
Random 500 1714 +£0.78 13 17.60+£0.32 1.7
Margin (Min) 1758 £0.12 43 18.67 £0.03 4.0
MIR 1819 £130 6.6 1840+0.77 4.4
Random 1000 1997 £028 13 20.79+0.88 1.6
Margin (Min) 1996 £1.18 5.0 2048+022 4.7
MIR 2097 £021 6.6 21.11+038 3.7

achieved the highest accuracy (54.02% and 21.11%, respectively), but it incurred
significantly higher computational costs, compared to random sampling. Despite
its moderate accuracy improvements over Random at smaller memory sizes,
the Margin (Min) strategy becomes less effective at larger memory sizes, as
is particularly evident on CIFAR-10. Additionally, as expected, the separating
protocol is slightly slower than the merging protocol.

Table 5.3 focuses on the random selection baseline, comparing merging
and separating across CIFAR-10, CIFAR-100, and TinyImageNet. We see no
universal trend favoring one update protocol over the other. For example, on
CIFAR-10, merging yields a higher average accuracy than separating, whereas
on CIFAR-100 the opposite is observed. In both experiments, the performance
differences between the two approaches were found to be statistically significant,
as confirmed by paired t-tests and Wilcoxon signed-rank tests (p < 0.01).

Across extensive hyperparameter sweeps involving multiple learning rates,
batch sizes, and two popular optimizers (Adam and SGD), no consistent per-
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Table 5.3: Comparison of the model update protocols with SGD optimizer for the
random sampling baseline. Results are averaged over 10 runs with different seeds
(mean = std).

Dataset Model Merging  Separating
CIFAR-100 CNN 4143 £1.47 4313 +1.32
CIFAR-10 CNN 41.68 +1.18 38.19 £ 1.57

TinyImageNet MobileNetV2 26.80 & 0.43 25.13 - 0.51

formance pattern emerged favoring one update protocol over the other. This
further reinforces our conclusion that the optimal choice between merging and
separating is context-dependent and should be reported explicitly to ensure fair
comparisons. A complementary analysis of replay sampling (see Appendix A)
shows that post-hoc selection of random non-uniform distributions provides
a clear empirical upper bound, revealing measurable performance headroom
beyond uniform sampling [46].

5.1.6 Conclusions

We examined a seemingly minor implementation detail, the choice to merge or
separate replay samples from the current minibatch during training, and showed
that this replay protocol can strongly influence the effectiveness of experience
replay in continual learning. Extensive experiments across datasets, model
architectures, and sampling heuristics revealed that switching between these two
update protocols can produce substantial changes in overall accuracy. In some
cases, a replay strategy that clearly outperforms a random baseline under one
protocol fails to do so under the other.

These findings highlight the need for greater transparency in continual learn-
ing research. When introducing new replay methods, authors should specify
whether replay samples are merged into the main training step or processed
in a dedicated backward pass. Omitting this detail can obscure comparisons
and invite misinterpretation, especially when baselines use different update
routines. Widely used continual learning libraries also differ in their default
settings, reinforcing the importance of standardization for fair and reproducible
benchmarking.

5.2 Batch Sampling

The challenge of sample selection is that, according to the active learning litera-
ture [20], the batch has three measures that influence its potential performance:
informativeness, diversity, and representativeness. The difference between batches
selected with only one dominant measure is shown in Figure 5.2.

Informativeness measures how useful a sample could be to update the model.
This can be based on data attributes, like class probability distributions, or on the
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Figure 5.2: Visualization highlighting three key properties of batch selection
on an example of a binary classification problem: informativeness, where the
samples (green) provide valuable insights by their proximity to the decision
boundary; representativeness, where the samples (red) capture the predominant
trends of the dataset by clustering in high-density areas; and diversity, where the
samples (yellow) are uniformly selected across the dataset, ensuring a compre-
hensive representation. Black and white circles denote samples of distinct classes,
and the solid line indicates the decision boundary. The dashed lines separate
regions where different selection strategies have been applied.

model’s current state, such as proximity to the decision boundary. For our work,
we use informativeness as a metric for its potential to counteract forgetting.

Representativeness captures how well a sample represents the underlying data
distribution. Methods for quantifying this can range from density estimation
techniques to average distance calculations with nearest neighbors. In some cases,
cluster medoids are chosen as representative samples.

Diversity refers to heterogeneity within a batch of samples, preventing redun-
dancy and information overlap. Techniques to ensure diversity could involve
maximizing pairwise distances or employing clustering methods to choose sam-
ples from various clusters.

It is difficult to predict the importance of each property in a specific training
step of the model and approximate all into one metric. Therefore, the problem
was reduced to combining or simultaneously improving only the informativeness
and diversity. We imply that representativeness was secured by the method of
selecting samples to the memory buffer. For the same reason, we did not address
the problem of outliers that may occur in the memory buffer.

5.2.1 Method

Algorithm 1 describes a continual learning procedure that extends standard
experience replay by introducing two linked contributions.
Batch Cosine Distance (BCD) is a ranking metric designed to identify the
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Algorithm 1: Replay Batch Sampling (RBS) with Batch Cosine Distance
(BCD)
Input: Tasks T, learning rate a, replay batch size BB, number of trials N
1 Initialize: memory M; current model 0
2 fort € 1.N do
3 for B, ~ Ty do

4 0% <~ SGD(By, «) // temporary model updated on the online
batch
5 fori € 1.N do
6 By, ~ RandomSampleMemory(M, B)
7 Eg < ExtractEmbeddings(By,, 0)
8 Ego < ExtractEmbeddings(Ba,, 69)
9 C; « CosineDistance(Eg, Egv)
10 end
11 Bopt < SelectMaxDistance(C)
12 6 < SGD(B;; U By, )
13 M  UpdateMemory(B,)
14 end
15 end

memory batch that induces the greatest representational change relative to the
current model. When a new online batch B, arrives, the model parameters are
temporarily updated to 87 with a single SGD step. For each candidate replay
batch By, randomly drawn from the memory buffer M, we extract normalized
embeddings from both the current model 6 and the temporary model 6°. The
cosine distance between these embeddings, C;, quantifies how strongly By,
would alter the internal representations if learned together with B,,. The batch
with the maximum distance, B, is therefore expected to provide the most
informative rehearsal signal.

Replay Batch Sampling (RBS) is a proof-of-concept selection strategy that
applies BCD. The space of possible replay batches is astronomically large (for
example, more than 2.63 x 10%3 combinations when sampling 10 examples from
a memory buffer of size 1000). Since the exhaustive search is infeasible, at each
model update RBS samples only nine candidate batches uniformly at random and
evaluates them with BCD. To facilitate comparison with existing methods, we
also include a single batch chosen by the MIR heuristic, giving a total of ten BCD
evaluations per update. Although it is possible to replace most, if not all, of the
minibatch candidates with those proposed by the MIR or other heuristics, we are
demonstrating the potential of the ranking metric using the simplest approach.
This idea was extended to inter-batch diversity [43], suggesting that the diversity
of samples within a batch and across a sequence of batches should positively
impact optimization.

The remainder of Algorithm 1 shows how these two ideas are combined. For
each new online batch, the temporary model 6 is created (line 4). Lines 6-10
perform the RBS loop: a small set of candidate memory batches is drawn, their
embeddings are compared using BCD, and the batch with the highest cosine
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Table 5.4: The average accuracy across all five tasks of the MNIST and CIFAR-10,
evaluated after learning the whole sequence. Each value is the average of 20 runs
with standard deviation.

CIFAR-10
Memory ER Class-balanced MIR RBS
200 2254 +200 2338+1.64 24394185 27.74+3.45
500 2651 +£276 2613+274 32.06 +£3.51 36.79 +2.73
1000 28.53 +4.17 2887 £2.86  40.09 £3.52 42.15 £ 2.08
MNIST
200 79.50 £5.00 80.37+2.72 80.86 +4.09 81.81+2.70
500 8491 +3.61 85.06+1.88 85.09+5.61 87.01+3.25
800 8622 +229 85.64 288 89.47 £1.94 89.33 +2.49

distance is selected as Bop:. Finally, as shown in line 11, the current model is
updated on the union of B, and B,, after which the memory buffer is refreshed.

Implementation details follow the same structure across architectures. In
experiments with CIFAR-10 and a ResNet-18 backbone, embeddings are taken
from the output of the third residual block after average pooling. For the
two-layer MLP baseline, embeddings are extracted from the second hidden layer.
This choice of layer acts as a tunable hyperparameter but is fixed per experiment
to ensure consistent measurement of BCD.

5.2.2 Results

In Table 5.4, we present the results of our batch sampling method (RBS) compared
to Experience Replay (ER), Class-balanced and Maximally Interfered Retrieval
(MIR). Each result shown in the table is the average of 20 independent runs with
the standard deviation mentioned. Class-balanced Experience Replay is a simple
modification of naive ER, where the random sampling is stratified by classes. For
the CIFAR-10 dataset, our method consistently outperformed both ER and MIR
in all memory buffer sizes. In particular, with a smaller memory size, our method
achieved a greater improvement, since the low variability of the available samples
increases the impact of the selection strategy.

For the MNIST dataset, our method maintained its competitive performance.
With a memory size of 200 and 500, our batch sampling approach achieved the
highest average accuracies of 81.81% and 87.01%, respectively, outperforming ER
and MIR. However, for a memory size of 800, MIR slightly surpassed our method
with an average accuracy of 89.47, compared to 89.33 achieved by our method.
The Wilcoxon signed rank test found that only for this memory size of all shown
in Table 5.4 the MIR and BS results belong to the same distribution. These results
empirically demonstrate the effectiveness of our batch sampling method in the
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Replay-based Continual Learning setting.

5.2.3 Limitations and Future Work

Our research, while promising, is not without limitations. Here, we outline the
potential areas where this approach may be constrained and could benefit from
further investigation and refinement.

A significant area of focus is the trade-off between effectiveness, represented
by informativeness, and diversity within a replay batch. Balancing the two aspects
might be challenging, especially since the appropriate balance could vary be-
tween different tasks and even model updates.

Another concern pertains to the scope of diversity. Although our method
excels at fostering diversity within individual replay batches, it does not in-
herently ensure diversity across a sequence of such batches. The absence of
such cross-batch diversity could compromise the model’s long-term performance
when facing an extended sequence of tasks, warranting additional investigation
into how to integrate inter-batch diversity.

The choice of metric also introduces another layer of complexity. We have
used cosine similarity between hidden representations, largely due to its com-
putational efficiency and its established role in assessing the similarity between
embeddings. However, this metric, like any other, may not capture all the
intricacies of the change in learned knowledge represented by the hidden layers.

Moreover, given the unpredictable dynamics of task transitions in contin-
ual learning, there may exist situations where catastrophic forgetting is so pro-
nounced that virtually any replay batch would offer utility in mitigating it. In
such scenarios, the computational overhead of an exhaustive search for an opti-
mal batch using methods such as RBS becomes unnecessary and could be avoided.
Further investigation of the appropriate time for application of the method could
noticeably increase the training speed.

Finally, there is the question of benchmarking methods that utilize secondary
memory buffers, which includes our proposed RBS. For a fair comparison, the
additional memory utilized should be taken into account in the overall memory
budget.

5.2.4 Conclusions

This chapter has explored how the use of a replay buffer is just as critical as
its composition for effective continual learning. Our investigation began with
a detailed analysis of replay—update protocols. We compared merging replay
samples with the current minibatch in a single backward pass against processing
them in a separate pass before the optimizer update. Through the extensive
experiments across multiple datasets, architectures, and sampling heuristics, we
showed that this seemingly minor implementation detail can substantially alter
optimization dynamics, final accuracy, and even reverse the relative ranking
of sample-selection strategies. This result underscores that experience-replay
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methods cannot be fairly compared unless their update protocols are explicitly
specified and carefully controlled.

Having established the importance of update protocols, we shifted our focus
to the selection of samples from the memory buffer. Drawing inspiration from
active-learning principles of informativeness and diversity, we proposed Random
Batch Sampling (RBS), a method that evaluates a small number of candidate replay
batches by computing the cosine distance between their hidden representations
and those of a temporarily updated model. Despite the enormous combinatorial
space of possible batches, we demonstrated that considering just a handful of
candidates per update was sufficient to outperform both standard Experience
Replay and the strong Maximally Interfered Retrieval baseline. Our experiments
turther showed that RBS provides the largest gains under tight memory con-
straints, where the quality of each replay batch is most consequential.

In summary, this chapter demonstrates that the success of experience replay
is not determined solely by which samples fill the memory buffer. Equally
decisive are the mechanisms by which those samples are chosen and integrated
during training. Recognizing and explicitly managing these factors is essential
for building continual-learning systems that learn stably and retain knowledge
over long sequences of tasks.
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Chapter 6

Memory Replay Evaluation

%’%ﬁ XISTING metrics in continual learning primarily focus on the model’s vul-
@Lﬁ nerability to catastrophic forgetting, the process of performance decay

on previously learned tasks due to the acquisition of new information,
or its proficiency in knowledge transfer between tasks. However, they fall short
of specifically evaluating the model’s ability to preserve internal knowledge as
opposed to accessing or, in the case of the memory-based CL methods, relearning
it, often at the expense of losing generalization across tasks.

To address this need, we introduce Knowledge Retention (published in Eval-
uating Knowledge Retention in Continual Learning [42]), a metric designed to offer
a model-, method-, and task-agnostic assessment of knowledge preservation in
continual learning scenarios. We operate under the assumption that the profi-
ciency of a model in extracting features from unseen data is indicative of both
its generalization capabilities and the extent to which it retains knowledge from
previous tasks. This effectiveness can be quantified by comparing the task-wise
performance of the original model with a full copy that has its feature extraction
layers frozen, both trained on the current task.

Our results show that KR successfully indicates whether a model is actually
learning from a sequence of tasks, such as in the case of Experience Replay [77],
or simply memorizing data from a memory buffer, using the Greedy Sampler
and Dumb Learner (GDumb) [70] as an extreme example of such a strategy.
Furthermore, it is capable of isolating the impact of stored samples, which
typically influences the overall performance of the model, but it can now be
evaluated independently from other variables.

6.1 Metric

To compute Knowledge Retention, we employ two versions of the same model
architecture: one that is fully trainable (§) and another where all layers except the
classifier head are frozen (8¢ozen). We make a new 0,0, On the beginning of each
task by copying the current state of 6.
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The KR metric measures the average difference in performance between 6 and
Ofrozen OVer all tasks. A lower KR value indicates better knowledge retention,
as it suggests that the feature extractor of the model has learned features that
generalize well across tasks.

6.2 Experiments

To demonstrate the application of the Knowledge Retention metric, we compare
the memory-based methods with the opposite approaches to utilization of the
memory buffer, the data structure maintaining the small subset of the experiences
from the previous tasks. Experience Replay aims to mitigate catastrophic forget-
ting by retaining a memory buffer of past data. During training on the new tasks,
the algorithm samples from this buffer to merge past and present experiences,
allowing the model to replay and stabilize its knowledge. On the other hand,
GDumb simply uses the memory buffer to retrain the model from scratch prior
to evaluation. Despite the fact that the transfer of knowledge is impossible in
this method, it appears to be a strong baseline, often outperforming the other CL
methods. Even a detailed comparison of the training trajectory in the parameter
space [88] between GDumb and ER cannot reveal any problems with this not quite
continual approach. To calculate KR for GDumb, we first train ¢ frozen Dased on 0
and then create a new 6 trained on the memory buffer from scratch. We expect
that KR will show that GDumb tends to retrain on the memory noticeably more
than ER, since that is the key difference between the methods.

We also modify the original ER, which randomly selects samples for the
memory, to preserve the experiences sorted by confidence and accuracy. In ER-
High the memory consists of the samples classified correctly with high certainty.
ER-Low is focusing on high-confidence but incorrectly classified samples. Finally,
ER-New includes only samples never seen by the model before. New strategies
are used to investigate how different types of memory buffer influence the
retention of existing knowledge and the acquisition of new information.

6.3 Results

According to our results in Table 6.1, the ER modifications behave as predicted in
terms of a small isolated influence of the novelty of the stored in the memory
samples on the internal knowledge of the model. The metrics are consistent
across both datasets and all memory sizes, except for the ER-High Average
Accuracy. The possible reason is the difference in the data complexity of the
MNIST and CIFAR-10 datasets. For a harder task, it appears to be more beneficial
to preserve simpler-to-learn samples, as they are more difficult to forget. That is
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Table 6.1: The Average Accuracy, Knowledge Retention and Average Forgetting

across all five tasks of the MNIST and CIFAR-10.

MNIST
Method | Memory | As(%)t | KRl | F5(%){
ER 200 7878 £2.49 | 225+ 127 | 25.59 +3.09
500 8737 +159 | 3.14+1.21 | 1454+18
1000 9143+0.61 | 3.8+£099 | 9.35+0.84
2000 93.54+1.31 | 3.36+0.83 | 6.46+1.71
ER - high 200 7128 £3.89 | 2.82+0.72 | 3491 £5.01
500 756.82+381 | 345+£1.0 |29.27+4.76
1000 78.83+0.79 | 3.52+043 | 25.45+0.92
2000 81.51+222 | 443+0.83 | 21.64 £3.07
ER - low 200 69.18 £3.33 | 0.85+1.03 | 37.47 +4.13
500 81.53+247 | 3.62+0.56 | 21.94 £3.16
1000 87.83+241 | 2.72+0.84 | 13.86 + 3.06
2000 92.15+0.93 | 3.63+0.34 | 8.08+1.03
ER - new 200 7911+197 | 238+0.22 | 25.1+251
500 86.04 +197 | 2.73+£0.5 | 16.02 +2.89
1000 89.89 +1.81 | 3.78+0.73 | 10.89 +2.04
2000 92.73+0.99 | 3.97+0.76 | 7.06 +1.43
GDumb 200 81.94 +1.45| 6.65+0.92 | 9.06 +1.65
500 88.14 £ 0.65 | 6.35+0.59 | 5.87 +£0.49
1000 91.19 £ 0.33 | 5.53 +0.62 4.7 + 0.59
2000 93.54 +0.33 | 547 +0.52 | 3.22+0.45
CIFAR-10
ER 200 2623 +£1.93 | 3.89+£258 | 53.16+3.1
500 3317+23 | 516+2.72 | 42.32+4.43
1000 40.44 +4.37 | 574 +3.17 | 30.73 £4.96
2000 44.67 +2.6 | 497 £3.41 | 23.07 + 4.67
ER - high 200 27.58 £1.96 | 3.84 £2.26 | 51.34 +4.45
500 35.1+£3.57 | 543+2.04 | 369+5.39
1000 40.79 £4.01 | 554 +2.72 | 26.61 £ 6.37
2000 45.01 +£3.17 | 5.68 +2.84 | 19.35 + 8.01
ER - low 200 21.78+1.81 | 3.18 £2.56 | 60.34 +4.88
500 3114 +5.01 | 5.0+£3.07 | 45.14+6.81
1000 3729317 | 54+259 |35.01+423
2000 43.15+£3.49 | 561 £2.29 | 24.88 +£4.68
ER - new 200 27.27 £3.27 | 5.07 £2.68 | 55.23 £5.89
500 33.81+0.47 | 4.88+1.88 | 39.47 £4.92
1000 389+3.12 | 4.22+274 | 30.16 £2.18
2000 42.08+2.16 | 8.0+£0.86 |21.52+4.25
GDumb 200 2628 +0.99 | 7.56 +2.42 | 25.26 +1.54
500 31.02+0.94 | 10.44 £ 2.11 | 25.54 +1.45
1000 3741 +0.75 | 11.49 £ 2.23 | 23.09 £ 1.85
2000 43.01 +£1.29 | 13.26 £2.12 | 22.59 £ 0.95
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Figure 6.1: Boxplot illustrating the statistical dispersion of the Knowledge Reten-
tion for MNIST dataset across ER and GDumb methods with memory sizes 200,
500, 1000 and 2000.

confirmed by the Forgetting metric, which shows the lowest values for ER-High
in all CIFAR-10 results except for the GDumb.

But the main result is clearly anomalous KR values for all GDumb experiments
(Figures 6.1 and 6.2), which expose the problem of knowledge retention from
previous tasks.

6.4 Limitations

Knowledge Retention metric is effective for its intended purpose of evaluating
the balance of the model between retaining prior knowledge and adapting to new
tasks. However, it requires training a classifier head for an additional model. The
cost of training is substantially reduced by exposing the same training batches to
both models, eliminating the need for separate data processing.

The next issue is the interpretation of the metric, which is possible only by
comparison with the baseline. Relying on the memory is not harmful and rather
expected behavior of a memory-based methods, but only if it is not preventing
turther learning and generalization. Experience Replay is a perfectly balanced
example that shows good results in this role, but GDumb may also serve as a
point of reference.

6.5 Conclusion

Knowledge Retention provides a direct measure of how well a continual learning
model preserves internal representations while acquiring new tasks. Experi-
ments show that ER maintains low KR values, indicating stable feature extraction,
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Figure 6.2: Boxplot illustrating the statistical dispersion of the Knowledge Reten-
tion for CIFAR-10 dataset across ER and GDumb methods with memory sizes 200,
500, 1000 and 2000.

whereas GDumb consistently yields high KR, confirming its reliance on memory
retraining rather than true retention. Variants of ER reveal how buffer composi-
tion influences forgetting without compromising generalization. Although KR
requires an auxiliary frozen model and baseline comparison, it isolates the effect
of stored samples and exposes hidden weaknesses in memory-based methods.
This makes KR a practical metric for evaluating knowledge preservation across
diverse continual learning approaches.
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Chapter 7

Conclusions and Future Work

In this dissertation I explored continual learning through the lens of replay—how
memories are constructed, how they guide optimization, and how their impact
can be measured. My goal was to move beyond buffer size as the dominant
concern and to show that replay is a sequence of interlocking design choices about
what to remember and how to use it.

I contributed three algorithms along a spectrum from explicit to implicit
memory. Deep Features Buffer (DFB) improves explicit replay by keeping
examples that are diverse in the model’s feature space, improving accuracy
and reducing forgetting without larger buffers. HebbCL removes the buffer
altogether, storing knowledge directly in sparse, frozen weights updated by local
Hebbian rules. Continual Visual Mapping (CVM) goes a step further, training
a compact visual encoder to align with fixed semantic embeddings from a frozen
language model, achieving state-of-the-art results on CIFAR-100, Tiny-ImageNet,
and CORe50 without replay or parameter growth. Together these methods trace
a path from carefully managed buffers to purely representational strategies.

I also showed that low-level training details strongly affect performance.
A simple implementation choice—merging versus separating replay samples
from the current batch—changed accuracy enough to reverse the ranking of
established heuristics. At the sampling level, I introduced Random Batch
Sampling, which scores entire candidate batches by Batch Cosine Distance and
consistently outperforms strong single-example heuristics like MIR, especially
when memory is tight.

From these studies I draw three main lessons. First, replay effectiveness
depends more on representation geometry and optimization dynamics than on
raw buffer size. Second, diversity at both the sample and batch levels is critical
for stable long-term learning. Third, metrics matter: I proposed the Knowledge
Retention measure to separate genuine representational stability from simple
relearning, giving a clearer view of long-term memory.

This work has limits. I focused on supervised class-incremental learning with
CNN-based models. HebbCL has so far been tested only on shallow networks,
and CVM depends on static language-model embeddings whose behavior in
other modalities is untested. I did not address generative replay, parameter-
isolation methods, or large transformer architectures.
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Looking ahead, several promising directions emerge. Scaling HebbCL to
deeper networks and higher-resolution data while keeping its interpretability
would test its robustness. Extending CVM to multimodal continual learning and
exploring adaptive or evolving semantic anchors could broaden its applicability.
Developing adaptive replay protocols that choose between merged and separated
updates based on gradient statistics may further reduce forgetting. Combining
representation-aware memory construction with batch-level selection could yield
unified replay strategies. Finally, testing these ideas in self-supervised, reinforce-
ment, and highly non-stationary settings would provide stronger evidence of
generality.

Replay remains the most practical tool for mitigating catastrophic forgetting,
but my results show that its power lies in how memory, representation, and opti-
mization interact. By treating these as connected design choices and by exploring
both explicit and implicit memory, I provide algorithms and methodological
guidance for building continual learners that are more robust, interpretable, and
scalable.
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Appendix A

Estimating the Upper Bound of
Replay Sampling Performance in
Continual Learning

We revisit the assumption that uniform replay is the default optimal strategy
by introducing a controlled framework that isolates only the effect of sampling.
Within this setup, we evaluate multiple randomly drawn non-uniform distribu-
tions using a fixed replay buffer. Some of these distributions outperform uniform
replay, though only when identified post hoc and without forming a usable
policy. This controlled comparison therefore provides an empirical upper bound
on the gains achievable through non-uniform sampling, showing that uniform
replay does not sit at the observed performance frontier. The results indicate
clear headroom for improvement and motivate the design of adaptive or learned
replay strategies, rather than a claim of superiority for any particular random
distribution.

A.1 Experiments

Training Setup. All models are trained using the Adam optimizer, with a
learning rate of 0.001 for the CNN and 0.0003 for MobileNet. The minibatch
sizes for both the online stream and replay are set to 32. The memory buffer size
is varied across experiments: 200,500,1000,2000. Each experiment is repeated
20 times for CIFAR-10 (seeds 0-19) and 5 times for Imagenette (seeds 0-4), using
different random seeds for each run. Imagenette is a subset of 10 easily classified
classes from ImageNet [33].

To ensure a consistent buffer across sampling conditions, we use class-
balanced reservoir sampling and fix the buffer update process by using a ded-
icated seed per trial. This guarantees that the memory contents and their evo-
lution are identical across all 51 trials (50 non-uniform, 1 uniform). For each
non-uniform trial, we generate a sampling probability vector w; by drawing
weights independently from a uniform distribution over [0,1) and then normal-
izing to form a probability distribution: p; = w;/ Z]- w;. In the uniform baseline,
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each memory element is sampled with equal probability: p; = 1/|M]|. The
number of non-uniform sampling distributions (50) was chosen as a practical
compromise between statistical power and computational cost.

Hyperparameter Tuning. All hyperparameters were tuned only for the uniform
replay baseline. Learning rates were searched logarithmically between 0.1 and
0.00001. For DER++, the distillation coefficient « and the supervised loss coet-
ficient B were tuned over 0.1,0.3,0.5,0.7,1.0. For GSS-Greedy, we searched the
memory strength hyperparameter in the range of 2 to 32.

We use the Avalanche [11] implementation of the training data processing,
memory buffer management, experience replay, and specific replay strategies
such as MIR, GSS, and DER++ methods.

A.2 Results

We evaluate performance on CIFAR-10 and Imagenette under three sampling
strategies (uniform, MIR and non-uniform), and report final test accuracy over
multiple seeds. For CIFAR-10, each result reflects the mean and standard
deviation over 20 seeds, for Imagenette over 5 seeds.

Tables A.1 to A.3 show the results. For each method, we report the best-
performing non-uniform sampling distribution selected post hoc from 50 random
candidates. This approach allows us to estimate the potential upper bound of
performance gain when exploring the space of sampling strategies. Statistical
controls are discussed in Statistical Significance section.

Table A.1: Final average accuracy (%) on CIFAR-10 using the ER and GSS methods,
comparing uniform sampling vs. the best non-uniform random distribution out
of 50 tested. Each entry shows the mean and standard deviation over 20 random
seeds.

ER GSS
Size Uniform MIR Non-uniform Uniform Non-uniform
200 40414220 39924239 4212+151 37.03+2.08 39.9541.09
500 4335+200 43.784+1.80 4639+1.85 4045+1.72 4414+1.14
1000 44854247 4442 +290 47.76+123 41904164 43.604+0.76
2000 44.26 +3.63 45.02+3.18 4884+1.75 4215+255 42.80+0.52

Across all memory sizes, selecting the best-performing non-uniform distri-
bution after training provides a clear empirical upper bound on what replay
sampling can achieve with a fixed buffer. For example, on CIFAR-10 with buffer
size 200, uniform replay and MIR yield 40.41% =+ 2.20% and 39.92% =+ 2.39%,
while the strongest post-hoc non-uniform distribution reaches 42.12% =+ 1.51%.
Similar gaps appear at every buffer size and across both datasets, indicating that
uniform replay does not lie on the observed performance frontier.
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Table A.2: Final average accuracy (%) on CIFAR-10 using the DER++ method,
comparing uniform sampling vs. the best non-uniform random distribution out
of 50 tested. Each entry shows the mean and standard deviation over 20 random
seeds.

DER++
Size Uniform Non-uniform
200 42414223 439542.17
500 43.89 +3.18 48.32+1.92
1000 46.024+254 49.73+2.11
2000 46.404+2.67 49.89 +1.57

Table A.3: Final average accuracy (%) on Imagenette, comparing uniform sam-
pling vs. the best non-uniform random distribution out of 50 tested. Each entry

shows the mean and standard deviation over 5 random seeds.

ER
Size Uniform MIR Non-uniform
200 64.07+£459 61.134+2.84 69.0843.47
500 70.794+295 6827+4+249 7743+2.12
1000 76294225 73.08+£235 80.32+1.46
2000 80.01 +£2.27 77404359 81.324+1.07

The same pattern holds for GSS, where absolute accuracy is lower than ER
but the best non-uniform distribution still provides consistent gains. At buffer
size 200, accuracy rises from 37.03% 4= 2.08% to 39.95% =+ 1.09%, showing that
even gradient-based selection leaves measurable headroom.

DER++ shows the largest margin. With buffer size 500, the top non-uniform
trial improves accuracy from 43.89% =+ 3.18% to 48.32% =+ 1.92%, illustrating the
potential benefit of more selective sampling when distillation is used.

Imagenette results (Table A.3) mirror these findings. At buffer size 500, the
best non-uniform distribution reaches 77.43% =+ 2.12%, compared to 70.79% =+
2.95% for uniform and 68.27% == 2.49% for MIR.

Although MIR is designed to reduce interference, it consistently underper-
forms both the uniform baseline and the empirical upper bound from random
non-uniform trials. One possible reason is that we are merging the current task
and the memory minibatches, then performing one optimization step on them.
This is not the default setting for MIR, which was developed for a two-step setting.

These results should be interpreted as evidence of achievable performance
upper bound, not as identification of a deployable non-uniform policy.
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A.3 Statistical Significance
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Figure A.1: (Left) Distribution of final test accuracies (%) across 20 independent
seeds using uniform sampling (blue) and a large pool of 1000 non-uniform sam-
pling trials (orange, 50 strategies x 20 seeds). Both histogram and KDE estimates
are shown for clarity. The distribution for non-uniform sampling is shifted
toward higher accuracies, indicating consistently better performance. (Right)
Rank—performance plot of the 50 distinct non-uniform sampling strategies, av-
eraged across all seeds. Strategies are sorted in descending order of mean final
accuracy. The red dashed line denotes the mean accuracy of uniform sampling.

Multiple Comparisons Correction: To test whether the observed perfor-
mance differences are statistically meaningful, we compared each of the 50
non-uniform strategies to uniform sampling using paired t-tests across 20 seeds
(CIFAR-10 with memory size 1000). Since selecting the best-performing strat-
egy post hoc introduces a risk of false positives, we applied Bonferroni and
Holm-Bonferroni corrections. For the top-performing strategy, the uncorrected
p-value was 0.0869. After correction, Bonferroni yielded a p-value of 1.0, and
Holm-Bonferroni yielded 0.9252, indicating that no individual strategy achieves
statistical significance under standard thresholds when accounting for multiple
comparisons.

Permutation Test: To assess overall effect direction without assuming nor-
mality, we conducted a paired, one-sided permutation test. For each seed, we
computed the accuracy difference between the best-performing non-uniform
strategy (selected post hoc) and the uniform baseline. The average difference
was 4.58%. To build a null distribution, we randomly flipped the sign of each
paired difference across 10,000 permutations. None of the permutations yielded
a mean difference greater than or equal to the observed one, resulting in a p-value
< 0.0001. This result provides robust, non-parametric evidence that non-uniform
sampling can systematically outperform uniform sampling, even if no individual
fixed strategy is statistically dominant.
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Figure A.1 displays the performance distribution comparison where overlaid
histograms and corresponding kernel density estimates illustrate a shift towards
higher accuracies for the aggregated non-uniform strategies compared to uniform
sampling. The rank—performance plot shows the sorted average performance
of the 50 non-uniform strategies along with a horizontal line representing the
uniform mean, which is consistently outperformed by the majority of non-
uniform strategies.

Although no individual non-uniform distribution remains significant after
correcting for multiple comparisons, the permutation test validates the estimated
upper bound. The best-performing random distribution shows a mean accuracy
gain of 4.58%, and this improvement is highly unlikely to arise by chance
(p<0.001). Together, these findings confirm that the observed gap represents
a genuine performance ceiling rather than a statistical artifact. Thus, while
no specific random strategy can be declared inherently superior, the analysis
provides robust evidence that the space of possible sampling rules contains
distributions capable of exceeding the uniform baseline.

A.4 Conclusion

This study establishes an empirical upper bound on the benefit of alternative
replay sampling when the memory buffer is held fixed. By evaluating randomly
drawn non-uniform distributions, we showed that several exceed the perfor-
mance of uniform replay, even though none is a deployable policy. Permutation
testing confirms that these gains are unlikely to be due to chance, demonstrat-
ing that the observed gap reflects a true performance ceiling rather than noise.
Because this ceiling is reached without any adaptive mechanism, it highlights
untapped potential in the choice of replay sampling. These findings shift the
discussion from proving the superiority of a particular heuristic to quantifying
the room for improvement that principled or learned strategies might exploit.
Future work can build on this framework to design adaptive or meta-learned
policies that systematically approach or surpass the upper bound identified here.
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